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Abstract
The strong emphasis on ensuring a secure water supply for the population of Australia
has been brought to light by the increasing frequency, severity and duration of drought
events throughout the nation. This has forced State and Local government to implement
alternative water supply strategies. These measures include water restrictions,
campaigns to lower water consumption, and construction of new infrastructure
including pipelines, improvements to stormwater and wastewater management, and
desalination plants. In the urban water planning and management industry, these
initiatives are relied upon to provide alternative potable supply types and reduce average
daily water demand. However, understanding the actual potable water savings attributed
to water demand management and source substitution initiatives requires the application
of end use water consumption monitoring due to the need to establish the point of
source savings related to these measures.

Significant residential end use water consumption studies have been carried out
worldwide (e.g. Perth and Melbourne in Australia, United States of America, United
Kingdom), whose investigations have ascertained the unique consumption behaviours
of residents in the monitored location and presented some examples of measuring water
savings attributed to water efficient devices. The variation in end use consumption
between the studies and the useful application of results from these investigations has
prompted the encouragement of further research in this field. However, all these studies
were only made possible through a resource intensive water flow disaggregation process
employing many hundreds of hours of labour work in combination with a stock survey
and a water use behaviour audit for each participating household. This time-consuming
conventional method has impeded the widespread use of smart metering for water end
use studies and enhanced urban water management. In response to this issue, this
research focused on building an intelligent application which is able to autonomously
categorise collected flow data from a smart water meter into appropriate end use
categories. Such an advanced system will provide a powerful tool to support an
integrated water conservation management system in order to sustain long term water
savings through autonomously monitoring water consumption at an end use level across
large samples.
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A rigorous research method was adopted to achieve the above mentioned research
objectives and included the following three core stages: experiment analysis, review and
testing of numerous statistical and pattern recognition techniques, and software
development. This study employs the extensive South-east Queensland (SEQ)
Residential Water End Use Study dataset to underpin the development of the intelligent
and autonomous water end use recognition system.

Due to the array of objectives, methods, data types and results, this thesis has been
structured around significant refereed journal and conference publications produced
during the course of the PhD study. This allowed for unique elements and objectives to
be explored and presented through peer reviewed papers in high quality journals. Two
themes emerged from the research being: (1) development of intelligent algorithms to
classify the collected flow rate data from SEQ regions into appropriate end use
categories; and (2) integration of all existing analysis modules into a complete
application that is adaptable to function in different cities, regions and countries. The
first theme covered: exploration of each end use category’s distinct patterns;
development of a prototype selection technique; and development of single and
combined event analysis techniques. In the second theme, the major tasks included the
development of a self-learning function which allows the proposed system to perform
effectively in different regions, and the development of a prototype software application
for autonomous residential water end use classification.

The application of several sophisticated mathematical techniques have been attempted
in order to tackle this complex problem. The initial application of Artificial Neural
Network was found to be ineffective due to a limited number of input parameters,
namely, duration, volume and flow rate. Further investigation into the existing database
has revealed that many end use categories, especially machine-dependent ones such as
clothes washer, dishwasher and toilet have similar or repeated patterns, which motivated
the selection of the Hidden Markov Model (HMM) and Dynamic Time Warping (DTW)
algorithm. In this study, DTW was used as a subordinate technique to help improve the
overall system efficiency, which was mainly governed by the HMM classifier
performance.

The first research achievement was the development of a prototype selection technique
using DTW to identify events with identical or similar patterns. In this study, this
ii

technique was applied to assist in finding dishwasher and clothes washer events missed
by the HMM, and grouping similar unclassified events together to prepare for further
analysis in the self-learning module. Presented as a refereed conference paper, the
prototype selection algorithm has shown its efficiency in comparison with other
methods.

However, the main challenge was the classification of single and combined events. This
dissertation presents two break-through methods for these problems through the
employment of different pattern recognition techniques. For the issue of single event
classification, a hybrid algorithm combining HMM, DTW and an event time-of-day
probability function was formulated. Verification using three independent homes
showed that this hybrid algorithm achieved an average single event recognition
accuracy of 84.1%. For the issue of the combined event analysis problem, which is
considered as one of the most complicated issues in pattern recognition literature, an
approach employing HMM, Gradient Vector Filtering and various physical
characteristics reflecting water user’s behaviours, was required to achieve the desired
outcome. With an achieved accuracy of 88% of correctly classified events when tested
on 50 combined events of different complexity levels, the proposed technique has made
another great contribution to the field of pattern recognition research and
hydroinformatics.

The study continued with the development of a self-learning function, which allows the
system to interpret untrained samples collected from other regions accurately, and the
newly classified samples would then be incorporated into the existing resource to
improve the model performance. The design of this analysis module has been enabled
thanks to the application of HMM, DTW, frequency analysis technique, threshold
values and different physical features, which made the proposed system outstanding
compared to other water end use analysis applications. Once this self-learning function
had been accomplished, the study was concluded with the integration of all analysis
modules into a complete intelligent system for residential water end use classification.
The final verification on 3 independent homes in Melbourne has resulted in an
impressive accuracy of 85.7%, which again confirmed the efficiency of this prototype
application. As a final note, the author is working to further develop this intelligent and
autonomous residential water end use classification system.
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Chapter 1
Introduction
This thesis explores new approaches for disaggregating the end-uses of residential water
consumption and develops an intelligent and autonomous model to categorise water
consumption into appropriate end-use categories for single detached households. The
model was developed using a prior collected extensive water end-use dataset established
in the South-east Queensland (SEQ) region of Australia, which includes the
interconnected cities of Brisbane, Gold Coast, Ipswich and Sunshine Coast. The region
is considered as one of the most rapid developing areas in Australia. The final
developed and tested model can accurately recognise single and combined water end
use events and has embedded adaptive functionality to handle untrained source data
from other regions (i.e. Melbourne). This chapter provides an introduction to the
research through a brief description of the research background, the objectives of the
study, the scope of the research and an overview of the research method and design. The
chapter concludes by providing details on the layout and structure of the thesis. The
introductory background information pertinent to the research is described in the
following section.

1.1

Research background

Water, like energy, is neither created nor destroyed; it is simply converted from one
form to another (Bouwer, 2000). Of the Earth’s water, 97% is stored as salt water in the
oceans; only 1% of the world’s global water occurs as liquid freshwater with the other
two-thirds captured as snow and ice (Bouwer, 2003). Of this available 1% liquid
freshwater, 2% is accessible in lakes and streams with the remaining 98% being stored
as ground water. Liquid freshwater is thus an extremely finite and limited resource
which needs to be managed appropriately (Bouwer, 2000). Securing a reliable supply of
fresh water for the world’s ever increasing population is one of the biggest challenges
facing society today. The United Nations (UN) estimates that by 2025, two-thirds of the
world’s population will face water shortages (Barlow, 2009; UN, 2009).
The Intergovernmental Panel on Climate Change (IPCC) stated that ‘observational
records and climate projections provide abundant evidence that freshwater resources are
1
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vulnerable and have the potential to be strongly impacted by climate change, with wideranging consequences for human societies and ecosystems’ (Bates et al., 2008). The
Water Services Association of Australia (WSAA, 2009a) states that relying on rainfall
is a high risk strategy in an era of climate change; Australia’s frequent water scarcity
occurrences have prompted residents to see climate change as a ‘here and now’ issue
rather than one of the future (WSAA, 2009a). With such limited worldwide liquid
freshwater, increasing urban water sourced pollution and a growing population is
steadily increasing demand on finite water sources. Consequently, sustainable integrated
water planning and management has become essential to ensure the secure supply of
freshwater for the world’s future inhabitants.

Currently, many demand management schemes have been undertaken in several
Australian cities, including the incorporation of water efficiency measures into new and
refurbished facilities through best practice in water efficient design; the management of
water infrastructure in such a way as to maximise efficiency; or the pursuit of alternate
water sources to supplement potable water use (Britton et al., 2009). Additionally,
predictions and estimations of future demand and potential savings through the
introduction of demand management strategies or source substitution are common
place. Demand management strategies include water restrictions, rebate programs for
water efficient devices, water efficiency labelling, water conservation or education
programs, and pressure and leakage management. One of the critical findings from these
practices was the existence of ineffective management activities which resulted directly
from inadequate metering processes over the decades. Therefore, an innovative water
consumption knowledge management system was seen as an urgent requirement to
enhance the management of the current water resource challenge faced by scores of
countries. This demand seeks the establishment of a management system that integrates
smart metering, end-use water consumption data, wireless communication networks and
information management systems. Such a management system provides, for both the
consumer and water utility, real-time information on how, when and where water is
consumed (Stewart et al., 2010). Such an advanced system would provide a powerful
tool to support an integrated water conservation management system and, thus, ensure
sustained long-term water savings through actively monitoring water consumption and
providing real-time information.

2
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Further, the management system would be able to produce a wide range of reports
which can be accessed on-line by a broad range of users (e.g. consumers, water utilities,
government organisations, etc.) (Stewart et al., 2010). Moreover, cumulative water
billing can be updated daily or even hourly and on-line alarms could be generated to
indicate potential causes for excessive water use (e.g. internal leaks). This facility will
help consumers to take corresponding water saving actions. With its many significant
applications, the call for the development of an advanced smart metering system is
urgent. However, before such an information system can be realised, improved
approaches related to the disaggregation of high resolution water consumption data into
end-use events is required. Therefore, the key goal of the current study was to develop
intelligent pattern matching algorithms, which would be able to autonomously
categorise collected water flow trace data points received from wireless data loggers
into particular water end-use event categories (shower, dishwasher, clothes washer,
etc.).

1.2

Research objectives and scope

The study was conducted to provide knowledge to address the above mentioned
research goals. The primary objectives of this PhD project include but are not limited to:


Deeply understand the various characteristics of collected residential water
consumption data (i.e. distinct patterns of each water end-use category);



Identify the strengths and weaknesses of the existing approaches for residential
water end-use disaggregation;



Develop new analytical approaches adapting a hybrid combination of existing
advanced techniques (e.g. Hidden Markov Model (HMM), Dynamic Time
Warping algorithm (DTW), etc.) in order to achieve the goal of autonomously,
efficiently and accurately recognising unique water end-use events from water
consumption data received by smart meters;



Develop a self-learning function that enables the proposed model to effectively
operate in different cities and regions of Australia or even other countries;



Develop a prototype water end-use disaggregation software application; and



Validate the efficiency of the developed model.

3
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The research was conducted within the confines of the following scope:


The study was limited to having water end-use data available for the context of
the SEQ region of Australia;



The research was restricted to the end-use analysis of the residential sector only
(i.e. does not include the commercial or industrial sector); and



The research focused on household water consumption in only single detached
residences (i.e. no multi-unit developments, cluster housing or attached housing,
etc.).

1.3

Research method overview

There were four main phases to the research method, which included a knowledge
acquisition phase, data sampling and processing phase, a single and combined event
analysis phase and the complete development of water end-use analysis system phase.
Each of these phases included numerous research stages that contained unique methods
and design. Each key phase and associated stages of the research method are presented
in Figure 1-1. Further details on the overarching method for the research is also
presented in Chapter 3, while additional details on specific research methods are
discussed in relevant chapters, which represent reformatted peer reviewed journal
papers. A summary description for the key research phases are presented below.

1.3.1 Phase 1: Knowledge acquisition
All published literature addressing all the topics relevant to the water end-use study,
smart water metering, the water flow trace analysis system and various pattern
recognition techniques was critically reviewed to develop the required background
knowledge and to formulate research objectives. The result was the development of a
three phased investigation to evaluate the primary topics, namely; collecting end-use
data through stock survey, and water use behaviour audit. Thus, two analysis modules
were developed to perform single and combined event classification, while these two
modules were combined into one integrated application which is able to self-learn and
update the existing database with new patterns when the model operates in different
regions to continuously improve its efficiency.
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PHASE

STAGE

OUTPUT

Phase 1: Knowledge acquisition

Stage 1a: Literature review

Chapter 1: Introduction

Stage 1b: Set research objective

Chapter 2: Literature review

Stage 1c: Research method

Chapter 3: Research method

Phase 2: Data sampling and processing
Stage 2a: Data sampling

Stage 2b: Data processing

Chapter 4: Data collection and
analysis

Stage 2c: Supportive techniques
development

Phase 3: Single and combined event
analysis
Stage 3a: Development of single
event analysis algorithm

Stage 3b: Development of
combined event analysis algorithm

Chapter 5: Development of an
intelligent model to categorise
residential water end-use: I. Single
event
Pub
Chapter 6: Development of an
intelligent model to categorise
residential water end-use: II.
Combined event
Pub

Chapter 7: Development of an
autonomous water end-use analysis
system for residential sector.

Phase 4: Autonomous flow trace
analysis system development

Sub

Stage 4a: Self-learning function
development
Stage 4b: Combine all previous
modules into one unique system

Chapter 8: Conclusion,
contributions and implications

*Pub: Published journal paper - Sub: Submitted journal paper

Figure 1-1 Research methods overview
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1.3.2 Phase 2: Data sampling and processing
To facilitate the current study, a detailed water appliance/fixture stock inventory audit
was conducted for each of the 252 households to determine the efficiency rating of each
household fixture/appliance, household general water use behaviours (e.g. bath children
at night), and household descriptive statistics (e.g. family make-up). The households
were also requested to complete a diary of water use events over a one week period to
gain even further knowledge on their water use habits. At the same time, high resolution
water meters (0.014 litres per pulse) and data loggers were also used to record water
volume data versus time (i.e. 5 or 10 seconds) for each household usually over a
representative 2-week period. Collected information from the user diary and the data
logger were then analysed and classified into different end-use categories to serve as a
database for the development of the autonomous water flow trace analysis system.

1.3.3 Phase 3: Single and combined event analysis
The key goals of Phase 3 were to develop algorithms for the classification of single
events (e.g. shower event occurring alone) and combined events (i.e. shower and tap
occurring concurrently) from the recorded flow trace. For this phase, existing pattern
recognition tools such as HMM and DTW in conjunction with newly developed
techniques in prototype selection were adapted and combined to provide a breakthrough
solution for the above mentioned problems. Verification of each recommended
technique was performed using independent data. Phase 3 was the core component of
this study, with the single and combined event model and their verification presented in
two high quality journal papers (i.e. Nguyen et al., 2013a; 2013b).

1.3.4 Phase 4: Autonomous flow trace analysis system development
Phase 4 involved the development of a self-learning function which was able to take
advantage of resource collected in SEQ in order to perform a further analysis for
residential households in different regions. The newly classified patterns from these
areas were then extracted and used to update the existing database to improve the model
efficiency. At the end of this phase, a complete autonomous water end-use analysis
application was developed and verified for three independent homes in Melbourne to
confirm its effectiveness in flow trace disaggregation.
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1.4

Thesis layout

This research is presented through a contemporary thesis layout that includes both
traditional thesis chapters and reformatted peer reviewed publication chapters. The key
benefit of publishing research outputs in high quality journals and including them in the
thesis was that the PhD study has the advantage of international expert review of the
main body chapters, thereby ensuring their quality. This layout has resulted in a
strengthened ‘thesis by publication’ approach due to the distinctive academic and
practical elements of the thesis. The ‘thesis by publication’ layout differs from a
traditional thesis by the inclusion of published peer reviewed papers in place of
traditional data analysis, results and discussion chapters. However, traditional
introductory chapters are included in order to outline the research approach, methods
and context of the study. Such chapters include the herein described introduction,
literature review, research method, and data collection and analysis. Published, accepted
or submitted peer reviewed journal and conference publications make up the remainder
of the chapters. The chapters that contain the reformatted peer reviewed papers each
include a literature review, methodology, results and discussion specific to the stated
research objectives and topic of that particular paper. The final chapter summarises the
overall research conclusions, recommendations, contributions, implications, limitations
and future research directions. Thus, the readers should note that the literature review,
research method and design, and data collection and analysis chapters all present
overarching details of the entire research project. However, each result chapter,
represented by the peer reviewed journal and conference manuscripts, also includes
background information, a targeted literature review, and detailed descriptions of the
applied methodologies and data analysis techniques.

There are two distinct components of peer reviewed publications within this thesis
being:
(i) The establishment of a supportive technique for prototype selection to improve
the single event analysis accuracy (i.e. one conference paper)
(ii) The employment of HMM, DTW, gradient vector filtering and the above
mentioned supportive technique to develop single and combined event
classification modules and self-learning functionality for the system (i.e. three
journal papers).
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In its entirety, the thesis consists of eight chapters. This chapter (Chapter 1) introduces
the research through a discussion on the research motivation and background, a
summarised overview of the research method and the ‘thesis by publications’ layout.
More importantly, the chapter presents the study’s broad research objectives, which
were developed from the knowledge acquired through the literature review and the
established research gaps. Further, the research objectives directed the design of the
research method and underpinned the investigations for the acquisition of results to
meet the objectives.

Chapter 2 provides a detailed discussion and review of all literature relevant to water
end-use study, smart water metering, water flow trace analysis system and various
pattern recognition techniques. Moreover, the chapter explores earlier research covering
fields of water flow trace analysis, which are also known as water micro-component
studies. The chapter concludes through a research persuasion, which summarises the
reviewed literature and presents the key gaps that currently exist in the body of
knowledge. Additional critical reviews of the literature are detailed within Chapters 5
through to 7.

Chapter 3 details the research method, which stipulates the key theories relevant to the
research approach and discusses the analytical techniques adopted in this study.
Initially, this chapter presents the overarching methodological approach utilised to carry
out the research and then proceeds to detail each particular phase and stage of the
method. Additional discussions on key analytical techniques and methods specific to
various papers within the thesis are presented in Chapters 5 through to 7. Chapter 3 is
focused on presenting the core research method and design.

Data collection and analysis are detailed in Chapter 4, which describes the process of
collecting data through performing a complete water end-use study in different SEQ
regions. Furthermore, the chapter provides a detailed discussion on distinct patterns for
each water end-use category, which is followed by a suggested data segmentation task
to extract raw flow-based data from each individual water event from the collected
database. The chapter concludes with a published paper on the prototype selection; it
describes a process of selecting a desired number of distinct samples from a data set to
be used for system training presented in the next chapters.
8
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Chapter 5, the second peer reviewed published paper, presents a detailed application of
HMM and DTW on recognising all single events. To increase the recognition accuracy,
other physical parameters, such as time-of-day probability function, are also
incorporated and explained. A verification process on three independent homes was
conducted to indicate the effectiveness of the suggested algorithm. The chapter
concludes with discussion and recommendations for the improvement of the overall
classification accuracy.

Chapter 6 explores a breakthrough solution for the disaggregation of a combined event
into different single events. Initially, the chapter details a suggested process to dissect
an original combined event into smaller sections by employing a modified version of
the Gradient Vector Filtering technique. A discussion on the additional physical
parameters to help improve the disaggregation accuracy is also performed. The chapter
continues with an application of the HMM method to classify the extracted samples
achieved from the previous step. A verification process on a large number of
independent combined events of different complexity levels is then performed to
confirm the efficiency of the suggested method.

Chapter 7 focuses mainly on the development of a self-learning function, which allows
the system to perform an effective analysis process, in different regions using the
limited available resource, and continuously update the existing resource with newly
classified samples to boost the model performance. The chapter concludes with the
integration of all analysis modules into a prototype software application for autonomous
residential water end-use classification, whose efficiency was also verified with three
independent homes in the Melbourne region.
Finally, Chapter 8 summarises the key research outcomes, disseminates the
contributions made by the research to the existing body of knowledge and presents the
implications of the results for the water management field. The chapter also presents
recommendations for the implementation within the water industry, as well as the need
for future research in this field to address all limitations identified in the current
research.

9

Chapter 2: Literature Review

Chapter 2
Literature review
This chapter presents the background information and a review of the literature
pertinent to the research. The topic is introduced through an overview of the water crisis
and urban water consumption with particular reference to the study region of the South
East Queensland. A description of the existing water metering process in Australia is
outlined, along with an introduction to the integrated advanced water management
system. Elements of this system, including smart metering, end-use water consumption
data, wireless communication network, and information management systems, are all
presented. The chapter continues with a detailed discussion of the end use study,
performed by the research team, to investigate water consumption in individual
household end uses (namely: shower, toilet, tap, irrigation, clothes washer, dish washer,
and leaks). Indeed, one of the main tasks in the overall study was to collect data for the
building of this integrated water management system. A thorough overview of earlier
research on water end use disaggregation, conducted worldwide, was undertaken to
determine prior research investigations into the methods for similar problems. The
chapter concludes by presenting numerous potential pattern recognition techniques to
tackle the existing challenge, the outlining of current gaps in the body of knowledge,
and the detailing of the current research approach. An overview of the literature
examined in this chapter is presented in Figure 2-1.

2.1

Water condition in Australia

As the world’s driest inhabited continent with the most unpredictable rainfall patterns,
conservation of the nation’s already finite water supply is considered as the top priority
in Australia (Birrell et al., 2005; Commonwealth of Australia, 2008b). The
Intergovernmental Panel on Climate Change (IPCC) stated that ‘observational records
and climate projections provide abundant evidence that freshwater resources are
vulnerable and have the potential to be strongly impacted by climate change, with wideranging consequences for human societies and ecosystems’ (Bates et al., 2008). Indeed,
there is mounting evidence that anthropogenic caused global climate change is
increasingly affecting weather patterns (Bates et al., 2008; CSIRO, 2010). This change
is predicted to result in the alteration of river runoff and water availability, and cause
10
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Integrated Urban Water
Management System
(IUWMS)

Literature review

IUWMS

Demand

Supply

Source substitution

Metering

Dams

Recycled water

Enforcement

Desalination

Rain water

Pricing

Review of existing
water metering
process

Grey water

PhD study main
focus
Review of existing
end-use studies
Smart water
meter

Intelligent algorithms
for flow trace
analysis

Review of existing
pattern matching
algorithms

Introduction to a web-based
knowledge management system

Figure 2-1 Overview of reviewed literature topics

increased precipitation variability and intensity (CSIRO, 2007). Such changes will
trigger more extreme drought and flood conditions, decrease water supply in glaciers
and snow cover, increase water pollution due to the extreme drought and flood
conditions, instigate sea level rise, and alter water quantity and quality (Pittock, 2006;
CSIRO, 2007; Solomon et al., 2007; Bates et al., 2008; Allison et al., 2009).
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Studies by the Australian Bureau of Meteorology suggest that since 1910, Queensland
has become increasingly hotter and drier (Commonwealth of Australia, 2010). These
changes have resulted in the management of water resources being a major concern for
water authorities, public and private industries, and all levels of government in Australia
(Inman and Jeffrey, 2006). Traditionally, the supply of water for cities and towns placed
a heavy reliance on dams, weirs or rivers, but changing weather patterns, increasing
urban demand, and detrimental impacts to freshwater sources from urban discharges
have triggered a need to move beyond such traditional source options (Barlow, 2009).
Hence, the approach is now focused on planning and adopting new ways to manage
water to meet short-term water supply deficiencies and to aid in the meeting of long
term water demand (Turner et al., 2005; Webb, 2007; Barlow, 2009). A collective
conclusion from recent investigations and reviews of urban water supply and demand
forecast is that Australia must invest in adequate planning now, to ensure a secure and
sustainable water supply for future generations.

2.2

Water Consumption in Urban Australia

Australians are some of the highest water consumers in the world despite the nation’s
well documented low average rainfall (CSIRO, 2006). Table 2-1 details Australia’s
national water consumption in 2004-05 being 18,767 gigalitres (GL), which was a drop
of 14% from the 2000/01 consumption levels. Although water consumption in Australia
is primarily dominated by agricultural use, the data presented in Table 2-1 demonstrate
that households and the supply of water for urban consumption accounts for 22% of
Australia’s total water consumption or 4191 GL annually.

Table 2-1 Water supply for urban consumption

Agriculture
Household
Water supply
Other industries
Manufacturing
Mining
Electricity and gas
Forestry and fishing
Total

2000-01
Volume (GL)
14,989
2,278
2,165
1,102
549
321
255
44
21,703

% of total
69.1
10.5
10
5.1
2.5
1.5
1.2
0.2
100
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2004-05
Volume (GL)
10,508
2,108
2,083
1,059
589
413
271
51
18,765

% of
total
56.0
11.2
11
5.6
3.1
2.2
1.4
0.3
100
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Urban household water supply accounts for 22% of the nation’s water consumption (see
Table 2-1); however, in individual urban cities and towns, residential households
consume between 60-70% of the total bulk water supplied (WSAA, 2009b). A study by
Birrell et al. (2005), which investigated the impact of demographic change and urban
consolidation on domestic water use in Australian cities, indicated that between the
years 2001 to 2031, water demand in major cities will increase by 37%. Moreover,
Australia’s population is estimated to rise from 22 million in 2009 to 34 million in
2050, a growth rate of 2.1%, with most of this growth experienced in urban cities
(Birrell et al., 2005). Such extensive residential growth and the increasing demand of
water has triggered a focus on understanding, predicting, forecasting, measuring, and
validating urban water consumption (Willis et al., 2010a).

2.3

Integrated Urban Water Resource Management (IUWRM)

Traditionally, urban water utilities made decisions based primarily on finance and
engineering; in the last decade, significant consideration has been placed on
incorporating sustainability principles into the process (Mitchell, 2006; WSAA, 2009c).
The IUWRM process involves the planning and integration of supply, demand and
source substitution options for the sustainable, secure and reliable supply of water to
meet projected future water demands of cities or towns (White, 2001; Inman and
Jeffrey, 2006; Mitchell, 2006). The combination of socio-behavioural and technological
strategies to promote water conservation is the focus (Corral-Verdugo et al., 2002).
Some of the benefits of IUWRM include (Butler and Maksimovic, 1999; White and
Turner, 2003; Mitchell, 2006):


Reduced potable demand, wastewater discharges and stormwater flows;



Lower peak flows and flood damage;



Enhanced water efficiency;



Improved stormwater quality (load and concentration); and



Incorporated green infrastructure, such as wetlands for wastewater treatment.

A framework for the planning and implementation of IUWRM is detailed in Figure 2-2.
These steps include the need to: calculate the demand-supply balance; determine
options for supply, demand and source substitution; implement these initiatives; and,
finally, monitor, evaluate and review the effectiveness of implemented measures.
Australian water entities have actively planned and incorporated IUWRM principles for
13
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long term water security; they have been recognised around the world as leaders,
especially in water efficiency and climate change adaptation (WSAA, 2009c).

Figure 2-2 Australian IUWRM framework (Turner and White, 2006)
14
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2.3.1 Supply sources
With a heavy reliance on dams as one of the main supply solutions for IUWRM,
Australians have observed more and more dams being constructed, as well as dam walls
being lifted (e.g. Hinze dam upgrade project – Stage 3, finished in 2012) to increase the
original capacities. However, this option still possesses potential and obvious
detrimental impacts to the surrounding wild-life environment, a typical example being
the Mary River Traveston Crossing Dam. The dam was rejected in 2009 under the
Australian Environmental Protection and Biodiversity Conservation (EPBC) Act 1999
due to the environmental threat and damage, specifically to endangered species like the
Mary River turtle and the Australian lungfish (ABC, 2009). Hence there is an increased
focus on other alternatives, such as desalination and water recycling.

Increased variability of rainfall has instigated a move towards desalination plants as a
preferred supply option, which is neither rainfall nor climate-dependent. Since 2006,
several desalination plants have been built across Australia, namely Queensland (2008),
Perth (2006) and Sydney (2010), to supply at least 15% of water needs in those cities.
However, this supply source of water still does not come without negatives.
Desalination is a highly energy intensive process; the resulting water requires mixing to
ensure the taste and salt content is suitable for consumers. Other issues include longterm potential environmental impacts from the temperature and salt content of the brine
solution (waste stream of water), its disposal in deep sea outlets, as well as the need for
ongoing maintenance and replacement of components as required.

The recycling of waste water is another alternative supply source solution. Currently,
Australia only recycles between 9 to 14% of all produced wastewater, which is a very
small percentage, especially when almost 50% of the water needs of irrigators and urban
water users could be supplied by recycled water (WSAA, 2009a). The Australian
legislation and standards specify that a minimum of 20% water reuse should occur by
2014 in individual states or territories (Shaw, 2009). Actions are underway to achieve
this goal with continued investment in recycling schemes, such as source substitution,
resulting in an increase in recycled water reuse of 118% between 2002 and 2009
(WSAA, 2009a).
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2.3.2 Demand management
Water demand management (WDM) is a key element of IUWRM, which assists in
delaying the need for new supply infrastructure (White, 2001; Anderson, 2003). It has
been a significant focus for Australia’s municipal and private water utilities, and a range
of programs which were developed to manage and reduce both residential and industrial
water consumption demands (Sarac et al., 2002; Turner et al., 2005). Aspects of WDM
including pricing, metering, and enforcement are discussed in the following.

Water pricing is an applied initiative in WDM. When pricing for water per kilolitre was
first introduced in Australia, it was suggested that it may reduce residential water
consumption by approximately 30% (Barrett, 2004). Researchers predicted that pricing
water per unit and, hence, payment for what water consumers actually use, would be an
effective economic demand management option (Inman and Jeffrey, 2006).

The water metering of residential consumption occurs in almost all Australian cities; it
was implemented to give water a dollar value and signify to users that the more they
consume the more they are charged (Inman and Jeffrey, 2006). Research across the
world has demonstrated that reductions of up to 56% can occur after the installation of
water meters, although consumption behaviour may not remain consistently low as
consumers grow accustomed to metering (Linaweaver et al., 1966; USEPA, 1998;
Maddaus, 2001; Inman and Jeffrey, 2006). Further, metering water consumption at the
residential boundary is a well-established and effective WDM initiative; it has been
shown to reduce water consumption (UKWIR, 1996; Inman and Jeffrey, 2006).

Water restrictions, regulations and environmental labelling are all enforcement
initiatives applied to achieve water savings. These water restrictions are the most
common WDM to be introduced nationally to reduce residential water consumption,
due to the fact that external water use is generally considered nonessential in times of
drought (Syme et al., 2004; Brennan et al., 2007). Australian water restrictions focus on
limiting outside watering, as well as stipulating the time of day for watering or defining
external water use fixtures allowed for use, i.e. a hose or bucket (Barrett, 2004). Having
had water restriction in place in Australia for decades, the effectiveness of water
restrictions was investigated by the United Kingdom Water Industry Research
(UKWIR, 1998; Inman and Jeffrey, 2006), with savings of up to 49% being recorded.
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Regulating and legislating the use of new efficient water use fixtures and stipulating
demand reductions in building codes have been found to be a very effective
enforcement measure (Barrett, 2004). The Queensland Development Code (2007) Part
MP 4.1 mandates that all new houses and townhouses (class 1 buildings) and units
(class 2 buildings) must have minimum of 3-star Water Efficiency Labelling and
Standards Scheme (WELS) rated toilets and showerheads (Queensland Government,
2009). In fact, all new detached households in SEQ must meet water saving targets of
70 kilolitres per year (KL/yr), while Class 2 dwellings must save 42 KL/yr (Queensland
Government, 2008b). Suggestions to achieve these savings include the installation of
low flow shower heads, dual flush toilets, and rain water tanks (Queensland
Government, 2007).

The Australian Water Efficiency Labelling and Standards Act 2005 is the Australian Act
which stipulates water efficiency labelling and regulates water efficiency standards
(Commonwealth of Australia, 2005). The Australian WELS scheme was introduced
under the Act in July 2006 to register and label products with water efficiency ratings;
Figure 2-3 demonstrates a label awarded through WELS (Commonwealth of Australia,
2009).

Figure 2-3 WELS water rating label (Commonwealth of Australia, 2009)

The introduction of WELS is estimated to result in a 5% annual reduction of domestic
water use through informed consumer selection of the most appropriate and water
efficient product (Commonwealth of Australia, 2009). Exhibiting certified water
consumption information on water use devices ensures that the consumer understands
the device or fixture’s consumption when purchasing products. Monitoring the effect of
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national regulations and environmental labelling would require an Australia wide
investigation; hence this has not been included in the scope of the current research.

2.3.3 Source substitution
Source substitution is a key element of IUWRM (Anderson, 2003). It involves
substituting traditional potable water demand with an alternative source of water, which
can be either recycled, rain, grey or storm water. Source substituted water is generally
utilised for ‘fit for use’ activities or non-potable consumption activities, such as
irrigation, toilet flushing, or clothes washing. An alternative source of water for
residential consumption is now legislated by Part MP 4.2 of the Queensland
Development Codes 2007. These codes stipulate that residential homes must achieve
water savings of at least 5 KL or 3 KL (depending on the dwelling type). Rainwater
tanks (RWTs) are the most common means to meet these requirements (Queensland
Government, 2008b). The aforementioned regulation, and the assortment of rebates
offered over the past few years for the installation of RWTs for existing dwellings, has
seen 240,000 RWTs installed in SEQ as at November 2009 (Moore, 2009).

2.4

Existing water metering process

One of the deficiencies of the existing urban water management system is the current
simplistic metering process. The current water metering system does not typically
provide real-time water consumption data and event when it does, it does not provide a
sufficient level of data resolution to allow a water end-use event categorisation.
Conventional water meters count each kilolitre of water as it passes through the meter
without the ability to record when (i.e. time of day), and where the consumption takes
place (e.g. washing machine, leakage, etc.). Water consumption readings are generally
recorded manually on a quarterly or half yearly basis. Under most situations, a whole
year’s worth of water consumption data is described by only two to four data points in
the water businesses billing system. No further information is available to draw upon
should there be any queries. Obviously, this conventional water metering system
produces limited, delayed water consumption information. Such a metering system is
unable to provide effective support to water planning and management processes. This
current metering approach is not adequate to meet the increasing level of government
scrutiny on the utilisation of water resources and does not assist society at large to
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address the pressing water security issues associated with climate change (Stewart et al.,
2009).

2.5

Advent of smart water metering and transition to more advanced systems

Advanced water consumption monitoring technologies, such as smart metering, allow
for the collection of detailed water consumption data. As discussed, gaining empirical
evidence of how and where water is used and determining the effectiveness of specific
WDM strategies and source substitution initiatives are critical for planners, utilities and
conservation professionals. Planning a secure supply of water for future demand,
requires the use of a range of consumption estimations and assumptions on the effective
savings attributed to demand management initiatives or substituted supplies (Turner and
White, 2006). Advanced water consumption monitoring technologies provide a platform
to collect accurate data to verify some of the estimations made in water the planning
process. Details on the current advanced water consumption monitoring technologies
are presented below.

2.5.1 Smart metering
Smart meters provide additional high quality water use information, such as end-use or
leakage data, which benefits water utilities and policy makers alike (Giurco et al.,
2008b). Such smart metering embraces two distinct elements for the collection of such
disaggregated water consumption data: technologically advanced meters that capture
water use information, and a communication system which both captures and transmits
usage information in real or almost real time intervals (New York State Energy
Research and Development Authority, 2003). Three essential functions performed by
smart water meters are: automatic and electronic data capture, collection, and the
communication of water usage data (real time or almost) (Idris, 2006). In practice, a
smart water meter configuration involves a high resolution water meter linked to a data
logger, which captures water use data that can be downloaded as an electronic signal
and analysed using available technology (Britton et al., 2008; Stewart et al., 2009). The
electronic signals from smart meters can also be transferred to computers or central data
hubs via data distribution technologies (e.g. the GSM network) (Hauber-Davis and
Idris, 2006). An example of a smart water metering set up is displayed in Figure 2-4.
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Figure 2-4 Smart water metering system (Willis et al, 2009a)

Smart metering technology has enabled the accurate and reliable measurement of water
consumption data for a range of resolutions, which is useful for identifying the
effectiveness of a variety of WDM measures. The resolution of the water meter and data
loggers utilised in the smart metering system determines the richness of the data
obtained. Currently, large scale smart metering systems utilised for leak detection, peak
demand identification and time-of-use tariffs, have lower resolution water meters and
only log at hourly intervals; this is adequate for the information required (Stewart et al.,
2009). In contrast, detailed end use water consumption data requires a smart metering
system, with higher resolution water meters, as well as data loggers that record
information in 5-10 second intervals (Giurco et al., 2008a). Figure 2-5 demonstrates
several WDM and source substitution initiatives, with the need for smart metering to
determine effective water savings indicated. More than half of the displayed initiatives
require a smart metering approach to effectively determine and measure the water
saving potential.

Figure 2-5 WDM and source substitution initiatives (Willis et al, 2009a)
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Figure 2-6 demonstrates the increasing cost and complexity required to measure various
WDM initiatives, which instigates the need for more complex advanced smart metering
configurations.
Required
technology
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management

Total usage
monitoring

Planning

Demand
End-use base
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monitoring

Increasing
cost,
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behaviour
change
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Real time end-use
monitoring with
Pricing

feedback

Figure 2-6 Measured cost for WDM initiatives (Willis et al, 2009a)

Advanced smart metering technology allows for the capture of high resolution end use
water consumption data, which is necessary to ascertain the water savings attributed to
individual WDM programs. Figure 2-6 further shows that end use data is imperative to
determine the effectiveness of most demand management measures, such as efficiency
and education, and is also required for restrictions and pricing effectiveness. End use
monitoring is also useful for evaluating, measuring, validating and planning the demand
and supply of water (White and Fane, 2001).

2.5.2 Advanced water management system
With the availability of smart metering technology, the design of an advanced
knowledge system to sustain water savings can be realised. This system can actively
monitor water consumption and provide real-time information about what, when, where
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and how water is consumed. The primary functions of the system include, but are not
limited to, collecting real-time water consumption data through a smart water metering
system, transferring and storing the data into a knowledge repository and analysing the
data, and producing a wide range of reports which can be accessed on-line by a broad
range of users (e.g. consumers, water utilities, government organisations, etc.) (Stewart
et al., 2009). One application of the advanced system allows individual consumers to
log into their user-defined water consumption web page to view their daily, weekly and
monthly consumption tables as well as charts on water use patterns for categories of
water end-use (Figure 2-7).

Figure 2-7 Commercial water consumption report (Stewart et al., 2010)

Further, the system enables water utilities to intervene as soon as an exception alarm is
raised for end-uses, such as major water leaks. The analytical report generated by the
system helps utilities to identify the water consumption patterns of different types of
consumers. However, this advanced system is only possible when there is a program
that realises all the above-mentioned goals. Thus, the construction of such an intelligent
program is the ultimate aim of the current PhD study.

2.5.3 Knowledge acquisition for the advanced system development
The development of an advanced water management system requires a great body of
knowledge, including a comprehensive understanding of existing water end use studies,
a broad insight of the strengths and weaknesses of the available models to tackle similar
problems, and a skilful combination of appropriate techniques to provide a
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breakthrough solution for the addressed issue. Details of the required topics for the
system development are presented from Sections 2.6 through to 2.10, as follows.

2.6

End-use study

Water end use studies provide the necessary data for the determination of where, when,
how and why residents consume water in their home (White, 2001; Giurco et al.,
2008a). The purpose of such an end use study is to determine the water consumption in
an individual’s household, which includes the shower, toilet, tap, irrigation, clothes
washer, dish washer, leaks, and evaporative air conditioners (Gato, 2006). Figure 2-8
details the household water end uses.

Potable water supply

Indoor use

Outdoor use

Toilet

Clothes washer

Pool& spa

Bathtub

Dishwasher

Outdoor taps

Shower

Irrigation

Other

Figure 2-8 Household water end-use categories

End use studies allow for the dissemination of technological and behavioural aspects of
water consumption. They offer ‘significant opportunities for providers to improve water
service delivery and long term planning’ (Giurco et al., 2008a). These studies also
provide (Gato, 2006; Giurco et al., 2008a):


Valuable information on daily demand patterns;



Seasonal variations in water consumption;



The split of indoors versus outdoor consumption;



The actual water use for fixtures and fittings;



Information for water planning and design;



variations in consumption; and



Assistance in detecting leaks.
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Such data are pertinent for daily demand forecasting and for refinement in the planning
and management of water demand and supply for the regions (Gato, 2006; Schlarfrig,
2008). Giurco et al. (2008a) emphasise the limited data available for end uses in
Australian cities and towns, despite the fact that several end use studies have been
undertaken in the country. The end use studies have resulted from the unique climate,
tourism, and the consumption characteristics of each city or town, as well as the
dramatic changes seen in water consumption over the years. According to Schlarfrig
(2008), there was increasing recognition for the need of more comprehensive and
frequent end use studies. Giurco et al. (2008a) and WSAA (2003) recommended further
research in the end use water consumption field. Mayer and DeOreo (1999) also
acknowledge the need for location and country based research due to the per capita
consumption, which appear to be significantly variable between regions and populations
within the world.

The concept of measuring residential end uses of water, through the collection of
instantaneous water consumption flow data, was realised by AquaCraft® between 1994
and 1996 in the USA (DeOreo and Mayer, 1994). AquaCraft developed the Trace
Wizard© software to automatically disaggregate flow traces into household end uses
(DeOreo et al., 1996); they subsequently carried out the USA AWWA (1999) and
Tampa (Mayer et al., 2004) end use studies. Further, DeOreo and Mayer (2004)
reported that the accuracy of end use analysis, using Trace Wizard©, can be improved
through the independent analysis of data by several analysts, as well as through
undertaking a home visit or audit to assist in determining water use fixtures and
behaviours of the home being analysed. The question of the accuracy of Trace Wizard©
was acknowledged with the developers, further discussing the accuracy and limitations
of the software. The result of this debate was the continued use of Trace Wizard© as the
worldwide end use analysis tool. With the introduction of Trace Wizard©, several end
use studies were undertaken in the Yarra Valley (Melbourne), Perth and Toowoomba
(in Australia) and the Kapiti Coast (in New Zealand). A full summary of the most recent
worldwide end use studies is also presented in section 5.2.3.

2.7

Existing methods for autonomous flow trace analysis

Several end use studies have been conducted worldwide to help improve existing water
management systems. One of the essential tools to enable such research is flow trace
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analysis software, which has been employed to perform the autonomous categorisation
of a raw flow trace data into appropriate end use categories. Some popular, widely
applied programs include: Trace Wizard© developed by Aquacraft in 1996; Identiflow
by WRc in 2001; HydroSense by UbiComp in 2011; and Acoustic Sensor by CSIRO in
2012. Each tool has its own pros and cons, which are presented in the following
sections, and summarised again in Chapter 5.

2.7.1 Trace Wizard©
Trace Wizard©, although developed in 1996, is still a worldwide end use analysis tool,
despite controversy related to its accuracy. The program is a Windows-based software
that is used to determine where water is used in single-family residences and small
commercial settings. Through Trace Wizard© it is possible to quantify indoor and
outdoor use, leakage, and peak usage, as well as to disaggregate indoor use into
individual categories: toilets, showers, clothes washers, dishwashers, faucets, baths,
irrigation, swimming pools and evaporative coolers.

The operation of Trace Wizard© requires the utilisation of a water diary and a stock
appliance audit collected for the particular home. The program has an essential role in
deciding the final accuracy of the overall disaggregation process. Information from the
water audit is used to help Trace Wizard© identify the flow trace characteristics of each
available fixture in the surveyed home, as shown in Figures 2-9 and 2-10 below.

Figure 2-9 Selection of available fixtures in the tested home (Trace Wizard, 2003)
25

Chapter 2: Literature Review

Figure 2-10 Required input for each end-use fixture (Trace Wizard, 2003)

The reliability of the input information is vital for the Trace Wizard© analysis as all
calculations are performed by comparing the volume, peak, duration and mode of the
unknown event with the existing fixture properties. The overall operation can be
summarised as follows:


Available fixtures of the surveyed home are input with a decrease in an
important level.



Characteristics of each end use category (including volume, duration, maximum
flow rate, most frequent flow rate) are required. These properties are used as
templates for the surveyed home.



Similar characteristics of all unclassified events are determined.



Fixture properties of one unclassified sample are, firstly, compared with the
template of the first category displayed in the site fixture window. If the event
fits in this category, the classification task finishes and the system will move to
the next unknown event. However, if the currently tested event properties are out
of the range of the first template, the second template will be used for the
analysis. By following this process all events may be classified to appropriate
categories.



If the event does not fit into any particular category, it will be considered as a
combined event, and will be dissected to smaller parts for further analysis.



The output of the overall analysis is illustrated in Figure 2-11.
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Figure 2-11 Presentation of analysis results (Trace Wizard, 2003)
(i)

Advantages

The advantage of Trace Wizard© lies at the simple algorithm, which allows the
collected data to be analysed in a considerably short period of time. Moreover, Trace
Wizard©’s disaggregation accuracy is not affected by social and demographic
properties as its operation is mainly based on the provision of distinct input features
directly from the tested home.

(ii)

Disadvantages

The processing speed of Trace Wizard© is impressive; however, its preparation process
is time-consuming. A water diary and stock appliance audit is obtained for each
surveyed home prior to any operation. This process may take at least one or two weeks,
which makes the software unsuitable for commercial use. The final Trace Wizard©
accuracy also depends heavily on the reliability of the input features as the whole
analysis process is performed based on a comparison of the unknown event’s properties
with the provided templates. Another disadvantage of Trace Wizard© is its inability to
disaggregate the combined event with more than two different components. This
limitation, in some cases, can lead to a dramatic drop in accuracy when analysing a
family with many individuals.
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2.7.2 Identiflow
In 2001, WRc, a company based in the United Kingdom, introduced Identiflow as a cost
effective program for measuring the component of domestic water consumption. Similar
to Trace Wizard©, the technique involves the capture of high resolution flow data and
use software incorporating a decision tree algorithm to deconstruct a flow trace data
series into constituent water end uses (micro-components). The development of the
Identiflow system focused on the accuracy of the micro-component, as well as the
ability to analyse the simultaneous use of several water using devices, comprised of two
parts as follows:


A water meter and logger system, which can be installed in an external meter
boundary box. The water meter and logger system records water consumption at
a relatively high resolution



Identiflow software, with automatic facilities, identifies water use events and
classifies them as a particular micro-component. The software also provides
interactive facilities, which allows experienced users to review and refine the
analysis. Furthermore, additional information can be provided for the duration,
volume, and average and maximum flow rates of each classified events.

Following the literature review into pattern recognition techniques, WRc consulted
Imperial College, London, about the possible solution methods for discriminating water
using devices from high resolution water flow. Recognising that this is not a classical
pattern recognition problem, WRc was advised that techniques employed to solve such
problems were over-complicated for this application. WRc also investigated the use of
neural networks to develop a consumption module, based on key features of the flow
profile; however, the developed model is not effective due to insufficient information
for data training and a long processing time. The WRc finally employed a decision tree
approach, presented in Figure 2-12.

By applying the above approach, the accuracy achieved, in terms of correctly classified
volume, was 74.8% when testing on 3870 events. In late 2001, a project was undertaken
by WRc to investigate the use of Identiflow as a means of developing a national microcomponent monitor. Figure 2-13 compares micro-component data from the WRc study,
with values commonly quoted by the UK Environmental Agency in terms of volume.

28

Chapter 2: Literature Review

Figure 2-12 Decision tree approach applied in Identiflow (Kowalski & Marshallsay,
2005)

Figure 2-13 Verification of Identiflow against real data (Kowalski & Marshallsay,
2005)

(i)

Advantages

A simple algorithm in analysing flow data, using a decision tree, is one of the most
important advantages of the software, as the processing time can be reduced
significantly. WRc has also successfully incorporated appropriate parametric features
into the software that enable a simple decision tree approach to be exploited in the most
effective way. The convenience of inputting data for the overall analysis is another
noticeable strength or advantage of this program in comparison to Trace Wizard©.
Further, the collected raw flow trace is fed directly into the system from the data logger
without the requirement of manually providing any additional physical parameters (i.e.
templates for volume, duration, and flow rate range for each fixture).
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(ii)

Disadvantages

The simple algorithm applied in Identiflow is a good solution for providing
instantaneous outputs; however, accompanied weaknesses are unavoidable. As this
software is based on the analysis of fixed physical features of various water-using
devices (e.g. volume, flow rate or duration, etc.), which is used to make different
decisions for categorisation. Therefore, the final classification accuracy is not always
guaranteed, being heavily dependent on the existing types of water devices. By applying
this approach, two completely different water events can be placed in the same
category, if they have similar physical characteristics. Another disadvantage is the
recognition of the advances made to most household appliances between 2001 and
2012. For example, a washing machine manufactured in 2001, when the WRc
conducted their study, is less efficient than one produced in the last few years. The
differences relate, consequently, to the flow rate and volume per wash. These
differences significantly affect the final recognition accuracy of existing Identiflow
software. Additionally, the reported accuracy of 74.8% was achieved by testing on 3870
events collected from old fashioned water devices in 2001; therefore, a dramatic drop,
when applying this software on collected data from new model water devices, is
expected.

2.7.3 HydroSense
HydroSense was introduced as a low-cost and easy-to-install method. It was developed
by UbiComp Research in 2011 to disaggregate water usage, at the fixture level from a
single installation point, by using a pressure sensor. The program identifies the unique
pressure waves generated when the fixtures are opened or closed (Figure 2-14). As these
waves propagate throughout a home’s plumbing infrastructure, the single-point sensing
approach is thus enabled.

To evaluate the performance of the pressure-based approach using real-world data, a
large ground truth water usage sensing network was deployed in three homes and two
apartments (Figure 2-15). At each deployment site, two pressure sensors were installed;
they directly instrumented all water fixtures and appliances with the custom wireless
sensors that provided ground truth labels of water usage activity for the pressure stream
during a five-week period.
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Figure 2-14 A pressure stream with ground truth labels from deployment site H2
(Froehlich, 2009)

Figure 2-15 A sample of instrumented fixtures from our ground truth deployments
(Froehlich, 2009)

The collected data was then analysed using the Bayesian approach, as follows: First, an
incoming water pressure data stream was buffered and the pressure transients were
segmented. Second, each segmented pressure transient was compared to a library of
labelled templates using a set of similarity algorithms. Third, a language model
determined the likelihood of a given sequence of valve signatures and links opening and
closing valve events into paired tuples. Fourth, the features from these paired tuples
were extracted and compared with the smoothed probability distributions. Finally, the
probabilities from the previous three steps were multiplied together for each sequence.
The sequence with the highest probability was selected. The validation showed that,
with a single pressure sensor, the probabilistic algorithm can classify real-world water
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usage at the fixture level with 90% accuracy, and at the fixture category level with 96%
accuracy. With two pressure sensors, these accuracies increase to 94% and 98%.

(i)

Advantages

Undoubtedly, the achieved accuracy from the HydroSense was the highest among the
existing flow trace analysis tools, thanks to the utilisation of a large sensor network.
Similar to Trace Wizard©, HydroSense was not greatly affected by the social and
demographic features; the applied technique was designed to identify events when the
valve was closed or opened, based on the collected sensor signal for classification
purposes.

(ii)

Disadvantages

The main shortcomings of this approach related to its requirement for a number of
pressure sensors to be attached to water devices inside households in order to accurately
identify end use events using the HydroSense system. Also, extensive calibration may
be required for new homes that have different plumbing configurations to those already
studied (e.g. polymer pipe instead of copper). Aesthetics may be another issue since the
sensors are highly visible to the homeowner. Moreover, with only five homes examined
for the reported study, over a five-week period, it was not guaranteed that the technique
would yield such high levels of accuracy when applied across a greater sample size.
These aspects can, potentially, increase the cost and reduce the feasibility of the
widespread implementation of this approach, making it more difficult to commercially
apply on a citywide scale.

2.7.4 CSIRO end-use sensor
The latest water end use break down technology was introduced by CSIRO (Australia)
in September 2012 using acoustic sensors, also developed by CSIRO. The end use
sensors were installed at the field trial site on the Gold Coast from 1st to 3rd May 2012.
The acoustic sensors were placed in the kitchen, laundry, bathroom and ensuite (Figure
2-16); a water volume sensor was attached to the high resolution water meter from the
Trace Wizard© trial; and a temperature sensor module was attached to the hot water
service (HWS) outlet to indicate hot water flow. Each of the sensor modules relayed
data in real time to a 3G wireless modem located in the study; from there the data were
transferred to an external server for subsequent retrieval and analysis. On the three
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separate days during this trial period, a Trace Wizard© study was undertaken to enable
a comparison with the CSIRO sensor results. In the current study, the water outlets were
grouped into four categories (A, M1, M2, and other):


A: Automated solenoid operated water valves with reproducible flow
characteristics (dishwasher/clothes washer/ toilet);



M1: Manually operated water outlet with reasonably predictable flow
characteristics (bath/shower);



M2: Manual outlet, but with highly variable hard to characterise flow
characteristics (other taps); and



Other: Leaks, and unrecorded events.

An overall assessment of the end usage results (see Figure 2-17) showed that the
CSIRO sensors were the only method to exactly match the actual end use results for
categories A1 and A2, and to correctly predict the total manual tap end use. However,
the CSIRO sensors had an occasional error in discriminating the manual tap end use
between the laundry trough, the kitchen sink, and the bathroom basin. These errors were
subsequently found to result from a clock error in the acoustic sensor modules, so that
the time of the acoustic signal did not always match the time of the flow event from the
water meter. The modules have since been modified to prevent a recurrence of this
timing error.

Figure 2-16 Acoustic sensor in bathroom (CSIRO, 2012)
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Figure 2-17 Pie charts comparing Trace Wizard©, CSIRO sensors, householder diary,
and actual end-use measurements (CSIRO, 2012)

(i)

Advantages

CSRIO acoustic sensors can accurately determine end use when used in conjunction
with flow data from a high resolution water meter. The classification accuracy was
superior to those obtained using Trace Wizard© software.

(ii)

Disadvantages

During the trial study, several problems arose due to a hardware timing error that
resulted in the occasional mismatching of the kitchen, laundry and bathroom manual tap
data. The other problem was the infrequent loss of communications from the WiFi
network or the 3G modem. The prototype sensors did not have any on-board data
memory, so this meant that there were gaps in the data. Further, and most importantly,
the utilisation of a very visible sensor is often seen as intrusive by the homeowner; this
technique, therefore, may not be widely accepted in all households.
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In summary, although Identiflow (CSIRO) overcame the Trace Wizard© or HydroSense
difficulties related to feeding the input data into the overall system, and, CSIRO has
achieved impressive disaggregation accuracy; however, their widespread application is
still being questioned due to its inability to solve the following issues:


Ability to classify different end use categories which have similar characteristics
(e.g. Identiflow and Trace Wizard©);



An end use category with varied physical parameters depending on models (e.g.
Identiflow and Trace Wizard©);



Ability to deal with multi-layer combined events (i.e. a group of concurrent
events) (e.g. Identiflow and Trace Wizard©); and



Solution to aesthetic issues (e.g. HydroSense and CSIRO software).

The above limitations in all the existing software models motivated the development of
an automatic flow trace system by employing a breakthrough approach; it combined
existing pattern recognition methods with a newly developed technique into one unique
program. This model had the ability to manage events: in different categories, which
had very similar patterns; events of the same category, which had unstable
characteristics over the time; and manage the combined events, which comprised many
overlapping layers. To achieve such a great goal, a comprehensive review of existing
pattern recognition techniques was undertaken; it is presented in the following sections,
covering topics on Artificial Neural Networks (ANN), the Hidden Markov Model
(HMM), and the Dynamic Time Warping Algorithm.

2.8

Artificial Neural Networks (ANN)

ANN is one of the most powerful and popular techniques in pattern recognition due to
its flexibility in adapting to different types of problem models. An investigation into the
application of ANN into the water end use pattern matching issue was undertaken in
2001 by WRc during the building of the Identiflow software; however; the attempt was
unsuccessful due to insufficient information being available for data training. After ten
years since the introduction of Identiflow, the present study faced the same challenging
problem, but with the assistance of more advanced technologies. Applying high
resolution smart water metering was able to obtain a water flow signal every five
seconds. Thus, it was able to conduct an end use study to facilitate the current study; a
large database of water end use events was achieved, including volume, duration, most
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frequent flow rate, and maximum flow rate for each collected water end use event. With
such a huge amount of information, the application of ANN into this problem was
expected to overcome the existing issues. However, prior to that, the reliability of ANN
was investigated to reconfirm the efficiency of the technique. The next sections detailed
the general application of ANN on similar problems; and an attempt was made to apply
this technique into the present pattern matching issue.

The ANN technique was inspired by biological neural systems and the study of the
human brain from the early 1940s. The first simple mathematical model was used to
explain the function of the biological neurons, developed by McCulloch and Pitts
(1943). However, a significant growth in the applications of ANN in diverse disciplines
occurred since Rumelhart et al. (1986) developed a sophisticated algorithm (called
Back-propagation (BP)) as a theoretical framework for ANNs. With this powerful tool,
many studies were undertaken to solve a variety of problems from business to
engineering.

An improvement was achieved in the protein secondary structure prediction initiated by
Kneller et al. (1990). By adding neural network units that detect periodicities in the
input sequence, they have modestly increased the secondary structure prediction
accuracy. Fletcher and Goss (1993) applied a BP algorithm to a sample of bankrupt and
non-bankrupt firms. Their results indicated that this technique predicts the probability of
bankruptcy more accurately than all existing models. This methodology represented a
new paradigm in the investigation of casual relationships in data and offered promising
tools.

Prybutok et al. (2000) examined the potential of neural networks in the prediction of
daily ozone maximum concentrations. Due to the complexity of the meteorological
variables and the photochemical reactions involved in ozone formation, it was
determined that the problem could not be efficiently managed with conventional
methods. The event results adopted with ANN were superior to that from the other two
traditional techniques (the regression and Box-Jenkins ARIMA model).

Further, Hanewinkel et al. (2004) applied a three-layered feed-forward neural network,
with a BP training algorithm using a momentum term and flat spot elimination, to
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identify forest stands susceptible to wind damage. The performance of the network and
the logistic regression model was measured using the mean squared sensitivity error.
The results of the dichotomous demonstrated that a feed-forward network was better
able to classify forest susceptible to wind damage than a logistic regression model,
especially when the frequency of the undamaged and damaged forest stands differed
significantly.

In other research, Joorabchi et al. (2007) utilised ANN to simulate groundwater table
fluctuations. A multilayer feed-forward neural network model was developed and
trained using a back-propagation algorithm. The training data was based on field
measurements (Kang et al., 1994) from five different locations down the east coast of
Australia. The data included information on the water-table, tide elevation, beach
slopes, and hydraulic conductivity at each beach. The results from the developed model
showed that the ANN model was very successful in terms of the prediction of a target
that is dependent on a number of variables. Since 2008, ANN has also been widely
applied to various areas, such as forecasting extreme PM10 concentration (Nejadkoorki
& Baroutian, 2012), urban expansion simulation (Pijanowski et al., 2009), modelling of
an Inverse fluidized bed bioreactor (Rajasimman et al, 2009) or prediction of municipal
solid waste generation (Jalili & Noori, 2008).

Several attempts have also been undertaken into the adaption of the ANN technique into
the present problem; however, the achieved overall accuracy was not as high as expected.
A back propagation model with different hidden layers and different number of neurons on
each layer was trialled in the current study. The model was trained on various iterations
with the input data being volume, duration, the maximum flow rate, most frequent flow
rate, starting time, and ending time of each single event. The output was presented in nine
different end use categories: tap, shower, dishwasher, clothes washer, half flush toilet, full
flush toilet, bath tub, irrigation, and leak. The obtained accuracies, verified using five
independent homes, were below 50% for a single event; this outcome did not meet the
required standard for the current study. This failure could be explained as: apart from the
toilet, dishwasher, and clothes washer; the remaining water end use categories (mentioned
above) are very subjective to user behaviour, which can result in events of different
categories possessing identical characteristics. The use of these input features for model
training was the main reason for the ineffectiveness of this method. Thus, a different
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approach needed to be explored that could overcome the addressed difficulty, and the
utilisation of the Hidden Markov Model (HMM) was seemed to be an ideal selection. An
overview of the HMM technique and its applications are presented in the following
section.
2.9

Hidden Markov Model

2.9.1 Prerequisite knowledge of probability and statistics
(i)

Probability distribution function (PDF)

In the probability distribution function (PDF), if X is a continuous random variable, then
the probability distribution function of X is a function f(x), such that:
𝑏

𝑃(𝑎 ≤ 𝑋 ≤ 𝑏) = ∫𝑎 𝑓(𝑥)𝑑𝑥

(2-1)

Thus, the probability that X has a value between a and b is the area of the density
function from a to b (Figure 2-18). Further, if f(x)  0 for all x, then the area under the
entire graph is equal to 1.

f(x)

a
b
Figure 2-18 Example of probability distribution function

(ii)

x

Cumulative distribution function (CDF)

Given a continuous random variable X, the cumulative distribution function F(x) for X
is:
𝑥

𝐹(𝑥) = 𝑃(𝑋 ≤ 𝑥) = ∫−∞ 𝑓(𝑦)𝑑𝑦
(iii)

(2-2)

Expected value (E)

Given a continuous random variable X, an expected (mean) value for the continuous
random variable X, with the probability distribution function f(x), is:
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𝑥

µ𝑥 = 𝐸(𝑋) = ∫−∞ 𝑥. 𝑓(𝑥)𝑑𝑥
(iv)

(2-3)

Independence

Given two events A and B, the conditional probability of event A, given that event B has
occurred, is:
𝑃(𝐴|𝐵) =

𝑃(𝐴∩𝐵)

(2-4)

𝑃(𝐵)

While, the multiplication rule is:

P( A  B)  P( A | B)  P( B)

(2-5)

Hence, events A and B are independent if

P( A | B)  P( A)



from the multiplication rule or from Bayes’ rule,

𝑃(𝐵|𝐴) =



(2-6)

𝑃(𝐴∩𝐵)
𝑃(𝐴)

=

𝑃(𝐴|𝐵)𝑃(𝐵)

(2-7)

𝑃(𝐴)

from the multiplication rule and the definition of independence, events A and B
are independent if:

P( A  B)  P( A)  P( B)

(2-8)

2.9.2 Markov model
A stochastic process has the Markov property if the conditional probability distribution
of the future states of the process depends only upon the present state; that is, the past is
irrelevant because it does not matter how the current state was obtained. A process with
this property is called a Markov model (Camastra and Vinciarelli, 2008). The following
Figure 2-19 shows a typical example of the Markov model.

Figure 2- 19 Example of a HHM
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(i)

Element of a Markov model

Elements of a Markov model include:


Time index:
𝑡 = {1,2,3, … , 𝑡𝑖 , … , 𝑇}



N states:
𝑄 = {1,2,3, … , 𝑁}
The single state j at time t is referred to as qt



N events:
E = {e1, e2, e3,…, eN}



Initial probability

Given a Markov model of N different states,  j is the probability of the model to be
in state j at time 1, and can be expressed as:

 j  Pq1  j  ,
N


j 1



j

1  j  N, and

1

(2-9)

(2-10)

Transition probabilities

Given a Markov model of N states, a transition probability (𝑎𝑖𝑗 ) between state (𝑖)
and (𝑗) as presented in Equation 2-11 is defined as the probability that the model is
in state (𝑗) at time (𝑡) given that it was in state (𝑖) at time (𝑡 − 1).

1  i, j  N , and

𝑎𝑖𝑗 = 𝑃[(𝑞𝑡 = 𝑗|(𝑞𝑡−1 = 1]

aij obeys usual rules:

aij  0
N

a
j 1

i, j

 1 i

ij

It should be noted that sum of probabilities leaving a state is 1.

(ii)

Properties of a Markov model

The properties of a Markov model are:
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Given a list of observations, the exact state sequence that generated those
observations can be determined



Each state is associated with only one event (output).



Computing probability given a set of observations and a model is
straightforward.



Given multiple Markov Models and an observation sequence, it is easy to
determine the Markov Model that is most likely to have generated the data.

2.9.3 Hidden Markov Model
(i)

HMM distinct features

A hidden Markov model (HMM) is a statistical Markov model in which the system
being modelled is assumed to be a Markov process with unobserved (hidden) states. A
HMM can be considered as the simplest dynamic Bayesian network, and must include
the following distinct features:


More than one event associated with each state.



All events have some probability of emitting at each state.



Given a sequence of observations, the state sequence cannot be determined
exactly.



Given an observation sequence, the probabilities of different state sequences
can be determined.

(ii)


Element of a HMM
In a HMM, observation probability is an important parameter, which can be
presented as:

bj(ot)=P[ot = ek | qt = j],

1  k  M,

(2-12)

where bj(ot) is defined as the probability of having event ek at state j at time t.


An entire HMM can be presented as:  = (A, B , π).
where A is the matrix of transition probability, B is the set of observation
probabilities bj(ot), and π is the vector of the initial probability values πj

(iii)

Estimation of an observation sequence likelihood
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For any observation sequence 𝑶 = {𝑜1 , 𝑜2 , 𝑜3 , … , 𝑜𝑇 } , the state sequence 𝒒 =
{𝑞1 , 𝑞2 , 𝑞3 , … , 𝑞𝑇 }, and the model , the probability of O, given state sequence 𝒒 and
the model , is:
T

P(O | q,  )   P(ot | qt ,  )

(2-13)

t 1

From this equation, it can be inferred that with the same model , a different state
sequence 𝒒 can result in a different likelihood for the same observation sequence O. In
case the state sequence is not given, the probability of an observation sequence given 
can be computed as:

P(O |  )   P(O | q,  ) P(q |  )

(2-14)

all q

Equation (2-14) can be expanded to:
P(O |  ) 



q1

 bq1 (o1 )  aq1q2  bq2 (o2 )aqT 1qT  bqT (oT )

q1 ,q2 qT

(2-15)

This equation requires (2𝑇𝑁 𝑇 ) calculations; therefore it is impractical for large values
of T (i.e. long event). To overcome this difficulty, an inductive procedure called
Forward Algorithm was developed (Baum & Petrie, 1966).

(iv)

Forward algorithm

When using a forward algorithm, the following steps must be followed:


Define variable () which has meaning of “the probability of observations o1
through ot and being in state (𝑖) at time (𝑡), given a HMM”

t (i)  P(o1 o2  ot , qt  i |  )


() and P(O|) can be computed using the following procedure:

1 (i )   i  bi (o1 )


(2-16)

1 i  N

(2-17)

The induction can be written as:



N



2t T



1 j  N

t ( j )  t 1 (i )  aij   b j (ot )
 i 1
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The termination can be written as:
N

P ( O |  )    T (i )

(2-19)

i 1

By employing this algorithm, the probability of a given water event of length T can be
produced after N2T calculations, which is minute compared to 2TNT when applying the
original formula, as stated in Equation (2-15). It should also be noted that, with a
particular given observation sequence, different  models will result in different
probability values. This is the main characteristic for the application of the method used
into the present study. The ultimate aim of an automatic flow trace analysis system is
the ability to place an unclassified water event into appropriate category, which can be
performed through an estimation of its probability to belong to each category. In this
case, the HMM is an ideal solution if sufficient models, corresponding to all existing
water end use categories, are provided. Each model produces a probability for the tested
sequence. Further, the given water event is assigned to the type which has the highest
possibility.

Once the likelihood estimation procedure has been developed, the next important task
involves building a model for each particular end use category, namely: the training of
existing data to achieve corresponding values for the initial probability (π), a matrix of
the transition probability (A), and a matrix of the observation probability (B) for each
category. The training algorithms are detailed in the following section.

2.9.4 Model training
HMM training process starts with giving random values for the initial probability, the
transition probability, and the observation probability. The process is continued with the
determination of new values for these parameters through a sophisticated procedure
explained in appendix C2 by applying Equations C2-1 through to C2-8.

However, it should be noted that the proposed procedure is just developed for a single
observation sequence, while the collected database for the present study comprises of
thousands of separate event samples; therefore, a slight adjustment should be performed
to make the model become more adaptable. If individual observation sequences can be
denoted with a superscript, where O(i) is the (ith) observation sequence, then a set of all
K observation sequences used in training can be rewritten as:
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O  {O(1) , O( 2) ,, O( k ) ,..., O( K ) }

1 k  K

The ultimate purpose is to maximize:
K

K

k 1

k 1

P(O |  )   P(O( k ) |  )   Pk

(2-20)

The re-estimation of transition probability can be expressed as:
Tk 1

K

aij 

 w 
k 1

k

t 1
K

(k )
t

(i )aijb j (o(t k1) )  t(k1) ( j )

 w 
k 1

(2-21)

T 1

k

t 1

(k )
t

(i ) 

(k )
t

(i )

where wk is inversely proportional to the probability of the observation sequence, given
the model.
wk 

1
P(O

(k )

(2-22)

| )

This weighting gives greater weight in the re-estimation to those sequences that do not
fit the model well. This is reasonable if in training the model and data are always
assumed to have a good fit. However, this assumption is not valid in many cases;
therefore, it will be safe to use a weight wk of 1, i.e. all sequences can be assumed to
have the same probability of observation

2.9.5 Various applications of HMM in different fields
HMM is one of the most popular techniques in the field of hand writing and speech
recognition. Chien and Wang (1997) presented an adapted method of the hidden
Markov models for telephone speech recognition. The goal of the current study is to
automatically adapt the HMM parameters to match the telephone environment.
Importantly, many experiments have shown that the proposed approach can be
successfully employed for self-adaptation, as well as for supervised adaptation.

In their work, Cho et al. (1995) applied HMM to solve the problem of modeling and
recognizing cursive words. Generally, a handwritten word is regarded as a sequence of
characters and optional ligatures. From this perspective, an interconnection network of
character and ligature HMMs is constructed to model words of indefinite length. Their
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experiments showed that this model can ideally describe any form of handwritten
words, including discretely spaced words, pure cursive words, and unconstrained words
of mixed styles.

Apart from applications related to hand writing and speech recognition, HMMs can also
be applied in many other fields. For example, Kwon and Kim (1999) utilised HMM to
solve the problem of identifying accidents in power plants. The HMM was created for
each accident from a set of training data by the maximum-likelihood estimation method.
The accident identification is determined by calculating which model has the highest
probability for the given test data. The simulation results show that the proposed system
identified the accident event types correctly. Further, the identification performed well
for incomplete input observations caused by sensor faults or by the malfunctioning of
certain equipment.

De Souza Silva et al. (2010) developed a forecasting methodology for oil price trends
using HMM. In their study, the HMM was used to forecast the probability distribution
of the price return accumulated over a given F future days. The results showed that the
proposed methodology can be a useful decision support tool for agents participating in
the crude oil market.

2.9.6 Application of HMM into the present study
HMM was employed as the main classifier to solve the problem of recognising
unknown water end use events. This outcome was achieved due to its ability to evaluate
the flow rate variation along each water event. Additionally, several existing end use
studies revealed that, while most collected events are different, in terms of duration,
volume and flow rate, events within the same category tend to have similar
characteristics in flow rate pattern, which are distinct for each category. For example, a
shower and bathtub event often have similar physical features, namely: volume,
duration, maximum flow rate, and most frequent flow rate, which eventually results in
the misclassification of these two events by the use of ANN. However, this weakness
can be overcome by the application of HMM. The typical pattern of a shower event can
be divided into three main stages: the initial, on-going, and ending stages. The initial
stage often starts with a low and fluctuating flow rate series, which usually corresponds
to the process of getting wet in each shower event. The duration of this stage is not
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fixed for different events. The on-going stage occurs immediately after, with a long
series of higher flow rates compared to the initial one. At this stage, the flow is fairly
stable, which reflects the process of washing the body. The ending stage always
includes a sharp drop of water flow, which occurs over much shorter durations
compared to the on-going stage duration. A bathtub event, which is different to a
shower event, is also comprised of the same three main stages; however, the flow rate
variation is much simpler. A typical bathtub event usually starts with a straight rise of
water flow, this remains stable for a relatively long period, and finishes with a sharp fall
to zero. It is the difference in flow rate variation at the initial stage that helps HMM
distinguish a shower and a bathtub event. This property can be further explained as
follows: the probabilities of a given water event assigned to different categories are
estimated over the determination of its underlying state sequence. The training of a
HMM model for each end use category is the process of finding and reinforcing the
most likely state sequence for that particular category. Each end use category has a
distinct flow rate variation pattern, and the model training was performed by feeding
samples of the same category. Therefore, the most likely state sequence achieved from
the HMM training underlying each end use category is unique. It is this important
property which makes the classification of similar events, of different categories,
possible. Using a HMM for shower to classify a bathtub event, or vice versa, always
result in a miniscule probability as the actual state sequence of the tested sample does
not fit in the current model. Expanding this principle to nine existing water end use
categories, the problem of classification of similar unknown water event has been
solved thoroughly.

2.10 Dynamic Time Warping Algorithm
HMM was employed as the main classifier for the present study, which helped to
disaggregate a raw flow trace data into particular end use categories. In terms of single
event classification, a verification process conducted on three independent homes
recorded an average accuracy of 72.6%. This relative high score proved the
effectiveness of the HMM method in dealing with the present patterned data; however,
for the system to be widely accepted, an improvement in the final accuracy was
required. The study revealed that, by incorporating a technique called Dynamic Time
Warping algorithm into the existing HMM background, the combined system
demonstrated a powerful tool in flow trace analysis, which overcame most of the
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challenging issues faced by the standalone HMM. The verification performed on the
same three homes, mentioned earlier, using a hybrid combination of HMM and DTW,
showed a considerable accuracy increase from 72.6% to 84.1%, which promised the
widespread application of the recommended technique into similar issues. A brief
introduction and the application of DTW into the present study are detailed,
respectively, in the following sections, and the technical aspect of this technique is
presented in Chapter 5.

2.10.1 Introduction to DTW
Dynamic time warping is an algorithm for measuring the similarity between two
sequences, which may vary in time or speed. DTW can detect, for example, similarities
in walking patterns, even if in one video the person is walking slowly, and in another he
or she is walking more quickly, even if there are accelerations and decelerations during
the course of one observation (Jeong et al., 1989). Further, DTW has been applied to
video, audio, and graphics; indeed, any data which can be turned into a linear
representation can be analysed with DTW. A well-known application has been
automatic speech recognition, to cope with different speaking speeds (Bhagat, 2005).
Gollmer and Posten (1996) also applied the concept of DTW as a tool for supervision
and fault detection, with particular reference to bioprocess applications. While other
methods, such as observer-based or statistical approaches, require either mathematical
model descriptions or quite a lot of historical data sets for training, the approach using
DTW was proved to be much more advantageous.

In general, DTW is a method that allows a computer to find an optimal match between
two given sequences (e.g. time series) with certain restrictions. The sequences are
"warped" non-linearly in the time dimension to determine a measure of their similarity
independent of certain non-linear variations in the time dimension (WorldLingo, 2003).
This sequence alignment method is often used in the context of hidden Markov models.

One example of the restrictions imposed on the matching of the sequences is on the
monotonicity of the mapping in the time dimension. Continuity is less important in
DTW than in other pattern matching algorithms; DTW is an algorithm particularly
suited to matching sequences with missing information, provided there are long enough
segments for matching to occur (Myers and Rabiner, 1981).
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2.10.2 Application of DTW into the present study
In the current study, DTW was employed as a supplementary technique to help increase
the overall disaggregation accuracy. In the single event classification process, it was
used to search for clothes washer and dishwasher events missed by HMM. The task was
performed by finding typical patterns of these categories from the already classified
events to use as prototypes, and comparing these prototypes with all other collected
events from the tested home to find missing clothes washer and dishwasher ones.
Furthermore, DTW also played an important role in the development of self-learning
functionality. In this process, DTW was employed to group similar unclassified events
together for further analysis by HMM. A detailed discussion of the utilisation of DTW
is presented in Chapters 4, 5 and 7.

2.11 Chapter summary
This chapter provides a review of the literature pertinent to the topics surrounding the
water situation in Australia, integrated urban water resources management, water
demand management, source substitution, advanced water monitoring technology for
monitoring water consumption, and various pattern recognition techniques required for
the development of an autonomous water end use analysis system. It is well
documented that the management of water, to ensure a secure supply for growing
populations, is pertinent. While IUWRM has been introduced throughout Australia,
minimal investigation has been undertaken to determine effective solutions for water
saving. Stewart et al. (2010) found that one of the most critical factors to reduce water
consumption is to understand how it was used through frequent and detailed end use
studies. While several end use investigations have been undertaken in Australia, all of
them were still resource intensive, as explained above; therefore, an autonomous flow
trace analysis system, based on smart metering technology, was required. This literature
review provides the required knowledge and understanding of all relevant areas for the
development of such a system. The chapter concludes with a summary of current gaps
and suggestions of different techniques to tackle the facing problem. The research
method adopted to undertake this research is detailed in Chapter 3.
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Chapter 3
Research method and design
This chapter details the research methodology and design adopted for the current study,
specifically the research approach, design and analytical techniques adopted to satisfy
the developed research objectives. A traditional method, which includes research of
existing techniques and development of a new application, was selected as the most
suitable approach to achieve the research objectives. The overarching method
framework, highlighting the four project phases, is presented initially. Next, detailed
diagrammatic models and discussion follow in relation to the four primary research
phases and the individual stages within each phase of the research.

3.1

Overview of research method

The research and development method, according to the Organization for Economic Cooperation and Development (1996), refers to creative work undertaken on a systematic
basis in order to increase the stock of knowledge, and the use of this stock of knowledge
to devise new applications. Research and development are usually future-oriented,
longer-term activities in science or technology. The research section in the current study
aims to identify the existing techniques used to tackle similar problems, to identify the
strengths and weaknesses of each technique, and to assess their potential applicability
into the present issue. The application development section then outlines all objectives
to be achieved, including the suggestion of new techniques to overcome the existing
problems; verification of the efficiency of the independent data; and calibration of the
techniques for widespread application.

The methodological explanations and activities, demonstrated in Figure 1-1, include the
design (separated into four distinct phases) with the first being the acquisition of the
knowledge required to undertake the research. The second phase, conducted to help
understand the nature of the collected data, resulted in the development of a new
method to assist the data classification in the later stages. The last two phases were
based on satisfying the primary objectives of the research, that is, to categorise the
collected flow trace into the appropriate end use categories. The research output from
each research phase, in the form of a chapter, is detailed.
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3.2

Phase 1: Knowledge acquisition

The objective of Phase 1 was to undertake a review of the national and international
literature; to develop the research objectives; and to determine the most appropriate
design for the research methodology. Figure 3-1 shows the research activities
undertaken to achieve the objectives of this phase.

Phase 1: Knowledge
acquisition

TASK

Literature and
past research

Compilation of
knowledge

Gaps in body of
knowledge

Development of
research objectives

Research objectives

Investigation of
research methods to
meet objectives

Conventional method
research approach

OUTPUT

Figure 3-1 Knowledge acquisition
An extensive review of the literature was carried out to accumulate knowledge and to
determine the current gaps in the field of research, as detailed in Figure 3-1. Numerous
topics were investigated, such as: the water situation, integrated urban water resource
management, water demand management, source substitution, advanced water metering,
existing models for autonomous flow trace analysis, and available techniques for the
development of such models. (Chapter 2 details the explored topics of literature.
Moreover, Chapters 5 to 7 provides concise literature reviews associated with the
refereed publications). The knowledge obtained through the literature review allowed
for the determination of current gaps in the field, which resulted in the development of
the research objectives. After the determination of the research objectives, additional
literature was reviewed to ascertain the most applicable research method to meet the
stated objectives. Phase 1, displayed in Figure 3-1, resulted in the determination of gaps
in the body of knowledge, the development of the research objectives, and the
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determination on the traditional methodology as an appropriate research design. Each
stage in Phase 1 was necessary before commencing Phases 2, 3 and 4.

3.3

Phase 2: Data sampling and processing

The purpose of Phase 2 was to undertake an end use investigation of domestic water
consumption and, thus, obtain data for the present study, to analyse the collected data to
understand its nature, and to develop a supportive techniques to help improve the
performance of the overall system. The following sections introduce briefly the required
tasks for the fulfilment of this phase, as well as a detailed discussion on these topics (as
presented in Chapter 4). An overview of the Phase 2 research method and design is
shown in Figure 3-2.

3.3.1 Stage 2a: Data collection
The first stage of Phase 2 was designed for the collection of water consumption data to
facilitate the building of an autonomous water management system. The main
components of this stage were separated into five different tasks, which aimed to
determine the required data and technology employed for the study, to determine the
sample size and research region, to monitor end-use water consumption using smart
water meters, to conduct a stock survey and household audit for each household, and to
perform Trace Wizard© analysis of collected end-use data based on the assistance of
the obtained water audit and stock survey.

(i)

Data requirement and technology

The data requirement and technology task was designed to help decide the data type and
technology necessary to collect end use water consumption. The research objectives of
this study stipulate the need for high resolution water end use consumption data to assist
in determining all individual events within homes, such as showering, irrigation or
leakage, etc. The most relevant example of a national end use water consumption study
was carried out in Southeast Queensland region during 2011. Beal et al (2011) utilised
data measurement technology which enabled the reading of volumes of water as small
as 0.014 litres. An investigation into water metering and data logger technology was
carried out, considering this study, as well as other domestic end use studies completed
throughout the world (Mayer and DeOreo, 1999; Loh and Coghlan, 2003; Mayer et al.,
2004; Heinrich, 2007; Mead, 2008).
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Phase 2: Data collection
and analysis

OUTPUT

TASK

Stage 2a: Data collection

Literature and
past research

Data requirements and
technology

End-use water
consumption design and
technology

Determination of sample
size and research region

Research size and
potential participants

Monitoring end-use water
consumption

Raw end-use water
consumption data

Stock survey and water
audit

Detailed audit and
interview question

Trace Wizard analysis of
end-use data

Dataset of residential
water end-use
consumption

Retrieve flow data series
for each end-use category

Flow rate data series of
all categorised end-use
events

Stage 2b: Data processing

Literature and
past research

Stage 2c: Development of a
supportive technique

Literature and
past research

Investigation of collected
data

Understanding of each
category’s distinct pattern

Development of a new
prototype selection
method

A method to select
typical samples from a
group

Figure 3-2 Data collection and analysis

(ii)

Determination of sample size and research region

The second task of Phase 2 was performed to ensure that the findings were
representative of

a

population.

For statistical
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representativeness of the collected data, a large sample size of households was required.
The size was a requirement, due to the variation in the water consumption, as exhibited
by a large population. For the end use sampling in this research, a total of eight (8) end
use categories were determined (clothes washer, shower, tap, toilet, dishwasher,
bathtub, irrigation and leak). In terms of the research region, the study was conducted
with the collected data from four major cities in SEQ, including Brisbane, Gold Coast,
Sunshine Coast and Ipswich. The socio-economic status was a primary consideration
for these areas to ensure that the sample included a range of household incomes. A total
of 252 homes, from the above mentioned regions, were investigated to obtain water
consumption data to facilitate the study.

(iii)

Monitoring of end-use water consumption

The task involved testing the end use consumption data collection process through the
design of the installation and monitoring process, and the obtainment of actual end use
water consumption data. High resolution data loggers were installed by the research
team through individual visits to each home and the manual installation of data loggers
in the water meter boxes. The testing of the end use water consumption monitoring
design was achieved through the verification that each water meter, and connected data
logger, was actually recording end use data. Once all the equipment was in place, the
water consumption of the surveyed homes could be monitored. However, the collected
information, at this stage, was just raw data, expressed in terms of the number of the
pulses recorded every five seconds. This data was then processed into readable
Microsoft ‘txt’ files, which can be directly uploaded into the Trace Wizard© analysis
program. This process resulted in the obtainment of flow-based water consumption data
for each household within the study.

(iv)

Stock survey and water audit

The stock survey and water use behaviour audit was undertaken with almost every
household to determine the basic demographic information, the water use stock present
within the home, the efficiency of the water use stock, and the water use activities and
behaviours of the residents. This task was relevant to assisting in the analysis and
verification of end use water consumption within each household. The water audit
consisted of determining some basic demographic information for the household,
logging the water use fixtures and fittings within the household, and asking residents to
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explain how, when and the duration of water fixture use This process enabled the
establishment of the current water usage stock within the community and allowed for an
understanding of how and when the residents consumed water within the home. The
data was essential in the determination of fixtures and fittings within homes, the relative
efficiency of fixtures, the perceived time of day and duration of use, and the water usage
patterns and behaviours unique to each household. Additionally, this data enabled the
development of Trace Wizard© templates for each home; they were used to determine
the efficiency of the fixtures and to carry out the end use water consumption data
analysis.

(v)

Trace Wizard analysis of end-use data

The data analysis, using the Trace Wizard©, included a visual inspection of the data, the
checking of the consumption trends, and the representation of the results in tables and
figures. Once the data set (or template) was established for each home, a validation
process occurred through the revisiting of the water audit information and a cross-check
with the bulk meter water consumption data from the GCWs billing system. This
information assisted in ensuring that the daily and weekly end use water consumption
data, and was on par with the households’ bulk metered water consumption data.

3.3.2 Stage 2b: Data processing
The previous step presented a Trace Wizard analysis on the raw flow data to achieve a
categorised water end use event. The output from this analysis included the starting
time, ending time, volume, duration, most frequent flow rate, and maximum flow rate of
each classified event. However, these accomplished features were insufficient for the
building of an effective automatic system; therefore, the raw flow-based consumption
data of each classified event was required. This stage (Stage 2b) presents a data
segmentation process, which compared the starting and ending time of each categorised
event with these from the raw flow-based data, and extracted the flow series clamped by
these points of time. The final outcome of this stage was the obtainment of eight sets of
water end use categories expressed in terms of flow rate series.

3.3.3 Stage 2c: Development of a supportive technique for prototype selection
Stage 2c involved the investigation of classified samples from different categories to
explore the common and distinct characteristics of each of them, whose outcome led to
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the development of a new prototype selection method. It used the DTW to strip out
typical samples from a data set.

(i)

Exploration of each end-use category’s distinct features

The first task of Stage 2c assessed the pattern of each end use category, which assisted
in selecting the appropriate method to tackle the existing pattern matching problem. The
flow data of each end use event in the same category was plotted to allow for the visual
assessment on their flow rate variations. The flow rate trends of all the categories were
compared to find the distinct difference, upon which the design could be based for a
suitable classification process.

(ii)

Prototype selection technique

The data processing revealed that most events from the machine-based categories, such
as clothes washer, dishwasher and toilet have unique patterns; they were generated from
a repeated mechanical process. It is this characteristic which helps these categories
become visible to the HMM method. However, the patterns of events from the same
category, in any particular house, did not always remain consistent, especially when
there was a great pressure loss in the main due to the concurrent use of many water
devices. This issue led to the fact that the distorted event is less recognisable to the
system, and could be classified to an inappropriate category. To overcome this
disadvantage, a prototype selection method was developed to help identify all types of
distorted events as mentioned. In the single event analysis, the proposed method was
applied for the dishwasher, clothes washer, and toilet categories.

The second application of this method was in self-learning stage, which was designed to
enable the proposed system to work effectively in different cities, regions or countries.
In the self-learning function development process, this technique was applied to group
similar unclassified events together for future analysis. These newly classified events
were then incorporated into the existing database to improve the system performance.
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3.4

Phase 3: Single and combined event analysis

Phase 3: Single and
combined event analysis

TASK

OUTPUT

Stage 2a: Single event classification

Literature and
past research

Apply existing techniques
on the problem

The selection of HMM
method for the study

Incorporate more features
to improve the model

An effective single event
analysis model

Verify the model on 3
independent homes

A published paper on single
event analysis

2b Combined
Stage 2b:
Combined event
event classification
classification
Literature and
past research

Apply several techniques to
find an appropriate model

A primary combined event
analysis model

Incorporate more features
to improve the model

A refined and effective
model

Verify the model on 50
independent events

A published paper to
confirm this technique

Figure 3-3 Single and combined event analysis

Phase 3 involved the development of an intelligent model to perform an autonomous
categorisation of the residential water flow data into appropriate end use categories. The
phase presented a comprehensive study of the required techniques and methodology for
both the single and combined event classification, whose outcomes were tested and
published in two refereed journal papers. Each stage of the phase included numerous
processes to achieve the stated objectives, as illustrated in Figure 3-3.
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3.4.1 Stage 3a: Single event classification
The purpose of Stage 3a was to develop a technique which is able to separate single
events and combined events from the raw flow trace; then it assigned the single events
to the appropriate categories. A hybrid combination of the HMM method and the DTW
algorithm was proposed to tackle this issue. The efficiency of the overall technique was
verified in three independent homes, with an average accuracy of more than 84.1%. A
detailed discussion on the advantages and disadvantages of this technique was also
presented in comparison with existing flow trace analysis models. The stage concluded
with recommendations of the required tasks used to help improve the efficiency of the
suggested model. The tasks, performed to achieve the required objectives for this stage,
are described in the flowing sections.

(i)

Trials on existing pattern recognition techniques

The trials on existing pattern recognition techniques task were designed to apply the
existing pattern recognition techniques, including ANN, HMM and DTW, to the present
problem to evaluate their strengths and weaknesses. ANN has been known for its power
in pattern matching issues; however, with a limited input, as in this study, the
application of ANN was not effective. This finding resulted in a low recognition
accuracy of below 50%. DTW was found to be a weak technique to deal with this type
of problem due to its long processing time and low accuracy. With the ability to monitor
the flow rate variation along the sample, HMM was considered as the most potential
method to tackle the problem. Several attempts have been made to build a primary
model for single event analysis, based on the HMM method.

(ii)

Model improvement

The first HMM model was found to be an effective solution for the present pattern
matching challenge, with an average accuracy of 72.6%, a considerable improvement
when compared to ANN. However, for a widespread application, the model needed to
be developed to a higher level, which was the main objective of this task. A hybrid
combination of HMM, DTW and several physical characteristics of the collected data
resulted in an advanced model; its efficiency was confirmed by the verification of the
independent data presented in the next section.

(iii)

Model verification
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The model verification task involved the testing of updated HMM model on three
independent homes to assess its efficiency in solving the single event classification
problem. The test showed that there was a dramatic improvement in average accuracy,
from 72.6%, when using HMM alone, to above 84%, when combining the model with
other physical characteristics. There are still some objective shortcomings in the present
model due to the imperfection of the collected data (i.e. the reliability of the input data
for model training), which lowered the overall efficiency of the proposed method. The
advantages and disadvantages of the proposed technique were also discussed in detail in
Chapter 5.

3.4.2 Stage 3b: Combined event classification
For the projected autonomous water management system to be widely accepted, the
ability to disaggregate a combined event into different single end use categories plays
an essential role. Importantly, the problem of separating an unknown combined event
into several single events still remains one of the most challenging issues in the field of
pattern recognition. Further, most existing models, presented in Chapter 2, were
unsuccessful in overcoming this problem. This stage of phase 3 presents a breakthrough
solution for this challenge; it was tested on a large number of independent samples, with
an average separation accuracy of 88%. A brief introduction and discussion of its
technique development are presented below.

(i)

Trial on existing techniques

The trial on existing techniques task involved the application of powerful blind source
separation techniques into the facing matter, such as Independent Component Analysis
(ICA) and Principal Component Analysis (PCA). However, none was able to tackle any
aspect of this issue. Hence, the challenge involved the need for the development of a
completely new technique for the separation of the combined events; its complexity
dominated all existing blind source separation problems. This stage presents the
breakthrough method, which is able to take advantage of the existing single event
analysis model using HMM to provide a solution for the combined event
disaggregation.

(ii)

Method improvement
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Similar to the development process of the single event analysis module, the primary
combined event analysis module, using HMM, was proved to be effective in solving the
addressed issue; however, the initial achieved accuracy was not promising for popular
application. This task aimed to improve the model by incorporating other parametric
features and additional analysis processes to boost the final classification accuracy. The
accomplishment of the final model, which can correctly categorise 88% of the tested
combined samples, can be seen as a success for the overall study.

(iii)

Method verification

The developed combined event analysis module was tested on 50 independent events to
assess its strengths and weaknesses in dealing with the patterned data. Interestingly, in
such a complicated problem, the proposed method was even more effective than
working with a single event, achieving an average accuracy of 88% compared to 84.1%
obtained in single event verification. The outcome of this stage was the publication of
this technique in a journal paper, in which the efficiency for the present and similar
blind source disaggregation problems was confirmed (Nguyen et al, 2013b).

3.5

Phase 4: An autonomous flow trace analysis application development

With the availability of single and combined event analysis modules, the design of this
phase aimed to complete the loop of the overall study through the suggestion of an
adaptive learning functionality. It allowed the existing model to perform effectively in
different regions, and updated the existing model with new classified sample patterns.
This phase was divided into two stages, with numerous tasks, as presented in Figure 34.

3.5.1 Stage 4a: Development of a self-learning algorithm
As the flow patterns of the any particular end use category are collected from different
cities or regions they can be significantly diverse. Hence, it is important for the visioned
expert system to be able to adapt and self-learn the new variant water flow signature
characteristics, without the need for re-training or calibrating with that region’s dataset.
This stage introduced the required tasks to help achieve the above objective; the tasks
are presented in the following sections.
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Phase 4: Autonomous flow
trace analysis application

TASK

OUTPUT

Stage 4a: Self learning function

Literature and
past research

Group all similar samples
together for adaptive
analysis

Analysis of all
unclassified grouped and
ungrouped samples

Update the existing
model with the new
classified events

An adapted HMM model
for the surveyed home or
region

Stage 4b: A complete application

All developed
data analysis
modules

Combined all existing
modules into one model

Autonomous flow trace
analysis application

Figure 3-4 Autonomous flow trace analysis application

(i)

Unclassified event grouping process

The unclassified event grouping process task proposal was based on the fact that the
water flow pattern of the same end use category in any home can be similar or identical;
this is especially for the ones generated by machine-dependent fixtures, such as clothes
washer, dishwasher or toilet. Therefore, instead of analysing each individual
unclassified sample, it became more effective and time efficient to analyse groups of
unclassified events that belong to the sample category. At this stage, the prototype
selection technique, using DTW, was applied in combination with other physical
characteristics to help gather similar events together into different groups. The HMM
and frequency analysis technique were followed to assign these unclassified groups into
appropriate categories.

(ii)

Model update
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Once all unclassified events were accurately categorised, the updating process was
carried out to incorporate the new flow patterns into the existing database to improve
the model efficiency. Again, the HMM training algorithm was applied to determine a
new set of HMM parameters to reflect the new expanded dataset. The outcome of this
process was a robust system which adapted to new environments without the need of
being retrained to use the data collected from any new end use study.

3.5.2 Stage 4b: Autonomous flow trace analysis application development
Once the self-learning algorithm was successfully developed, the final task of the
overall study was to integrate all the separate analysis modules to build a unique
application. This step presents the arrangement of the different analysis units in the
system, which started with the single event analysis model to help classify the single
event from the raw flow trace. This step was followed by an investigation into the
combined event to disaggregate it into the appropriate classified single events. If the
model was operating in a new region, then the self-learning functionality was activated
to help analyse all the unclassified events and update the existing database with the new
event patterns. A verification process on three independent homes in Melbourne was
conducted. The outcomes are explained clearly in Chapter 7.

3.6

Chapter summary

This chapter examined the overarching research design and each aspect of the proposed
method approach to satisfy the developed research objectives. The application of both
research and development methods was necessary to strengthen the research design and
to address all research objectives. The research section includes the gaining of
knowledge in several pattern recognition techniques, such as ANN, HMM and DTW
while identifying the study approach, as well as an understanding of the past end use
studies conducted in Australia and worldwide. The development method involved the
building of a supportive technique in prototype selection, and the suggestion of three
models to perform the single analysis, the combined event analysis, and the selflearning functionality. Each refereed publication chapter also provides a detailed
description of the specific research methods applied. Chapter 4 is dedicated to detailing
the data collection process (i.e. sample size, region, technology, and required software),
and explaining the technical aspects of the previously mentioned prototype selection
technique using DTW.
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4.1

Data collection

The data collection task was designed to collect water end use data from 252 homes,
located in SEQ, to facilitate the present study. A mixed method, employing smart water
meter, data logger, stock survey and water audit, were utilised to achieve the stated
objectives. The relationship between the smart metering equipment, the household stock
inventory surveys, and the flow trace analysis is shown in Figure 4-1.

1

Figure 4-1 Schematic flow of processes in the study (Beal et al, 2011a)

4.1.1 Data requirement and technology
(i)

Water meter and data logger

The standard council residential water meters were replaced with Actaris CTS-5 water
meters. These smart meters measured the flow to a resolution of 72 pulses/L or a pulse
every 0.014 L. The meters were connected to Aegis DataCell series R-CZ21002 data
loggers. Prior to installation, the loggers were programmed to record the pulse counts at
five second intervals. Each logger was wired to a meter, labelled and activated, prior to
installation, to reduce reliance on external plumbing contractors to prepare and activate
the equipment. Following the confirmation of suitability, the installations were
conducted by approved plumbing contractors. A pilot study for the Gold Coast region
(Beal et al. 2010) indicated that the following factors were critical to ensuring a high
quality installation process, which would substantially reduce the possibility of water
ingress and the subsequent data loss:
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waterproofing all the seals, including the wire connections and the aerial fittings
on the loggers ;



a minimum of three days between the silicone work and the installation of the
loggers to allow for sufficient sealing;



replacing standard sized meter boxes with a wider and deeper box to fully
accommodate the meter and the logger, and to eliminate the need for a forced
installation; and



developing a thorough quality assurance programme, including a weekly review
of all the emails sent by the loggers to ensure satisfactory data quality and
frequency. Figure 4-2 shows the preparation laboratory and the final installed
meter/logger set.

Figure 4-2 Preparation and final installation of meter and loggers

(ii)

End use analysis technology

The end use analysis program (Trace Wizard©) was utilised by previous studies,
including those carried out in Melbourne, Perth, Toowoomba, Tampa and across twelve
regions of the USA. This software was developed by AquaCraft in the USA,
specifically to undertake this analysis activity. The Trace Wizard© software was
selected as the most appropriate analysis tool due to its suitability for Windows
environments, the ease of undertaking flow trace analysis, and the reasonable price for
the software package. The Trace Wizard© program was specifically modified by
AquaCraft Inc® for the current study to enable the software package to receive data
from the four channels of the Monita D series loggers (Willis et al., 2009a; 2009b;
2009c).
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4.1.2 Determine sample size and research region
(i)

Research region

The primary research regions are located in the south east corner of Queensland (Figure
4-3). The selection was based on the main consideration of socio-economic status to
ensure that the sample included a range of household incomes. A sample of properties
was taken from the Sunshine Coast Regional Council (n=67), Brisbane City Council
(n=61), Ipswich City Council (n=37), and the Gold Coast City Council (n=87) to use as
a database for the current study.

Figure 4-3 Regions examined in SEQREUS. Inset: location of SEQ.

(ii)

Sample selection

To ensure the research findings were representative of a population, an appropriate
sample was selected (Howell, 2004). Therefore, the study sought to target just the
mains-only supplied detached dwellings, which made up the majority of the residential
stock in the region. The participating households completed a questionnaire survey that
was developed to assist in determining the socio-demographic characteristics and the
socioeconomic status of the households. These surveys also assisted in determining the
environmental and water conservation perceptions and attitudes of the consumers. The
completed questionnaire surveys (n=252) were entered into Predictive Analytics
Software 18.0 (PASW formally SPSS), a statistical analysis program (SPSS, 2010). The
PASW 18.0 popular data storage platform and statistical analysis software is used by
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researchers and businesses. The descriptive statistical enquiries were carried out to
determine the socio-demographic characteristics of the research sample. The outcome of
the analysis process was to determine the criteria for the sample selection, as displayed
in Table 4-1 (Willis et al., 2010a; 2010b).

Table 4-1 Criteria for sample selection
Criteria

Comment / Justification for Criteria

Consented to end use Required ethical clearance requirement for all collaborating
study

research partners.

Residential single,

Required a single residential water meter specific only to the

detached dwelling

property being metered in order to capture single household data.

No

internally

plumbed Toilet and/or laundry end uses would be sourced from the rain

rainwater tank. Rainwater tank and, thus, could not be measured by mains water meter. All
tank

for

external

use internal end uses needed to be measured in this study. Rainwater

permitted

tanks were used predominantly for external use only (i.e. not
plumbed in to household); and this fact was documented in the
water audit to allow irrigation comparisons.

Water meters accessible

Water meters need to be replaced with minimum disturbance to

and readily replaced with

property. Data transfer requires clear signal. Concrete lid may

Smart Meters and

reduce reception. In summary, the site was reviewed to ensure that

associated loggers

it was fit-for-purpose for equipment installations and data
collection reliability.

Owner-occupied

Due to consent reasons, and that the water bills were payed for by

household

the home owner (i.e. landlord), only the home owners were
included in the study. Also, the rental households were typically
transient and can move every 6-12 months, thus not providing a
good sample for seasonal comparisons.

4.1.3 Monitor end use water consumption
(i)

Equipment and monitoring

High resolution data loggers were installed by the research team through individual
visits to each home, with the manual installation of the data loggers in the water meter
boxes. Testing of the end use water consumption monitoring design occurred by
verifying that each water meter and connected data logger were actually recording end
use data (i.e. data was recorded from households). The testing process resulted in the
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determination that the end use data was not being obtained for some households; the
investigations determined the main cause, namely, faulty reed switches in the water
meters and water intrusion in the data loggers.

(ii)

Data collection

Collection and analysis of the end use water consumption data involved a number of
steps. Firstly, the raw end use data was downloaded through the data logger “Connect”
software. The data was then processed into readable Microsoft ‘txt’ files which were
directly uploaded into the Trace Wizard© analysis program. This process identified the
flow-based water consumption data for each household within the study (see Figure 44).

Figure 4-4 End use data downloading procedure (Willis et al, 2010a)

4.1.4 Stock survey and water audit
As stated earlier, household water appliance stock audits and self-reported water diaries
were used to help determine the basic demographic information, the water use stock
present within the home, the efficiency of the water use stock, and the water use
activities and behaviours of each household. At the time of the house visit to conduct
the water audit, a water diary was left with the participant to fill out over a 14 day
period. During the visit, the researchers talked through each question with the residents
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and walked around the home looking at, and recording, the water stock, and enquiring
about the use of each device. The residents were asked to elaborate on any interesting
comments or their thoughts on water use in their home, or in general. A range of
information was recorded during the audit; a summary page is shown in Figure 4-5.

Figure 4-5 Example of information summary page for the household stock audit

This process resulted in a database of water use fixtures, fittings and behaviours within
the sample. The data collected through the water audit was used to determine: the
fixtures and fittings within the homes, the relative efficiency of fixtures, the perceived
time of day and the duration of use, and the water usage patterns and behaviours unique
to each household. The data enabled the development of the Trace Wizard© templates
for each home, which were used to determine the efficiency of the fixtures, and to carry
out the end use water consumption data analysis.

4.1.5 Trace Wizard analysis
The end use data in “txt” file form was analysed by Trace Wizard© software version 4.1
(Aquacraft 2010). Initially, the template was created for each home which involved
extracting relevant information from the household stock efficiency and water audit.
The water use diaries were also used to characterise a water use by the known
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occurrence of that use (e.g. half toilet flush at 3.23 pm). Once the template was created
for each household, the data for the two week period of interest was analysed. The
Trace Wizard© software was used in conjunction with the water audits and the water
diaries to analyse and disaggregate water consumption into toilets, taps, leaks,
irrigation, showers, the clothes washer, the bathtub and the dishwasher. An example of
the working Trace Wizard© output is shown in Figure 4-6. The range of values is
characterised and assigned for the peak and mode flow rate, and the volume and
duration of each end use category, which was utilised by the software to reveal all other
flow trace patterns with those characteristics. An MS Excel™ spread sheet was
generated as a final output for a more detailed statistical trend analysis and the
production of charts.

Figure 4-6 Example of Trace Wizard© classification output

4.2

Data processing

As mentioned earlier, the output received from the Trace Wizard© analysis was an MS
Excel summary report, which indicated the physical characteristics of all classified
events, including starting time, ending time, volume, duration, maximum and most
frequent flow rate, as displayed in Figure 4-7. However, it was revealed that, for such a
pattern recognition problem, as faced in the study, the gathered information was
insufficient for the development of an effective autonomous classification model. Thus,
the flow rate series of each classified event was demanding, which was ignored by
Trace Wizard©. Section 4.2.1 below outlines process to help extract the flow rate series
collected from the data logger for any particular classified event.
69

Chapter 4: Data collection and analysis

Figure 4-7 MS Excel™ spread sheet from Trace Wizard© analysis

4.2.1 Raw flow rate retrieval
To perform the flow rate retrieval process for each classified event, it is important to
have a basic understanding of the collected information from the data logger. The
following figure shows a typical format of the data script from the logger, which
includes a distinct code of the data logger to be used for different homes, dates and
times of recording, the intervals between two consecutive records, and the
corresponding flow rates passing through the water meter.

Code

Date

Time (ti)

Duration

Flow rate (ai)

07139S218,

14/06/10

19:14:10,

5,

0

07139S218,

14/06/10

19:14:15,

5,

1

07139S218,

14/06/10

19:14:25,

5,

5

07139S218,

14/06/10

19:14:45,

5,

33

07139S218,

14/06/10

19:14:50,

5,

0

Figure 4-8 Format of information collected from data logger

07139S218,14/06/10 19:15:30,5,0
07139S218,14/06/10 19:15:35,5,1

The raw flow rate retrieval of any particular end use event can be achieved by
07139S218,14/06/10
19:15:40,5,34
comparing
the starting and ending
time of the event from the MS Excel summary report,

with the raw data from the logger. This process is described in the following example.
It can be seen, from the Figure 4-7 above, that a “Half Flush Toilet” event occurred
between 8:58:50 AM and 8:59:20 AM on 14/06/2010. Based on this time and date, the
flow trace of the event can be achieved by back tracking the date and time in the raw
data file of the surveyed home, which is presented in Figure 4-9.
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07139S218,

14/06/10
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Figure 4-9 Extraction of flow rate series of a half flush toilet event

4.2.2 Determination of event characteristics
As introduced in the early sections of this chapter, the flow rate recorded is actually the
number of pulses per litre. With the resolution of 71.5 pulses per litre of the water meter
used, the flow rate means that, for a duration of five seconds, the water meter recorded
that number of pulses (see “Flow rate” column in Figure 4-8). Moreover, if r is the
smart meter resolution (pulse/litre), and n is the sampling interval (second), then, to
convert this pulse back to actual the flow rate (q) in litres per minute, the following
steps should be carried out:

𝑞=

𝟔𝟎
𝒓𝒏

(L/min/pulse)

(4-1)

With r and n being 71.5 and 5, respectively, 1 pulse in this study is equivalent to 0.1678
litres per minute (q = 0.1678 (L/min/pulse)).

To assist the development of the model, all possible features needed to be computed so
that it could be used as a database in further analysis. In the present study, volume,
duration, maximum flow rate (peak) and most frequent flow rate (mode) were the
characteristics to be identified. These would be applied in both single and combined
event analyses in latter stages. For ease of demonstration, a flow rate series of one
single event a, of length m, can be presented as:
Given a = [ a1, a2, a3 ,….., am ] and q = 0.1678 (L/min/pulse)
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Duration (T) of the event (a) is the total number of elements (m) in this vector,
multiplied by the sampling interval (𝑛).

T=𝑛𝑚


(second)

(4-2)

Volume (litre) is calculated by adding all the converted flow rates together and
multiplying them by the duration.
𝑇

V = ∑𝑚
𝑖=1 𝑎𝑖 𝑞 60


(L)

(4-3)

Peak flow rate (Qp) and the most frequent flow rate (Qm) can be determined
when analysing the event vector.
Qp = 𝑚𝑎𝑥(𝑎) 𝑞

(L/min)

(4-4)

Qm = 𝑚𝑜𝑑𝑒(𝑎) 𝑞

(L/min)

(4-5)

For example, an event, as shown in Figure 4-10, has the required characteristics when
determined using the above formula (as follows):

a1 = [ 57

75

76

75 79

58 ]

Figure 4-10 Example of flow series of one particular event

4.3



Duration of this event (T) was 30 seconds,



Volume (V) was 5.79 litres,



Peak flow rate (Qp) was 13.073 (L/min), and



Most frequent flow rate (Qm) was 12.41 (L/min).

End use pattern exploration

The main objective of the end use pattern exploration step was to utilise Trace Wizard©
to discover the distinct patterns of each end use category and, thus, determine the
appropriate approach for the overall study. Within this task, typical examples of each
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category were displayed on the Trace Wizard© background so that their main
characteristics could be examined, including frequent flow rate, duration, and range of
volume. The following sections present a detailed discussion on all end use categories
appearing in the study, including leak, shower, clothes washer, dishwasher, faucet,
toilet, irrigation, and bathtub.

4.3.1 Leak
Leak was considered as a trickle event which occurred constantly, at a small flow rate.
Two typical leak type events occurred in the present study. The first leak type was
occurred by itself in the water main due to a loose connection at the pipe joints. It was
easily identified as it happened continuously over a long period of time, until the
problem has been fixed. The second leak type was usually associated with old water
devices, especially old toilet models. Figures 4-11a and 4-11b show two common
examples of a leak event (blue), which start shortly after a toilet flush (green), and
continue for several hours.

a. Continuous and high volume leak after a toilet event

b. Discrete leak after a toilet event
Figure 4-11 Examples of leak events
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4.3.2 Shower
Generally, there were two shower type events; those occurring in separate shower stalls,
and those occurring in shower/bathtub combinations. Each shower type event produced
a distinct pattern. A shower event from a shower/bath tub combo, the red event in the
Figure 4-12a, typically began with water flowing through the bathtub faucet at a high
flow rate. Then the diverter valve was tripped and the flow was throttled down to a
much lower rate for the duration of the shower.

a. Shower/bathtub combination event

b. Standard shower stall event
Figure 4-12 Examples of shower events

A standard shower stall event did not exhibit the high flow rate at the beginning or end
of the shower event; also, it tended to have a relatively consistent flow rate throughout
the duration of the shower event (Figure 4-12b). The most frequent flow rate (mode)
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property was critical for identifying a shower event; this was because the peak was often
seen at the beginning and the end of the event, making it 2 to 4 times higher than the
mode. A statistical study on the collected data also revealed that a majority of the
shower events have flow rates of not higher than 9.5 litres per minute. Also the average
shower duration was measured from 7 to 8 minutes, but, sometimes, the shower event
may vary from 2 minutes to 30 minutes. Shower volumes, like shower durations, ranged
widely; however, most showers fell within the 37.8 to 75.5 litre range. Another
characteristic, the time of day for showers, occurred during three popular points of time:
in the morning, between 5pm to 7pm; and late at night.

4.3.3 Faucet
Faucet usage was the most common water use encountered while undertaking the
residential analysis. Because humans determine the flow rate and duration of each
faucet event, a wide variety of faucet uses were encountered with each trace.
Fortunately, kitchen and bathroom faucets were seldom capable of flow rates above
13.2 litres per minute, while most faucet usage was relatively brief. Modern faucet
aerators also limit flow rates to 9.5 litres per minute. Indeed, the faucet fixture usually
appeared after the dishwasher fixture so that dishwasher events were not misidentified
as faucet events. An important exception was the utility sink, whose peak flow rate
could be much higher than the standard kitchen or bathroom faucets.

4.3.4 Clothes washer
Different clothes washers have different trace characteristics. Some models, which
permit adjustment for load size, can exhibit various trace characteristics at different
times. The only common feature of most clothes washers was the operation within the
cycle, including the wash, spin and rinse cycle. However, the number of each cycle
within the operation was not constant, and depended on the clothes washer model. The
example in Figure 4-13a shows a clothes washer with three cycles of similar peak flow
rates, which allowed the correct identification for this event.
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a.

Clothes washer cycles with similar peak flow rate

b. Clothes washer cycles with different peak flow rate
Figure 4-13 Two examples of clothes washer events

However, several models, which had three typical cycles, exhibited different patterns
for each cycle (as illustrated in Figure 4-13b). One common clothes washer model
found in the study had several spin cycles before and after the rinse cycle; these spin
cycles also had different patterns. Consequently, the classification of these types of
events was very complicated and required the utilisation of more advanced analytical
techniques.

4.3.5 Dishwasher
Many brands of dishwashers were found in the study; fortunately, they all had similar
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water use patterns, as displayed in Figure 4-14. A typical dishwasher had between 4 and
8 distinct cycles or events, generally spread out over a 1 hour period. The dishwashers
typically used between 24.6 and 45.4 litres to wash a load of dishes, but it was not
unheard of to have a dish washer that used up to 75.7 litres. However, typical
dishwasher properties for each cycle assessed in this study was as follows: a volume
range of 4.4 to 6.8 litres; a peak flow rate range of 6.1 to 7.4 litres per minutes; a
duration range of 50 to 80 minutes; and the most frequent flow rate ranged from 4.9 to
6.1 litres per minute.

Figure 4-14 Typical dishwasher cycles pattern

4.3.6 Toilet
Toilet was a complicated category, due to the great number of new toilet models
introduced over the years. The two popular toilet cisterns available, on the market, were
the full-flush toilet and the half-flush toilet, whose volumes usually ranged between 612 litres and 3-6 litres, respectively (Figure 4-15). The categorisation of these fixtures
can be used with great confidence in relation to their distinct flow pattern and restricted
volume. However, the introduction of a new toilet type, which allows the user to use a
desired amount of water by holding flush button down, made the problem more
complicated, mainly because the generated patterns were very subjective to user
behaviour. Many investigated toilet events of this type exhibited a great number of
different patterns; this did not follow any particular trends. Therefore, to tackle this
problem, a supportive technique (like time-of-day probability function) was
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incorporated into the main HMM classifier.

a. Full-flush toilet event

b. Half-flush toilet event
Figure 4-15 Examples of half-flush and full-flush toilet event

4.3.7 Bathtub
Like shower and faucet events, the bathtub event is one of the water use events that is
completely human determined. The volume, duration, and flow rate of each bath is
completely dependent on the individual drawing the bath. As the size of each bath tub
can vary from household to household, they may be different within each home. The
current study found that bath usage was much less common than shower usage;
however, bath usage was more frequent in households with small children.

4.3.8 Irrigation
Irrigation is also a complicated category to identify due to its various patterns. An
automatic sprinkler produces a different pattern when compared to the pattern of the
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manual sprinkler, which depends completely on human behaviour. A short manual
irrigation event can be similar to a utility sink event, while a long irrigation event using
an automatic sprinkler is almost identical to a bathtub event. Therefore, if the
information of the presence of an automatic sprinkler in the surveyed household was
provided, then the irrigation event recognition would be simpler. A challenge when
dealing with an irrigation event is its long lasting duration, which allows for the
overlapping of other events; thus, it eventually turned a single event analysis into a
complicated combined event classification problem. For a deeper understanding, a brief
discussion of the two typical examples of this end use category is presented below.

a.

Example of an irrigation event located within a combined one

b. Pattern of an irrigation event using automatic sprinkler
Figure 4-16 Examples of irrigation events
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As shown in Figure 4-16a, a combined event included one big irrigation event, which
differed from the standard garden hose irrigation event (in black) and other single
events. The standard hose irrigation events usually lasted between 20 minutes and two
hours, with a relative constant flow rate. Although a manual sprinkler was used, these
events were not difficult to identify.

The next example shows an automatic sprinkler irrigation event (Figure 4-16b). This
particular system had seven zones, and a peak flow rate of approximately 28.6 litres per
minute. The first zone, which had the highest flow, irrigated the lawn area. The
remaining six zones, which had much lower flow rates, were part of an extensive drip
irrigation system for plants and shrubs. Also shown are several simultaneous toilet
events. As the automatic sprinkler events were particularly distinctive, no other water
use event looked like them. This type of irrigation event tended to be very consistent
from one week to the next because many of the sprinkler systems were on weekly
timers.

4.4

Prototype selection method using DTW

The study revealed that the utilisation of a single technique was not really effective in
performing an accurate classification task due to the existence of various patterns of one
end use category. Therefore, the development of a supportive technique, which can help
enhance the overall flow rate categorisation, was demanded. This section presents a new
prototype selection method, which was employed to identify, firstly, typical event
patterns, from the classified events of one end use category, to use as prototypes. Next,
the prototypes were compared with all the collected flow trace series in the tested home
to identify the remaining events of this category, which were misclassified by HMM
method. In the single event analysis, this technique was applied to find the typical
patterns of toilet, clothes washer and dishwasher events, as these categories operated
under a pre-set up mechanical process, which resulted in relatively consistent patterns of
the obtained events. The development of this method has been published in a peer
reviewed paper entitled “Application of Dynamic Time Warping Algorithm in
prototype selection for the disaggregation of domestic water flow data into end use
events” (Nguyen et al, 2011). Presented below is the abbreviated version of this paper
published in the IAHR 34th Conference proceedings (i.e. the Abstract has been removed
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and the Introduction section has been refined to focus on the main problem while the
other sections remain intact). The full version of this paper is presented in Appendix E.

4.4.1 Introduction
The disaggregation of domestic water consumption flow-trace data into end use event
categories still remains a complex challenge to be resolved in the field of urban water
management. Domestic end use studies currently utilise software and analyst experience
to disaggregate flow data into end use events (e.g. faucet, dishwasher, toilet, etc.). It
often requires in excess of two hours per home to disaggregate two weeks of flow data.
An existing available database of end use events for 252 households, located in Southeast Queensland (SEQ), Australia, was utilised for the purpose of the current study,
which ultimately aims to automate the trace analysis process. Given that the final
technique, developed for this complex problem, needs to be applied feasibly by water
businesses, it was deemed a high priority to reduce the processing time and memory
consumption as much as possible. Figure 4-17 illustrates a series of clothes washer
event patterns and shows that many samples in the set are quite similar; therefore, the
first objective of this greater study was to apply a technique that could result in a
reduction of the number of samples utilised in a pattern matching prototype.

Figure 4-17 Example of 10 clothes washer events

Prototype selection is not a new topic in the pattern recognition field, and many
methods have been developed to solve the problem. Wilson and Martinez (2000)
successfully applied the “Decremental Reduction Optimization Procedure” for the
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selection of a representation set in the study named “Reduction Techniques for InstanceBased Learning Algorithms”. Using clustering to find a representative dataset is another
popular approach applied for prototype selection (suggested by Bezdek & Kuncheva,
2001; Liu & Motoda, 2002; Spillmann et al., 2006).

Other methods, such as Backward sequential edition, genetic algorithms, and Tabu
search, are also widely applied. However, most of these methods necessitate extensive
computation time and memory consumption when dealing with problems which have a
time series structure. Thus, based on the presented drawbacks, an alternative approach
for prototype selection using the Dynamic Time Warping algorithm is presented here.
The main advantage of this algorithm is that the selection is performed, based on the
comparison of the DTW distance between the samples, which is no more than a
subtraction process. It is this feature that makes the method very fast and economical in
memory consumption.

4.4.2 Prototype selection technique development
The main objective of the prototype selection technique development section was to
apply the DTW algorithm to the specific prototype selection problem. As discussed
previously, this relates to the similarity between two sequences, expressed in terms of
their distance apart. Therefore, it appears that similar samples will have very small
distances between them. The technique used here was based on the idea that if two
sequences are considered to be similar, then the distance from each of them to a selected
reference should be approximate. Using this property, it could be generalised that, for
example, if (a1 , a2 , a3 … a10 ) are the 10 example events whose distances to a reference b
are approximate, then they could be categorized to the same group, and this group could
be represented by any event in the 10. Throughout the dataset, many groups can be
found; each group could then be represented by one sample. Consequently, the required
number of prototypes, to structure the entire dataset for a particular water end use event
(e.g. shower), could be achieved by compiling all the representative samples together. In
the current study, the number of samples in each group was determined using the
following process:


Let D1 and D2 are DTW distances from a1 and a2 to the reference b.
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If

| D1  D2 |

D1

(4-6)

where α is a user defined threshold; then a1 and a2 can be categorised as in the same
group.
Equation (4-6) means that a2 is considered to be similar to a1 if the relative difference
between a2 and a1 is less than α. Using this process, all the other samples, which are
similar to a1 , would be found and grouped together. However, this group is only
represented by a1 , with the other samples in the group being removed. It should also be
noted that the number of prototypes selected from the database depends greatly on the
threshold value α. For example, a higher α value will result in fewer groupings of
samples and, thus, fewer prototypes to represent a water consumption end use. By
allowing a range of α value, the corresponding number of represented samples could be
determined.

However, the shortcoming of this algorithm is that two sequences can have similar
distances to a reference, but they may not always be guaranteed to be similar in terms of
magnitude and length, as illustrated in Figure 4-18a and 4-18b.
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b. Reference event.

Figure 4-18 Method limitation
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The distances from the first and second sequence (Figure 4-18a) to the third sequence,
the reference event (Figure 4-18b), are 1295 and 1291, respectively; the relative
difference between them, in terms of DTW distance, is 0.3%. Thus, if the threshold
value for α is set at 0.5%, then these two samples should belong to the same group;
however, as seen in the above figure, these sequences are completely different in terms
of their length and magnitude. Hence, they should not be immediately considered to be
similar water end use events. This weakness, during the elimination process, means that
some distinct samples could be removed, even if a very small value of α is used. Such a
case could occur in an inconsistent database where most samples vary dramatically.
However, in a reliable dataset, the probability that two greatly different samples have
similar distances to the same reference event is very small. For this reason, the method
is deemed applicable to the current study.

The procedure applied to implement the DTW algorithm for the selection of prototypes
for each domestic water consumption end use event is described briefly below:
(i) Select one event from the available end use database to be employed as a
reference sample. The group/category of the event is known, as determined by
the analyst’s experience or monitoring records.
(ii) Calculate the distances between the reference event and the remaining events in
the database.
(iii) Set a range of threshold values for α in order to undertake the decision making
process. All the events, which have a relative difference less than the threshold
value, are grouped together. One event in each group is selected to represent the
group, while the others are removed from the prototype dataset.
(iv) The number of prototypes depends on the α value. Based on the required water
industry’s need for end use pattern recognition accuracy, the required number of
prototypes is determined, and the threshold value is set accordingly.

The database utilised for the prototype selection application came from the South-east
Queensland Residential End Use Study (SEQREUS), where high resolution smart water
meters, recording 0.014 L/pulse at five second intervals, was recorded from over 200
homes. Further, it was manually disaggregated into end uses by analysts using the Trace
Wizard©. The outcomes of this end use analysis were nine sets of water patterns:
shower, faucet, dishwasher, clothes washer, full-flush toilet, half-flush toilet, bathtub,
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irrigation, and leak. An illustrative example of the process is provided for the
dishwasher end use event, to demonstrate the analysis process. One hundred events
from the dishwasher set were selected, randomly, and used to illustrate and verify the
application of the DTW method to determine the proposed prototype selection
algorithm (Figures 4-19).
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d. Events 76 to 100
Figure 4-19 Dishwasher events

In the above example, the events presented in Figures 4-19b to 4-19d (i.e. events 26 to
100) were utilised as the dataset for the prototype selection process, with the first 25
events being assigned for the testing. The verification process was carried out using the
final selected prototypes to recognise the samples in the testing set. This task aimed to
determine the proportion of the testing set which explained the representation set, or,
put simply, to estimate algorithm efficiency. The whole case study is presented in the
following steps:
Step 1: Select the most likely dishwasher event from the dataset (75 samples). The 26th
event (i.e. first sample pattern in Figure 4-19b) was selected.
Step 2: Calculate the distance between this event and the remaining 74 sequences in the
training dataset. Having calculated the distances, a graph of the threshold value α versus
the number of prototypes formed was achieved (as shown in Figure 4-20). The α value
was set from 0 to 1 and called αs (the threshold value for the selection process).
Step 3: Determine the coverage of the selected prototypes for the testing set. Again, the
threshold value α was used. A sample in the testing set is covered by the representation
set if the difference between itself and any sample in the representation set is less than
α. In the verification process, the threshold value was named αt to distinguish it from αs
in the previous step. The three threshold values (i.e. αt=0.5%, αt=1% and αt=5%) were
utilised to illustrate the efficiency of the algorithm (as detailed in Table 4-2).
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Figure 4-20 Relationship between the threshold value (α) and the number of prototypes

Table 4-2 Comparison of the performance of the algorithm for various α values.
Threshold value
for selection
process (αs)

Coverage over the
testing set with
αt=0.5%

Coverage over the
testing set with
αt=1%

1%

Number of
selected
prototypes
from 75 events
55

Coverage over
the testing set
with αt=5%

48%

72%

100%

2%

47

40%

64%

100%

3%

40

24%

44%

100%

4%

37

16%

36%

100%

5%

34

16%

32%

100%

10%

25

12%

28%

80%

The above table shows that, in the selection process, a fewer number of prototypes are
achieved when the threshold value increases; however, the opposite occurs in the
verification process. With the same number of prototypes, a large α value results in a
higher coverage of the representation set over the testing set when compared to a small
α value. In this application, if two samples (with the relative difference of 5%) are
considered to be similar, then the 25 samples in the testing set would be covered
completely by the 34 prototypes selected in the previous steps. Further testing was
performed to verify the computational efficiency of the proposed technique in
comparison to the other three prototype selection methods, such as the Tabu search, the
clustering method, and the backward sequential edition. Table 4-3 below shows the time
consumed (in milliseconds) to select the following prototypes from 100 events, as
shown above.
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Table 4-3 Comparison against existing prototype selection method
Method
Proposed method

15 (ms)
572

25 (ms)
594

50 (ms)
601

75 (ms)
610

Tabu search

1036

1169

1479

2105

Clustering method

898

1312

1986

3150

Backward sequential edition

1020

1512

1811

2105

With the dataset used in study, the DTW method performance was deemed appropriate
as all the eliminated samples were similar in both their magnitude and length. Such a
good performance is partly due to the consistency of the samples in the dataset. The
main advantage of this method is that it substantially reduces the computational
processing time and memory consumption in the problems having time series structure,
which is essential in the next research stage where the prototypes files are used for the
pattern recognition of the water consumption end use events from flow data. When
applying the algorithm, the distances from the reference event to all the other samples
are only required to be determined once; they are saved for later use. The relative
differences between the samples are achieved, based on these existing distances; with
each setting of the threshold value, a corresponding number of prototypes are selected.
Put simply then, the whole selection process is, in the main, carried out with only
subtraction and comparison steps.

4.4.3 Conclusion
The outcome of this study plays an important role in the development of the hybrid
technique algorithm for the pattern recognition of domestic water consumption end use
events. Such an algorithm is undoubtedly essential for any future envisaged smart water
metering and management system. With its flexibility and simplicity, the model allows
the analyst to select different types and numbers of samples to structure the whole
database easily and instantly. Moreover, the application of this algorithm is not limited
to only this study; it could also be utilised in many other fields, such as hand writing
recognition, speech recognition, or data approximation. The only limitation of the
method is the low efficiency achieved when performing the task on highly inconsistent
data. This scenario is not the case for the applied dataset where there is a high degree of
similarity between many of the samples. In conclusion, the introduced method is
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applicable and recommended to all problems which require the selection of prototypes
to represent the whole database.

4.5

Chapter summary

This chapter examined the situational context and described the research sample
through descriptive statistical analysis. This approach gave an insight into household
densities, ownership status, and family types of the selected properties. In addition, the stock

inventory survey, the water audit, and smart metering technology were critical inputs for
an end use analysis aiming to collect a database for the present study. With an intensive
understanding of the distinct patterns for each end use category, as presented in section
4.3, the proposed supportive analytical technique helped to select a certain number of
prototypes from a given dataset. Their applications were remarkable for the
development of both the single analysis and the self-learning function modules.
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Development of an intelligent model to categorise
residential water end-use events
Abstract: The aim of this study was to disaggregate water flow data collected from high
resolution smart water meters into different water end-use categories. The data was
obtained from a sample of 252 residential dwellings located within South East
Queensland (SEQ), Australia. An integrated approach was used, combining high
resolution water meters, remote data transfer loggers, household water appliance audits
and a self-reported household water use diary. Disaggregating water flow traces into a
registry of end-use events (e.g. shower, clothes washer, etc.) is predominately a
complex pattern matching problem, which requires a comparison between presented
patterns and those contained with a large registry of categorised end-use events. Water
flow data collected directly from water meters includes both single (e.g. shower event
occurring alone) and combined events (i.e. an event which comprises of several
overlapped single events). To identify these former mentioned single events, a hybrid
combination of the Hidden Markov Model (HMM) and the Dynamic Time Warping
Algorithm (DTW) provided the most feasible and accurate approach available.
Additional end-use event physical context algorithms have been developed to aid
accurate end-use event categorisation. This paper firstly presents a thorough discussion
on the single water end-use event analysis process developed and its internal validation
with a testing set. This is followed by the application of the developed approach on
three independent households to examine its degree of accuracy in disaggregating two
weeks of residential flow data into a repository of residential water end-use events.
Future stages of algorithm development and testing is discussed in the final section.
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5.1

Introduction

After decades of inadequate metering of water use, organisations have come to the
realisation that it is almost impossible to evaluate the effectiveness of residential water
demand management schemes without accurate and appropriate measurement of actual
water consumption at an end-use or micro-component level. This desire to better
monitor and analyse water consumption has led to the conceptualisation of a
Knowledge Management System (KMS) which is able to collect real-time water
consumption data through a smart water metering system, transfer and store the data
into a knowledge repository, analyse and disaggregate data into a registry of end-use
events, and produce a wide range of reports which can be accessed on-line by a broad
range of users (e.g. consumers, water utilities, government organisations, etc.) (Stewart
et al., 2010).

Water end-use data registries enable much deeper understanding on the determinants of
residential urban water demand. Recently, there have been a numbers of reported
studies that have utilised water end-use data registries for a range of statistical
modelling and decision-making purposes. These studies explored the determinants of
shower end-use consumption (Makki et al., 2011), influence of residential appliance
stock efficiency on end-use consumption (Beal et al., 2011a, 2011b; Willis et al.,
2011a), impact of visual display monitors on shower end-use consumption (Willis et al.,
2010a; Stewart et al., 2011), influence of water conservation attitudes on discretionary
water end-use consumption (Willis et al., 2011b), and recycled water end-uses in
residential households (Willis et al, 2011c).

Water end-use studies such as these

demonstrate the benefits of having available such data, and how it can be utilised to
better inform urban water practices and policy going forward. However, the findings
reported in these research papers were made possible through resource intensive flow
trace analysis tasks in order to categorise water end-use events; such an approach is not
economically viable for large scale samples (i.e. citywide end-use dataset).

Before such an information system can be realised and the benefits of citywide end-use
data registries yielded, improved approaches for disaggregating high resolution water
consumption data into end-use events is required. Therefore, the key enabler for this
KMS is the development of pattern matching algorithms which are able to automatically
categorise collected flow trace data points received from wireless data loggers into
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particular water end-use categories. To tackle similar complex problems, such as hand
writing segmentation and recognition, speech recognition, fingerprint recognition,
surface water level and seabed liquefaction predictions (Sannasiraj et al., 2004; Zhang et
al., 2007), many powerful pattern detection tools have been established and widely
applied, including Artificial Neural Network (ANN) (Moon et al., 2009), Dynamic
Time Warping (DTW) (Nguyen et al., 2011) algorithm and the Hidden Markov Model
(HMM) (Cho et al., 1995). However, all these methods are data driven that require
training datasets in the case of ANN and HMM models or reference datasets for the
DTW method. To facilitate this study, over 7000 days worth of 5 second interval flow
trace data was collected from 252 homes within South East Queensland (SEQ),
Australia. This flow trace data was manually disaggregated into nine different water use
patterns, including shower, faucet (tap), dishwasher, clothes washer, full-flush toilet,
half-flush toilet, bathtub, irrigation and leak. Utilising this extensive training set and
through trialling many of the above mentioned analytical techniques (i.e. ANN, HMM
and DTW), it was revealed that a hybrid approach using a combination of the Hidden
Markov Model (HMM) and Dynamic Time Warping Algorithm (DTW) is the most
suitable for solving this type of pattern matching problem.

A comprehensive methodology is presented herein to illustrate the identification process
for all of the single event category’s disaggregation from the collected flow trace data.
To demonstrate the entire model design and verification process for single events, a
complete clothes washer event analysis is shown. The approaches for disaggregating
combined events (i.e. shower concurrent with toilet flush) are beyond the scope of this
paper; however, they are briefly discussed in the context on the overall objectives of the
greater study herein.

5.2

Background

5.2.1 Existing water metering process
One of the deficiencies of the existing urban water management system is the current
simplistic metering process. The current water metering system does not typically
provide real-time water consumption data and in cases where it does, it does not provide
a sufficient level of data resolution to allow water end-use event categorisation.
Conventional water meters count each kilolitre of water as it passes through the meter
without the ability to record when (i.e. time of day) and where the consumption takes
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place (e.g. washing machine, leakage, etc.). Water consumption readings are generally
recorded manually on a quarterly or half yearly basis. Under most situations, a whole
year’s worth of water consumption data is described by only two to four data points in
the water businesses billing system. No further information is available to draw upon
should there be any queries. Obviously, this conventional water metering system
produces limited, delayed water consumption information. Such a metering system is
unable to provide effective support to water planning and management processes. This
current metering approach is not adequate to meet the increasing level of government
scrutiny on the utilisation of water resources and does not assist society at large to
address the pressing water security issues associated with climate change.

5.2.2 Advent of smart water metering and transition to more advanced systems
The concept of smart metering embraces two distinct elements; meters that use new
technology to capture water use information and communication systems that can
capture and transmit real-time water use information. Smart water meters essentially
perform three functions; they automatically and electronically capture, collect and
communicate up-to-date water usage readings on a real-time (or nearly real time) basis
(Neenan, 2008). Hence, a smart meter is a high frequency (e.g. 72 pulses per litre)
sampling device (a data logger) that allows for the time series reading of water
consumption. The information is available as an electronic signal; it can be captured,
logged and processed like any other signal.

An extension to the existing architecture of the smart water metering system is an
advanced integrated water management system as conceptualised here, which is
designed as a powerful tool to support an integrated water conservation management
system, in order to sustain water savings. The primary functions of the system include,
but are not limited to, collecting real-time water consumption data through a smart
water metering system, transferring and storing the data into a knowledge repository
and analysing the data, and producing a wide range of reports which can be accessed
on-line by a broad range of users (e.g. consumers, water utilities, government
organisations, etc.). However, the realization of such an advanced integrated water
management system will only become possible when there is a robust analytical model
available which can automatically and accurately disaggregate flow trace data into
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individual water end-use event categories. The design and verification of such an
analytical model is the ultimate aim of this study

5.2.3 Reported water end-use studies
In recent years, a number of residential water end-use studies have been completed
using a range of single or mixed methods, such as household auditing, diaries, high
resolution smart metering and pressure sensors, with a diverse range of per capita enduse summaries. Jacobs (2007) and Blokker (2010) provide summaries on a good
proportion of the end-use models developed from stochastic techniques, contingent
valuation approaches (CVA), modelling, and metered methods. The introduction of
advanced technology has enabled the direct capture and classification of water end-use
events. Table 5-1 provides a summary of reported end-use studies completed that have
applied high resolution smart meters, data loggers or pressure sensors completed
internationally in the last 15 years.
As displayed in Table 5-1, from a direct measurement and water end-use recognition
approach which is undoubtedly the future of this type of problem, the two main
approaches presently reported include using smart water meters in conjunction with a
decision tree based analysis tool such as Trace Wizard© or Identiflow or as more
recently published, the inclusion of pressure sensors at individual appliances (i.e.
HydroSense) along with a HMM based decision tool. Each approach has its own
strengths and weaknesses, which were discussed in the following sections.
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Table 5-1 Conducted water end-use studies using smart water meter, data logger and pressure sensor (Beal and Stewart, 2012)
Study

Location

Sample
size (hh)

Sample regime

Dwelling
type/s

Data capture

2011 – USA University
of Washington

Seattle, USA

5

5 weeks

Mixture

Pressure sensor

2009 – 2011 Gold
Coast Watersaver EUS

Gold Coast,
Aust.

252

Winter 2008
and Summer
2009

Single,
detached, dual
reticulation

2008 –USQ
Investigation of
domestic water end-use

Toowoomba,
Aust.

10

Continuous for
138 days

Auckland
region

51

Yarra Valley,
VIC, Aust.

2007 – NZ Water Enduse and efficiency
project
2005 – Yarra Valley
Water Residential Enduse study
2004 - Tampa Water
Department Residential
Water Conservation
Study
2003 – Smart metering
project in UK
1998–2001 WA Water
Corporation Domestic
Water Use study
1998 USA and Canada
residential end-use –
AWWA

Data transfer and
analysis
Data transferred
wirelessly to PC. Analysis
using HydroSense

Reference

Actaris CT5-S meters, Aegis
Datacell R series loggers, 10
sec. int.

Manual download to PC
in-situ Trace Wizard®

Willis et al. (2010a,
2011b)

Single
detached

Actaris CT5-S meters, Monita
R series loggers, 10 sec. int.

Wireless download –
weekly email Trace
Wizard®

Mead (2008)

6 months:
across summer
and winter

Single,
detached

Neptune disc meter, 34.2
pulses/L, Branz data loggers, 10
sec int.

Manual download to PC.
Trace Wizard®

Heinrich (2006)

100

2 x 2 wks
summer and
winter

Single
detached

Actaris CT5 modified to 72
pulses/L. Monatec XT logger, 5
sec int.

Manual download into
MS Access database.
Trace Wizard®

Roberts (2005)

Florida, USA

26

2 wk baseline
data + 2 x 2 wk
data post retrofit

High endusers (230
L/p/d)

Trident T-10 or Badger 25
meters, Meter-Master loggers,

Downloaded to PC and
Trace Wizard®

Mayer et al. (2004)

Across 10 UK
Water utilities

250

On going

Mixture

Indentiflow® smart meter (0.01
L resolution) and data logger at
1s. intervals

Analysis using
Identiflow® software

Kowalski and
Marshallsay (2005)

Perth, WA,
Aust.

120 and
600
surveys

18 months for
single and 13
months for
multi

Single and
multi

Smart meters and loggers
(unspecified)

Manual download to PC
in-situ and Trace
Wizard®

Loh and Coghlan
(2003)

USA/Canada

1,188

Single
detached

Magnetic water meters, Meter
Master 100EL logger, 10 sec
int.

Manual logger and
download ex-situ and
Trace Wizard®

Mayer et al. (2004)

2 x 2 wks
summer and
winter
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5.2.4 Trace Wizard ©
The presently used version of Trace Wizard© is time consuming and resource intensive.
The tasks required to complete an end-use study are presented in Figure 5-1 and
explained in detail in Appendix C1.

Figure 5-1 Schematic illustrating water end-use analysis process (Beal et al, 2011a)

The advantage of Trace Wizard© is that it applies a simple algorithm that interprets data
based on simple flow boundary conditions (e.g. minimum and maximum volume or
duration range, etc.), which allows the collected data to be analysed by the tool in a
considerably short period of time (i.e. excluding data preparation process). However,
while the initial analysis is rapidly completed, to achieve high levels of accuracy an
experienced analyst needs to review recognised events and change them where they
believe that the tool is poorly classifying them. Due to this human resource requirement
the overall process is extremely time and resource intensive, and greatly relies on the
flow trace analyst’s experience in understanding flow signatures. Moreover, Trace
Wizard is only able to analyse two simultaneous water events (Trace Wizard, 2003);
therefore, the prediction accuracy would be reduced where there are a number of events
occurring concurrently.
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5.2.5 Identiflow
In 2001, WRc, a research organisation based in United Kingdom, introduced Identiflow
as a cost effective program for measuring the component of domestic water
consumption. Similar to Trace Wizard, the technique involved the capture of high
resolution flow data and use software incorporating a decision tree algorithm to
deconstruct a flow trace data series into constituent water end-uses. Identiflow achieved
74.8% accuracy in terms of the correctly classified volume when tested on 3870 events,
which is relatively high compared to Trace Wizard. However, as this software was
based on the analysis of fixed physical features of various water-using devices (e.g.
volume, flow rate or duration, etc.) to make different decisions for categorisation, final
classification accuracy is not always guaranteed and greatly dependent on the existing
types of water devices. By applying this approach, two completely different water
events could be placed into the same category if they have similar physical
characteristics. Another disadvantage relates to its poor ability to identify modern
appliance stock, for example, a washing machine manufactured in 2001 when the study
was conducted could have a much different operation system, and thus flow rate and
volume per wash, compared to new one produced in 2012, or a new toilet model would
have a different cistern volume compared to the older one, which has a profound effect
on the final recognition accuracy of Identiflow.
5.2.6 HydroSense
Froehlich et al. (2009; 2011) presented a longitudinal study of pressure sensing to infer
real-world water usage events in the home using a probabilistic-based classification
approach. The validation showed that with a single pressure sensor, the probabilistic
algorithm can classify real-world water usage at the fixture level with 90% accuracy and
at the fixture category level with 96% accuracy. With two pressure sensors, these
accuracies increase to 94% and 98%. This end-use study approach resulted in a
relatively high accuracy due to the employment of sophisticated pattern recognition
algorithms. However, the main a shortcoming of the approach relates to its requirement
for a number of pressure sensors to be attached to water devices inside households in
order to accurately identify end-use events using the HydroSense system. There may
also be extensive calibration required for new homes that have different plumbing
configurations to those studied (e.g. polymer pipe instead of copper). Aesthetics is
another issue since the sensors are highly visible to the homeowner. These aspects
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potentially increase the cost and reduce the feasibility of widespread implementation of
this approach making it more difficult to commercially apply on a citywide scale.

5.2.7 Summary assessment and persuasion for new model development
In summary, the ideal approach that is most amenable to

citywide application is

installing smart water meters at the property boundary in conjunction with intelligent
end-use pattern recognition algorithms either in-built into the meter software or within a
processing module at the utilities data centre. This is the lowest cost and non-intrusive
approach

to

water

end-use

disaggregation.

However,

for

such

widespread

implementation, the following summarised limitations of the existing models (i.e. Trace
Wizard© and Identiflow) have to be overcome:


inability to analyse collected data without human interaction and manual
reclassification (i.e. main disadvantage);



inability to accurately distinguish different end-use categories which have
similar water flow characteristics (e.g. shower, bathtub and irrigation);



inability to classify an end-use category that has various physical parameters
depending on appliance models (e.g. dishwasher, clothes washer and toilet); and



inability to deal with multi-layer combined events (i.e. cannot handle three or
more concurrent events).

These shortcomings have motivated the development of an automatic flow trace
analysis system which can address all of the above mentioned issues. For the building of
such an intelligent model, an in-depth understanding of the existing techniques applied
to this type of problem was required. Table 5-2 provides a brief summary of methods
that have been employed in previous water end-use and pattern recognition studies
worldwide in the last 15 years. A rating of each technique (i.e. 1 star (*) = poor; ** =
below average; *** = average; **** = good; and ***** = excellent) has also been made
regarding their processing time efficiency, classification accuracy, self-learning
potential and an overall applicability rating for each technique to the herein examined
water end-use pattern recognition process.
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Table 5-2 Existing pattern matching techniques and a rating of their applicability to the present study
Technique

Decision tree

Research fields typically applied

Medical

decision

making,

risk

Technique rating category

References

Processing

Recognition

Self-learning

Overall

efficiency

accuracy

potential

applicability

*****

**

*

***

Cha et al. (2009), Deng et al.

management, ecological assessments,

(2011), Eggers et al. (2012), Yiee

water end-use studies, many others

& Baskin (2011), Yuan & Shaw
(1995)

Artificial Neural

All pattern recognition problems

Network (ANN)

including

speech,

****

**

**

**

handwriting,

Da & Xiurun (2005), Bhadeshia
(1999), Hert et al (1990), Bishop

signature, finger print, etc.

(1995), Haykin (1999)

Dynamic Time

Limited fields including hand writing

Warping (DTW)

recognition, fault detection, or speech

(2007), Rabiner & Juang (1993),

matching.

Sakoe & Chiba (1978)

Hidden Markov

Most effective in hand writing and

Model (HMM)

speech recognition

***

***

***

****

**

****

***

****

Myers & Rabiner (1981), Muller

Baum & Petrie (1966), Starner &
Pentland (1995), Baum et al
(1970),

Ghahramani

&

Jordan(1997), Satish & Gururaj
(2003), Tapia (2004)
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The ratings shown in Table 5-2 have been achieved through an intensive literature
review and actual application of each technique to the present study. It was found that
the decision tree procedure is the most time efficient technique since it can make
recognition decisions quickly; however, its overall applicability to end-use recognition
problems was rated as only “average” due to its average accuracy and its poor ability to
incorporate self-learning functionality. ANN is another technique that has been widely
applied to most pattern recognition problems such as hand writing, speech or signature.
This technique works effectively if sufficient data is provided for training; nevertheless,
the only available characteristics of one water event recorded from data logger only
comprises of volume, duration, maximum flow rate and most frequent flow rate, which
are not enough for the model to produce a reliable output. DTW is also a popular
technique, but its application to the field of flow trace analysis was not preferred due to
long processing time and average accuracy. The last technique applied in the field of
pattern matching in the last 15 years is the Hidden Markov Model, which is very
powerful in analysing patterns whose variations follow certain trends. It is this
characteristic which makes HMM suitable to the signal collected in this study. Unlike
the decision tree approach which requires the input of fixed characteristics for each
pattern, or ANN that is only effective if adequate data is supplied, HMM just performs
an analysis on the raw flow rate signal through the examination of flow rate change over
the time. A sophisticated mathematical algorithm in HMM would be applied to reflect
the true user’s behaviours when consuming water, or the mechanisms of machine-based
devices, such as clothes washer and dishwasher. Based on this property, no matter
where and when the model is applied (i.e. in different regions at different time), if there
are not significant changes in water use habits, then the proposed method is still
reliable.

Based on the detailed analysis conducted above regarding the strengths and weaknesses
of each mathematical technique, the study proposed a hybrid method combining HMM
and DTW, whose effectiveness was assessed in comparison with the existing water flow
trace analysis models as presented in Table 5-3. It should be noted that although DTW
has a relatively higher processing time, it was still considered as an appropriate
technique, as the number of unclassified events required for the analysis using this
technique is very small compared to the overall collected data (i.e. most of unclassified
events will be initially classified by HMM, and DTW is then applied to find missing
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clothes washer and dishwasher events). Moreover, the ultimate aim of the present study
is to achieve the most accurate flow trace analysis model; therefore, the combination of
HMM and DTW is highly recommended.

Table 5-3 Residential end-use analysis techniques comparative analysis matrix
Technique
examined

Equipment
required

Recognition
analysis

Processing
efficiency

Accuracy2

Cost3

Feasibility4

1

Over
all5

technique(s)
TraceWizard

Smart

Decision tree

****

**

**

***

**

Decision tree

****

**

**

***

**

HMM

***

*****

*

**

***

***

****

***

****

****

meter and
data logger
Identiflow

Smart
meter and
data logger

HydroSense

Smart
meter, data
logger and
pressure
sensors

Proposed

Smart

HMM +

model

meter and

DTW +

data logger

probability

Note: 1processing efficiency relates to time required to recognise end-use events, 2 accuracy relates to techniques degree of accuracy
in recognising end-use events correctly, 3cost relates to the capital cost for setup and ongoing resources required to analyse data
received, 4feasibility relates to viability of widespread rollout of technology for automated end-use analysis in a region, and 5overall
relates to the combined overall assessment on the applicability of the technique for widespread viable automated end-use analysis of
residential water flow data. Rating system: 1 star (*) = poor; ** = below average; *** = average; **** = good; ***** = excellent

5.3

Intelligent model to categorize water end-use

5.3.1 Need for understanding collected data
To facilitate the building of such an advanced water management program, it is
necessary to be able to automatically disaggregate water flow trace data into end-use
events. Figure 5-2 and 5-3 show examples of clothes washer and dishwasher end-use
patterns. These figures illustrate that most flow events have similar typologies and,
therefore have strong potential to be classified using existing pattern matching
techniques such as Artificial Neural Network (ANN), Dynamic Time Warping
algorithm (DTW), and Hidden Markov Model (HMM). Moreover, other event
probability functions can be applied to make decisions on end-use categorization (e.g.
higher probability for certain end-use event at certain time of day). The combined
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application of these pattern matching and event probability functions can enable the
accurate determination of residential end-use events. Achievement of such an automated
approach will undoubtedly be of use to the urban water industry.
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5.3.2 Dynamic time warping algorithm
Dynamic time warping algorithm is one of the most popular methods in measuring the
similarity between two time series of different length. In general, this task is performed
by finding optimal alignment between two series with some certain restrictions. The
sequences are extended or shortened in the time dimension to determine a measure of
their similarity independent of certain non-linear variations in the time dimension.The
goal of DTW is to find a mapping path which has the minimal mapping distance. The
procedure and constraints of the DTW algorithm are summarised as:
(i) Given two vectors 𝒑 = (𝑝1 , 𝑝2 , … 𝑝𝑖 , . . 𝑝𝑚 ) and 𝒒 = (𝑞1 , 𝑞2 , … 𝑞𝑗 , . . , 𝑞𝑛 ) of
length m and n respectively as in Figure 5-4. The boundary condition is
that the two end pairs of the vectors are matched together, i.e. ( p1 ,q1 ),
( pm ,q n ).
(ii) Define 𝑑(𝑖, 𝑗) = |𝑝𝑖 − 𝑞𝑗 |, with (𝑖, 𝑗) is a given node in the mapping path,
the possible fan-in nodes are restricted to (𝑖 − 1, 𝑗), (𝑖, 𝑗 − 1), (𝑖 − 1, 𝑗 − 1).
This local constraint guarantees that the mapping path is monotonically nondecreasing in its first and second arguments (Figure 5-5). Moreover, for any
given element, it should be able to find at least one corresponding element,
and vice versa.
(iii)Define D(i, j) as the accumulated DTW distance between points of p
(𝑝1 to 𝑝𝑖 ) and points of q ( 𝑞1 to 𝑞𝑗 ), where (1 ≤ 𝑖 ≤ 𝑚 ) and (1 ≤ 𝑗 ≤ 𝑛)
and 𝐷(𝑖, 𝑗) = 𝑑(𝑖, 𝑗) + 𝑚𝑖𝑛{𝐷(𝑖 − 1, 𝑗), 𝐷(𝑖 − 1, 𝑗 − 1), 𝐷(𝑖, 𝑗 − 1)} , with
initial condition 𝐷(1,1) = 𝑑(1,1).
(iv) Therefore, the final accumulated DTW distance between 𝐩 and 𝐪
𝐷(𝑚, 𝑛).

Figure 5-4 Boundary condition for the two end points in DTW path mapping
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Figure 5-5 Local constraint for DTW path mapping
In general, DTW is an algorithm to find an optimal match between two given sequences
(e.g. time series) with certain restrictions. The sequences are "warped" non-linearly in
the time dimension to determine a measure of their similarity independent of certain
non-linear variations in the time dimension (WorldLingo, 2003). This sequence
alignment method is often used in the context of HMM.

DTW plays an important role in this study as it was applied to help select a set of
prototypes to represent each category of water end-use patterns for network training;
and during the disaggregation process, DTW is also employed to find clothes washer
and dishwasher events which were missed by HMM.

5.3.3 Hidden Markov Model
An HMM is a stochastic finite state automation defined by the parameter  = (π,a,b),
where π is an initial state probability, a is state transition probability and b is
observation probability, defined by a finite multivariate Gaussian mixture. Given an
observed sequence 𝐎 = (𝑜1 , 𝑜2 , … 𝑜𝑡 , … , 𝑜𝑇 ), a HMM model can be used to compute
the probability of 𝐎, denoted as P(O|  ) and to find the corresponding state sequence
that maximises the probability of 𝐎, denoted as P(Q|O,  ). The overall process for the
establishment of a HMM model is presented in Appendix C2. Figure 5-6 illustrates a
typical left-right HMM model for an observation vector 𝐎 = (𝑜1 , 𝑜2 , 𝑜3 , 𝑜4 , 𝑜5 ).
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Figure 5-6 A typical left-right HMM model (i.e. a12 is the transition probability from
state 1 to 2, π1 is the probability of being in state 1 at time 1 and b1(o1) is the
probability that observation o1 is generated in state 1)

HMM is one of the most popular techniques in the field of hand writing and speech
recognition. Chien and Wang (1997) presented an adaptation method of speech hidden
Markov models for telephone speech recognition while Cho et al. (1995) applied HMM
in the problem of modelling and recognising cursive words.

In the present study, HMM is utilised as the main classifier to disaggregate the majority
of single events from the water flow trace data, and to help strip out all of the combined
events for further analysis.

5.4

Model development method

5.4.1 Collected data
(i)

Research regions

Data utilised for the development of the model was sourced from 252 residential
households fitted with a smart meter and data logger and located in the urban south east
corner of the State of Queensland, Australia. These households were consenting
participants in the recently completed South-east Queensland Residential End-use Study
(SEQREUS) funded by the Queensland State Government (Beal and Stewart, 2011).
Three separate water end-use analysis reads occurred during the study. The first read
was conducted in winter 2010 from 14th June to the 28th June. The second read was
taken in the summer 2010-2011 between 1st December 2010 and 21st February 2011.
The final two week period of analysis occurred in winter 2011 from the 1st June to the
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15th June. It was important to obtain a dataset for this study that included the entire
spectrum of events across seasonal periods (i.e. irrigation).

(ii)

Characteristics of participating households

Some general characteristics (i.e. household size and makeup, income, education level,
etc.) of the participating households within each region are shown in Table 5-4. The
average number of people per household was relatively consistent across all regions for
all three measurement periods, with the Sunshine Coast having the lowest average
occupancy of 2.5 people per household, and the Gold Coast region having the highest
average of 2.9 occupants. The percentage of households occupied by two or less people
was greater in the Sunshine Coast (average of 56 %) and Gold Coast (49 %) compared
to the generally larger households in Ipswich (53 %) and Brisbane (43 %). These
percentages reflect the older demographic of the Sunshine Coast and Gold Coast
regions which was also typified by the older age of children for these regions (Table 54). The descriptive statistics for the study sample are comparable to those of the wider
SEQ region as published in the Australian Bureau of Statistics (ABS). The database
taken from the SEQREUS was considered representative by the flow trace analysis
pattern recognition team.
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Table 5-4 General characteristics of monitored households (Beal and Stewart, 2012)
Household
Demograhics

Gold Coast
1

No. of
households
No. of people2
Av. Household
occupancy
% Households
with ≤ 2 people
% Households
pensioners/
retired
Households
with children
(aged ≤ 17)
Average age of
children (years)
Income bracket
split3
1:2:3:4:5:6:7
Education level
split4
PS:HS:T:U

Brisbane

Ipswich

Sunshine Coast

Winter

Summer

Winter

Winter

Summer

Winter

Winter

Summer

Winter

Winter

Summer

Winter

2010

2010-11

2011

2010

2010-11

2011

2010

2010-11

2011

2010

2010-11

2011

87

68

33

61

64

26

37

31

12

67

56

39

230

192

91

164

182

79

96

81

33

171

131

98

2.6

3.0

3.2

2.6

2.8

3.0

2.7

2.6

2.8

2.5

2.4

2.6

58%

46%

42%

41%

47%

42%

51%

58%

50%

46%

64%

59%

36%

37%

30%

16%

17%

4%

32%

32%

8%

45%

50%

46%

34%

46%

52%

30%

38%

46%

21%

23%

33%

25%

23%

28%

8.8

8.4

7.7

2.7

4.6

5.7

4.4

5.9

4.8

10

9.4

10.5

13:11:8:6:
4:0:2

13:15:8:11:7
:4:4

5:8:5:3:
3:3:3

6:9:19:6:
7:2:3

5:9:18:6:
9:3:3

1:3:10:
1:5:2:0

8:6:8:5:
3:3:1

6:6:7:3:3
:3:0

1:3:2:2:3
:0:0

18:23:1
4:5:0:4:
0

14:22:9:2
:0:4:0

9:14:7:1:
0:3:0

1:21: 9:19

1:24: 16:27

0:10:
9:14

0:17:
10:23

1:14:10:2
4

0:5:
5:15

3:12:
12:9

3:12:
10:6

2:4: 4:2

4:14:
25:26

4:10:
21:21

4:7:
13:15

Notes: 1data presented are averages, 2this is based on known household occupancies at the time of the initial household water audit and also includes any updates to occupancies which were collated in March
this year. This does not include any visitors or absent residents. 3income categories: 1 = <$30,000, 2 = $30,000 – $59,000, 3 = $60,000 – $89,999, 4 = $90,000 - $119,999, 5 = $120,000 - $149,999, 6 = ≥
$150,000, 7 = prefer not to respond. 4education categories are PS = primary school, HS = high school, T = trade/TAFE, U = university (includes post graduate).
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(iii)

Collected unprocessed flow dataset utilised for study

As mentioned prior, CSV files containing 0.014L/pulse water consumption data for
every five second logging interval for each sample household was collected. To enable
the application of HMM, water flow data collected was initially processed and manually
broken down into nine different water end-use categories with the number of samples
shown in the second column of Table 5-5 using Trace Wizard© (i.e. the overall process
is presented in Appendix C1). The database was then apportioned into a training (80%)
and testing (20%) data set. This database was utilised for model development as
described below.

Table 5-5 Data allocation to intelligent model development
End-use category

Total number of
collected samples

Shower

7,265

Faucet

36,349

Clothes washer

8,975

Dishwasher

4,877

Toilet

15,468

Bathtub

496

Irrigation

1,290

Combined event

2,883

5.4.2 Intelligent models to categorise water end-uses
With the availability of training data, the process of disaggregating water end-use events
from the raw data could be completed. Figure 5-7 provides an overview of the key
starting decision point for the HMM algorithm, namely, whether the flow data event
detected is a single event (i.e. solid line in Figure 5-7) or combined event (dotted line in
Figure 5-7). As mentioned prior, single events are those which occur in isolation (e.g.
toilet flush) while combined events have simultaneous occurrences of single events (e.g.
shower occurring while someone is using a tap) and are therefore more challenging to
disaggregate. Readers should note that this paper is focused on single event
categorisation from the flow data which makes up the large majority of end-use events.
Stripping apart and categorising combined events are the focus of subsequent research
discussed later.
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Raw data collected from
data logger

Water end-use classification
algorithm

Categorised single

Uncategorised combined

events

events

Disaggregate combined events into
single events using several
different methods

Use HMM to recognise these newly
separated single events

Figure 5-7 Entire end-use categorising process flow chart for both single and combined
events
Within the present study, a detailed analysis of single events was performed to explain
all employed techniques, the reason why those techniques were utilised at different
steps, as well as their limitations. The flow chart shown in Figure 5-8 illustrates the
single end-use event analysis process, which is the aim of this paper.

Low-flow rate leak event pulses recorded by the smart water meter (i.e. isolated 0.014L
events) are evident in a large proportion of households. These events are initially
extracted from the flow trace data set and classified in the ‘leak’ end-use category. The
remaining flow data would then be analysed using HMM to classify all water end-use
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categories. These water end-uses usually belong to two broader groups: (1) depends
heavily on a water user’s behaviours, such as tap, bathtub, irrigation, shower and toilet;
and (2) works under a pre-set mechanical process, such as clothes washer and
dishwasher. It should be noted that for the purpose of this study, the end-use category
’toilet’ was classified into a user’s behaviour group. This goes against historical
conventions which indicate that toilets are mechanised devises with fixed functions (i.e.
full and half flush). However, during this study the research team realised quickly that
many modern toilets allow the user to select the amount of water to flush by holding
down the flush button for a desired time period thereby creating a range of flush
volumes for certain households. Therefore, in order that the developed analysis tool
could accurately determine both the predictable mechanised toilet flushes as well as the
fluctuating user defined ones, this end-use category was assigned to the user behaviour
group.

The application of the HMM method resulted in the categorisation of water flow data
into individual end-use events associated with seven end-use categories (i.e. shower,
clothes washer, toilet, etc.). A proportion of data was classified into another category
titled inconclusive events, as they did not distinctly fit within a particular end-use
category. For the inconclusive event category, the DTW algorithm was firstly applied in
order to determine clothes washer and dishwasher events, as these end-uses often have
similar repeating mechanical wash cycles that are related to others occurring within a
short 1-2 hour time period. Event time-of-day probability functions (i.e. probability of a
certain event occurring at a certain time of day) combined with the HMM method was
also applied to classify inconclusive end-use events. The process outlined in Figure 5-8
resulted in the classification of the training data into a repository of water end-use
events. A detailed discussion on the water flow trace data disaggregation process is
outlined below.
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Raw data collected from
data logger

Removing events with
flow rate of 0.01 (L/min)

Applying Hidden Markov
Model

Categories performed
under a mechanical
process

Categories depended

Low flow rate
leaking events

on user’s behaviour

Removing odd events using physical features of each end-use category

Toilet

Irrigation

Bathtub

Shower

Faucet

Inconclusive

Apply Time-of-day probability function on the inconclusive set to search for additional
sensitive end-use categories such as: shower, tap, bathtub, irrigation and toilet

Figure 5-8 Intelligent model structure for single event categorisation
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(i)

Low flow-rate leak identification

For typical low-flow leak events which usually occur after a toilet flush or when the tap
fixture is not shut tightly (i.e. slow dripping tap), the minimum registered flow rate of
the smart water meter (i.e. 1 pulse equating to 0.014L occurring in 5 second recording
interval equating to 0.167 L/min flow rate) is evident. Therefore, detecting these single
pulse events is relatively simple and they can be categorised into the leak end-use
category as a first step.

(ii)

HMM classification

The three most basic parameters which constitute a hidden Markov model (  ) are the
initial state probability, state transition probability and observation probability. To
determine these three values, the number of states should be provided. In the present
study, state is defined as the number of periods occurring in each water end-use event.
For a very basic water end-use event, there could be three states, which correspond to
the event starting, constant flow rate and finishing. Each state will comprise a number
of data points related to that particular water flow sequence in a particular time period.
However, a HMM with only three states would not be effective in recognising typical
water end-use events that fluctuate significantly. For example, simple three state HMM
analysis would not be suitable for an event which is about to finish but the water user
suddenly turns it on again or for multiple overlapped events where the finishing period
of one event occurs concurrently with the starting of others, etc. Therefore, residential
household water end-use events modelled in this study should be split into many smaller
periods (i.e. states) so that their whole process transition could be fully examined. In the
context of this study, the number of states which will result in the highest recognition
accuracy would be selected using an iterative method.

In total there are eight different residential water end-use categories typically reported in
studies and applied for this study, namely, shower, tap, dishwasher, clothes washer,
toilet, bathtub, irrigation and leak. To recognise these water patterns from the water
flow dataset, at least eight HMM models should be developed, one for each category.
As mentioned prior, flow data also includes combined events where water end-use
events are occurring simultaneously (Figure 5-9). This category cannot be handled
directly by these existing HMM. A further HMM using all combined events in the
dataset can be applied in order to strip out these complicated interrelated events from
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the flow data. For the purpose of this study the combined events are removed from the
flow dataset to enable all single events to be classified; solving the combined multievent disaggregation problem into water end-use events is the subject of future research.
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Figure 5-9 Example of flow rate characteristics for single and combined events

In the present study, the number of states is tested from 1 to 400, and it was found that
the HMM model established using 100 states and trained at 100 iteration yields the
highest recognition accuracy. The measured water flow sequence is defined as 𝐎 =
(𝑜1 , 𝑜2 , … 𝑜𝑡 , … , 𝑜𝑇 ), where t is the observation time index and T is the total number of
flow observations; a state vector is defined as 𝐪 = (1,2,3 … 𝑖, . . , 𝑁), where i is the state
at index i and N is the maximum or the last state; the initial state probability is πi; the
state transition probability is aij, and the observation probability bj(ok), where i and j are
the state indices. Training algorithms are summarised and presented in Appendix C2.

By applying the above training algorithms to the water flow datasets collected from the
household smart water meters, nine different water end-use event categories were
achieved, including shower, tap, dishwasher, clothes washer, toilet, bathtub, irrigation,
leak and combined events. The first eight end-use categorises are the focus of this study,
while the last combined event category will be solved in future research.
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(iii)

Single event analysis

Applying HMM alone for end-use classification did not achieve a satisfactory level of
pattern matching accuracy needed for this problem (see Table 5-9). To improve
prediction accuracy, a number of physical characteristics for end-use event category
were established from the extensive available dataset, such as those following:


Most collected shower events (87%) had a volume of greater than 7 litres.



The duration of a bathtub event is at least 4 minutes (91%).



The volume of toilet events for a particular home should be within a certain
range (e.g. 3 to 8 litres) since a toilet cistern volume is fixed.



The flow rate and duration of dishwasher and clothes washer events for a
particular home should be within a certain range because these appliances have a
pre-set series of wash functions.

Based on these physical characteristics, the above described HMM analysis process was
then refined to include the following steps:


Calculate the volume of events which were classified as shower by HMM. Any
shower event which had a volume of less than 7 litres would be removed and
placed in an inconclusive event set for future analysis.



Calculate the volume of events which were classified as toilet using the HMM
technique. There are usually two typical volume ranges for toilet events in a
particular home corresponding to both half-flush and full-flush toilet events.
The first toilet event refinement task was to determine the two most frequent
volumes of these two event sub-classifications, which were titled ‘full toilet
volume’ (Vtoilet_full) and ‘half toilet volume’ (Vtoilet_half ). Any event whose
volume is out of the range of Vtoilet_full +/- 0.5 litres or Vtoilet_half +/- 0.5 (litres)
would then be removed and put in the inconclusive event dataset for further
analysis.



Determine the duration of all events which were recognised as bathtub through
HMM applied alone. Any bathtub event which had duration of less than 4
minutes would be removed and put in an inconclusive event dataset for later
analysis.



Determine the flow rate of all events which were recognised as dishwasher and
clothes washer through the HMM process. Determine the most frequent flow
rate for the dishwasher and clothes washer event category, which were titled
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‘typical dishwasher flow rate' (qtypical_dishwasher) and ‘typical clothes washer flow
rate’ (qtypical_clotheswasher), respectively. Any dishwasher event or clothes washer
event whose flow rate is out of the range of qtypical_dishwasher ±1.5 (litre/min) or
qtypical_clotheswasher ± 1.5 (litre/min) would be then removed and put in the
inconclusive event set for further analysis. To illustrate this case, Figure 5-10
illustrates a set of events which were classified as dishwasher using the HMM
method applied alone. In the figure, there are about twelve events which do not
likely belong to this end-use classification because they have much different
flow rates when compared to the others; such events need to be reclassified.
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Figure 5-10 Dishwasher events categorised using HMM method
(iv)

Searching of dishwasher and clothes washer events missed by HMM

Dishwasher and clothes washer are two special water end-use categories which have
regular cycles and have clearly defined consumption patterns. Figure 5-11 shows a
typical clothes washer operation which comprises of 5 defined wash cycles. This section
discusses the developed method used to search for missing clothes washer and
dishwasher events that were assigned to the inconclusive dataset during the HMM
preliminary analysis process. This searching process is performed using the Dynamic
Time Warping (DTW) algorithm, with the reference set to be all clothes washer or
dishwasher events achieved from the refinement process, and the testing set to be events
from the inconclusive data set. When searching for these mechanistic events, if any
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event in the inconclusive data set is determined to be similar to an event in the clothes
washer or dishwasher set in terms of DTW distance, then it would be stripped out and
classified as clothes washer or dishwasher. DTW was employed because it is one of the
most effective methods to search for patterns existing in series (e.g. one clothes washer
cycle within defined timeframe from next) which also have clearly defined patterns.
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Figure 5-11 Flow rate pattern of a full clothes washer operation with 5 cycles
However, this searching process can be time consuming. In order to reduce analysis
time without reducing pattern matching accuracy, a prototype reference set was created
and applied for the searching activity. Prior research by the authors (Nguyen et al.,
2011) outlines the algorithm for prototype selection and its application methodology. In
the context of this study, the number of reference prototype selected for clothes washer
and dishwasher event pattern matching purposes was one quarter of the original dataset.
The completion of this analysis step resulted in the large majority of previously
inconclusive clothes washer and dishwasher events to be categorised appropriately.

(v)

Classification of the remaining events from inconclusive category

Once all missing clothes washer and dishwasher samples have been stripped out of the
inconclusive data set, the remaining tap, toilet, irrigation, shower and bathtub events in
this dataset were determined. To achieve an end-use category determination for the
remaining events in the inconclusive category, event time-of-day probability function
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was applied. This probability function was determined from the existing water end-use
database and a summary of event likelihood values in hourly intervals is detailed in
Appendix C3. The table shows that, for example, the probability of finding a shower
event between 12 am and 1 am is 0.39%, finding a toilet event between 1 am and 2 am
is 1.11%, or finding an irrigation event between 12 am and 3 am is 0%. From this table,
it can be seen that there is more likelihood of a toilet event between 11 pm and 3 am
than any other event, which depicts a typical households’ water use pattern. By
combining the probability values given in Table 5-6 with those achieved using HMM,
an aggregate likelihood value was determined thereby enabling the determination of the
remaining inconclusive end-use events into their likely end-use category. This analytical
process is described through an illustrative example.

For an event that was extracted from the inconclusive data set, which occurred at
2:34:12 am, the HMM probability of this event being assigned to each end-use category
is detailed in Table 5-6. From HMM applied alone, this event was most closely aligned
with a dishwasher event classification, but not with sufficiently high enough probability
to justify a direct assignment.

Table 5-6 HMM probability of the tested events
End-use model

Probability (%)

Faucet

0.0013

Leak

0.0001

Dishwasher

0.1233

Clothes washer

0.0468

Shower

0.0158

Toilet

0. 1014

Irrigation

0.0010

Bathtub

0.0031

Combined event

0.0008
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By multiplying the HMM probability values (Table 5-6) with those determined from the
event time-of-day probability distribution (i.e. 2am to 3am in Table 5-11), an aggregate
probability for the relevant end-use event categories was determined (see Table 5-7).

Table 5-7 Event final likelihood when combining HMM with time-of-day function
End-use model

HMM probability
(A)

2:00-3:00 am event
probability (B)

Final probability
(A) × (B)

Faucet

0.0013

0.4223

5.5×10-4

Leak

0.0001

0

0

Dishwasher

0.1233

0.1261

155.4 × 10-4

Clothes washer

0.0468

0.0892

41.7 × 10-4

Shower

0.0158

0.0196

3.1 × 10-4

Toilet

0.1014

0.8251

836.7 × 10-4

Irrigation

0.0010

0

0 × 10-4

Bathtub

0.0031

0.0251

0.8 × 10-4

Table 5-7 shows that the previously listed inconclusive event could now be
appropriately classified as a toilet event. By carrying out this process with all uncertain
events in the inconclusive dataset, all single events would then be matched correctly.

5.5

Modelling results and discussion

5.5.1 Verification process against existing available dataset
As mentioned in Section 5.4.1, 20% of the database was reserved for verifying the
proposed training algorithm. The outcomes of model testing are detailed in Table 5-8.
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Table 5-8 Testing accuracy against 20% reserved data
End-use model

Training set

Testing set

Testing accuracy Testing accuracy

(80%)

(20%)

(%): In terms of

(%): in terms of

number of event

volume

Faucet

5812

1453

72.9

73.4

Dishwasher

7180

1795

84.4

81.8

Clothes washer

3901

975

85.2

74.2

Shower

12374

3094

74.5

69.6

Full-flush toilet

15736

3934

83.8

71.5

Half-flush toilet

7466

1867

82.6

69.7

Irrigation

1032

258

73.9

77.3

Bathtub

2306

576

67.3

54.2

Table 5-8 shows the testing accuracy of the reserved data using the HMM method
applied alone. Within this verification process, HMM models for the eight different
water end-uses as listed above were employed to pattern match samples in the testing
data set. The testing accuracy was estimated both in terms of number and respective
volume of events. As can be seen from Table 5-8, the developed HMM models were
quite good for dishwasher, clothes washer, full-flush toilet and half-flush toilet pattern
recognition. The testing accuracy for these event categories, in terms of the number of
events, is greater than 80% of the validated testing samples. The higher prediction
accuracy for these categories is due to them being largely pre-set mechanical processes
that are less influenced by human behaviours and thus having less variability. However,
there are instances where there is potential for lower accuracy for dishwasher and
clothes washer event pattern recognition where the household uses a wide variety of
appliance settings in a particular analysis period. Using a large number of different
appliance settings results in a much wider variety of wash patterns with some having
characteristics similar with other end-use event categories, creating more likelihood of
misclassification when applying the proposed algorithm.

Toilet is another category which can be well recognised by HMM as it has a fairly
consistent flow rate pattern and distinct volume range. It is known that most toilet
cisterns have a fixed volume for both full and half flush toilet events, and a consistent
refilling duration. It is these two characteristics which make the toilet event visible to
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the HMM classifier. However, the recognition problem becomes more challenging
when dealing with toilets that exhibit leakage, which is a relatively common issue with
old toilets. In this case, the typical pattern of toilet events has been distorted due to the
presence of an associated leak event, which may confuse the classifier, and as a result,
the matching accuracy would decrease. Another difficultly with toilet event
classification is that there are some new models that allow the user to control the
volume of water that is released for that particular flush.

With the other water end-use categories, the pattern matching accuracy in terms of
number of events is lower than 75%, such as 72.9% for tap, 74.5% for shower, 73.9%
for irrigation and 67.3% for bathtub (Table 5-8). This result, though not ideal, is
somewhat understandable as all of these end-use categories are heavily influenced by
human behaviours and thus have high variability. When analysing the existing database,
it was found that there is almost no special characteristic for these types of end-use. A
long tap event usually has similar features to that of shower, irrigation or bathtub
events. Shower and bathtub are two categories which are most often classified as the
other, and short irrigation events are usually recognised as tap events. These issues can
be overcome when combining HMM with other decision-making algorithms such as the
event time-of-day probability function described previously.

Apart from the testing in terms of number of events, the accuracy was also verified
based on volume. As can be seen from Table 5-8, recognition accuracy in terms of total
volume follows the same trend as that for number of events, albeit having lower values.
This prediction accuracy reduction implies that most of the misclassified events are long
ones which have large volumes, and from the table, it can be derived that long bathtub
events are sometimes considered as long showers, and vice versa, as their accuracies in
terms of volume show the greatest accuracy reduction. The increase in irrigation
accuracy provides hints that most misclassified irrigation events are the short ones,
which usually have similar patterns to short showers or long tap events. It is
understandable that toilet total volume prediction accuracy decreases because as
explained above, toilet events with associated leaks are hard to be detected correctly by
the classifier, and with the additional leakage, the volume of these misclassified toilet
events are often large, which results in the drop in accuracy.
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5.5.2 Method application to independent sample of households
To illustrate the application of the proposed method and to verify its accuracy for an
independent sample of three households, a two-week sample of high resolution flow
trace data was collected from these households (named Home 1, Home 2 and Home 3).
For these three households, all water end-use events in the logging period were recorded
by residents in a diary (i.e. accurate categorised end-use event repository to compare
with automated classification with herein described analytical method). This verification
analysis process enabled a true indication of end-use classification accuracy. A clothes
washer event for Home 1 was selected in order to detail all the steps involved in the
single end-use event recognition and classification process. A discussion is then
provided to discuss the key analysis issues and outcomes for all end-use categories.

(i)

Applying HMM for clothes washer event recognition

Firstly, HMM was applied for the ten different water end-use categories (i.e. tap, clothes
washer, dishwasher, bathtub, shower, irrigation, full-flush toilet, half-flush toilet, leak
and combined events) and were trained using HMM with 80% of the available database.
The following parameters were adopted for this training: 100 states; 100 iterations; and
300 possible observations. Developed HMM for each end-use category were applied to
the raw flow dataset obtained from Home 1. Figure 5-12 illustrates the registry of
clothes washer events recognised using this described analytical process.
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Figure 5-12 Clothes washer events categorised from preliminary analysis using HMM
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(ii)

Refining HMM recognised clothes washer events

As can be seen in Figure 5-12, the most common peak flow rate for most of the clothes
washer events in Home 1 was 11.2 L/min. Clothes washer events that had a peak flow
rate outside of an 11.2 ± 1.5 L/min interval range were removed from this end-use
category and placed in the inconclusive event category. Figure 5-13 shows the clothes
washer events (i.e. 44 events) which remained after this refinement process was
completed. A similar refinement process was performed for all other end-use categories
and these events were placed in the inconclusive event category dataset for further
analysis.
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Figure 5-13 Categorised clothes washer events after refining process

(iii)

DTW algorithm to find missing clothes washer events from inconclusive
dataset

The next step involved searching for missing clothes washer events contained in the
inconclusive dataset using the DTW algorithm. The first task in this process involved
the selection of a number of prototypes from the clothes washer event dataset after the
refinement process for the particular home being analysed (i.e. 44 events). Applying the
approach detailed in Nguyen et al. (2011), a total of 11 clothes washer events were
selected as prototypes for inconclusive event dataset screening purposes (Figure 5-14).
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Figure 5-14 Prototypes of clothes washer events

Once clothes washer prototypes were selected, the DTW algorithm could then be
applied to screen for missing wash cycles in an entire clothes washing event. The
missing wash cycle search criterion for clothes washer recognition required that the
relative difference between one clothes washing event in the reference set with another
one in the testing set is less than 5% in terms of DTW distance. By carrying out this
process, all samples in the inconclusive set which are similar to that from the clothes
washer dataset would be reassigned to the clothes washer event category. In the context
of this Home 1 application, no missing clothes washer event was found in the
inconclusive dataset, which infers that samples shown in Figure 5-13 are all clothes
washer events which could be extracted from the single event dataset for this home.
However, there could be many other clothes washer events contained in the combined
event category, which have not yet been recognised. The separation and recognition of
single events that are contained within combined ones is the subject of future study. By
comparing the output from the proposed method with information detailed in the Home
1 water consumption dairy, the accuracy of clothes washer recognition is 91.9% (Table
5-10).

(iv)

End-use event categorisation accuracy for remaining events

The remaining end-use event categories were processed following the above described
analytical method described for the clothes washer category. A summary of the testing
accuracy results for the three independent homes (i.e. Home 1 to 3) are described below:
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Dishwasher events: similarly to clothes washer, dishwasher events operate
following a series of pre-set mechanical processes, which follow a clearly
defined flow pattern. Due to this flow pattern regularity, dishwasher recognition
was quite robust, with 92.1%, 86.5% and 96.5% classification accuracy achieved
for Home 1, 2 and 3, respectively.



Tap events: Tap events are heavily influenced by human behaviours, thereby
resulting in greater irregularity in flow patterns and slightly lower pattern
recognition accuracy. The application and testing process indicated that tap
recognition accuracy was 83.2%, 95.9% and 80.1% for Home 1, 2 and 3,
respectively, averaging approximately 86.4% overall (Table 5-9).



Shower events: shower event flow patterns also have a high degree of
irregularity, thus making their accurate recognition difficult. The application and
testing process indicated that shower recognition accuracy was 84.8%, 94.8%
and 94.5% for Home 1, 2 and 3, respectively, averaging approximately 91.4%
overall (Table 5-9). Home 1 displayed lower recognition accuracy (i.e. 84.8%)
than the others due to many shower events in this home have similar patterns to
that of tap and bathtub.



Toilet events: These events are difficult to recognise due the variety of toilets
available on the market with different cistern sizes and operation modes (i.e. full
flush, half flush, user defined flush). Apart from the two most common types,
which are full-flush and half-flush toilet, there is another which releases a user
controlled volume of water for each flush. With this type of toilet, water is only
flushed when the button is held, and it will stop when the button is released.
Recognising this type of toilet event is more challenging for the proposed
pattern matching algorithm. The toilet event testing accuracy for Homes 1, 2 and
3 was 78.9%, 80% and 90.3%, which is slightly lower than most other end-use
categories (Table 5-9).



Bathtub events: A bathtub, a long shower and an irrigation event can often have
similar characteristics. Bath events are often classified as showers by HMM and
vice versa.

Due to these issues, the recognition of bathtub events was

considerably lower than the other event categories (i.e. low 70% accuracy
values). To improve bathtub recognition accuracy further context data will be
trialled in future model refinement stages of the research.
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Irrigation events: Irrigation events do not often occur in an individual
household in a particular recording period (i.e. Home 1) and when they do occur
they often have irregular flow patterns. Due to these issues, irrigation event
categorisation accuracy was the lowest of all event categories at 56.4% to
66.1%, for Homes 2 and 3, respectively. Again, further context data will be a
trialled in future model refinement stages of the research.

(v)

Comparison between standalone HMM and method with additional
processes

HMM was selected as the basic classifier for the problem addressed in this study,
however, due to the nature of the water flow data to be analysed, the technique applied
alone did not adequately classify water end-use events. To overcome the standalone
HMM limitations, the above mentioned additional data refinement and processing steps
improved recognition accuracy. The differences in end-use event classification
accuracy, in terms of number of events, when using HMM to test 20% of the reserved
data, using only HMM on the new dataset, and using HMM in conjunction with a
number of additional analysis processes on the new dataset, are presented in Table 5-9.

Table 5-9 Overall end-use event matching accuracy comparison

End-use
model

Tap
Dishwasher

Basic
testing
accuracy
(%)1

Home 1

Home 2

Home 3

HMM
(%)

Extensive
testing
accuracy2
(%)

HMM
(%)

Extensive
testing
accuracy
(%)

HMM
(%)

Extensive
testing
accuracy
(%)

72.9

74.3

83.2

82.6

95.9

73.3

80.1

84.4

86.6

92.1

83.2

86.5

87.1

96.5

Clothes
washer

85.2

86.2

91.9

82.1

86.3

86.6

93.2

Shower

74.5

76.1

84.8

82.4

94.8

84.3

94.5

Toilet

82.6

71.3

78.9

73.5

80.0

80.1

90.3

Irrigation

73.9

NA3

NA

38.3

56.4

46.2

66.1

Bathtub

67.3

50.3

71.9

NA

NA

42.1

70.7

Notes:
1. Basic testing accuracy: HMM average testing accuracy on 20% reserved data
2. Extensive testing accuracy: The combination of both HMM and proposed additional process
3. NA - Not applied in household.
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There appears to be no general trend in accuracy variation for each end-use category
when applying the standalone HMM technique on the 20% reserved data and on the
three independent household datasets (Table 5-9). Accuracy reduced for bathtub,
irrigation and toilet event recognition while a significant increase was achieved for
shower. A robust trend could be seen on the remaining categories such as tap,
dishwasher, and clothes washer.

More importantly, the change in recognition accuracy with the inclusion of the
additional analysis processes is of greater concern. The inclusion of the additional
analysis processes resulted in a significant improvement in end-use classification
accuracy for all categories. For end-use categories which had clearly defined patterns
such as dishwasher and clothes washer, an average classification accuracy increase of
6.1% and 5.5% respectively (average of three homes) was achieved. These relatively
small increases in event classification accuracy are due to the fact that the standalone
HMM technique is robust for classifying consistent mechanised water flow patterns that
are less influenced by human behaviours.

For end-use categories that are more behaviourally influenced (i.e. tap, shower, toilet,
bathtub and irrigation) and thus had higher flow pattern variability, there were much
greater improvements in classification accuracy when the additional analysis processes
were applied. An average increase of three homes of 9.7% for tap, 10.4% for shower,
8.9% for toilet, 25.1% for bathtub and 24% for irrigation was attained. This
improvement in classification accuracy indicates that the additional processes applied
are effective in recognising events which are not easily recognised by the standalone
HMM. In summary, the testing and application verification process provides strong
evidence that residential water flow data disaggregation into end-use event categories,
requires a range of pattern matching, probabilistic and contextual analysis processes in
order to achieve a desired level of accuracy. While most event categories exhibited good
classification accuracy when applying the complete model, further analysis procedures
need to be implemented to improve others; this is the subject of future research along
with the disaggregation and classification of combined events.
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5.6

Comparison between proposed method with existing flow trace analysis tool

One of the most popular flow trace analysis tools available in the market place is Trace
Wizard ©, which was utilised for manual end-use analysis for the repository of input
data provided for this automated recognition study. This software requires several
inputs for the flow trace disaggregation process, including minimum and maximum
values of volume, duration, peak and most frequent flow rate of each end-use category.
For this software package to be applied accurately for the flow trace disaggregation
process, it requires a lot of information sources to aid the analyst, including: (1) diary of
water use for a particular period to understand general water use behaviours; (2)
household water appliance/fixture audit (i.e. 2 hours) to survey the features of water
using devices (i.e. toilet flush volumes, clothes washer average wash, flow rate of taps,
etc.); (3) descriptive information on household participants (i.e. number of adults and
children, etc.); and (4) water flow signature traces for each appliance. Even with the
assistance of these information sources, high recognition accuracy is only achieved
when an experienced analyst spends approximately 2 hours, for a 2-week sample of
flow data, to run analysis templates using this data as input, and manually checks that
each end-use event is being classified properly. Moreover, cross checking of the end-use
events from user’s diary against results exported from Trace Wizard© has shown that
the average accuracy of this software was just approximately 72%. Obviously, such a
process cannot be applied on a widespread scale unless a robust automated method is
developed to complete this task.

To illustrate the accuracy of Trace Wizard © analysis, without extensive manual
intervention by an analyst, event recognition accuracy was determined for Homes 1
through to 3. Table 5-10 details the level of classification accuracy, in terms of number
of events, achieved using both the existing Trace Wizard © software tool and the new
analytical method developed. Readers should note that the comparison is made only on
the basis of single event classification (i.e. combined events have been removed from
the sample).

Table 5-10 demonstrates that the developed method had a higher classification accuracy
than Trace Wizard TM for the majority of water end-use categories. The toilet end-use
category for Home 1 and Home 2, and the irrigation end-use category for Home 2 were
the only end-uses which showed slightly better accuracy when analysed with Trace
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Wizard ©. The results show strong potential for the developed method to be further
refined and improved in order to create an accurate, reliable and automated water enduse disaggregation method that has commercial applications.

Table 5-10 Accuracy comparison between the developed method and existing water
flow trace analysis tool
Home 1
End-use
model

Home 3

Trace
Wizard

Developed
method

Trace
Wizard

Developed
method

(%)

Developed
method
(%)

(%)

(%)

(%)

(%)

Tap

62.8

83.2

71.6

95.9

77.4

80.1

Dishwasher

75.5

92.1

82.2

86.5

89.8

96.5

Clothes
washer

89.9

91.9

84.3

86.3

76.5

93.2

Shower

69.8

84.8

79.4

94.8

86.6

94.5

Toilet

79.3

78.9

84.5

80.0

73.2

90.3

Irrigation

NA1

NA

58.2

56.4

71.1

66.1

Bathtub

67.8

71.9

NA

NA

67.8

70.7

5.7

Trace
Wizard

Home 2

Conclusions and future research

Smart water metering technology is presently available which can provide real-time
high resolution water consumption data to the householder and water business.
Availability of such high resolution residential water flow data allows for its
disaggregation into individual water end-use events, which is essential for a range of
intelligent urban water management functions. While high resolution flow data can be
obtained, the flow data disaggregation process is far from automated, requiring time
consuming and resource intensive manual analysis, thereby making it a niche activity
for water end-use research studies. In an attempt to automate this end-use
disaggregation process and thus enhance current practices in the urban water industry,
this study developed a robust hybrid analytical method employing HMM, DTW and
event probability techniques. Pattern recognition algorithms (i.e. HMM) applied alone
were not sufficient for accurate event categorisation due to the close similarity between
flow events. Context data such as the event time-of-day probability, established from an
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existing available end-use database, combined with event category likelihood
established from HMM enabled more accurate predictions of inconclusive events.

The developed analytical method was reliable for categorising most end-use categories
with the exception of irrigation and bathtub. In order to significantly improve irrigation
and bathtub recognition accuracy, as well as make smaller improvements to the other
end-use categories, further analytical processes and the application of more contextual
data will be employed in future research. To achieve this, the researchers are currently
seeking to build a greater repository of contextual data about each end-use event
category (i.e. relative frequency distributions for number, flow rate, duration, and
volumes for each end-use category) as well as build an optional analytical module
allowing individual household calibration through the inclusion of descriptive
information (i.e. number of children and adults, appliance stock information, etc.). The
incorporation of these analytical steps is expected to significantly increase the level of
inconclusive event pattern recognition. Another task considered for future research is to
develop a technique to automatically find the most appropriate parameters for the HMM
model (i.e. states, iterations and possible observations) rather than using trial and error
approaches as presented in the current study. Moreover, the authors are presently
working on developing a dynamic algorithm, which is able to self-learn from newly
collected raw data from different independent smart meter sources, without completely
relying on data registries achieved from previously collected database prototypes. This
is the final goal of the current research investigation, which will enable the developed
model to handle incrementally changing water flow patterns posed by the ongoing
changes in water appliance technologies installed in households and shifting human
behaviours.
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An intelligent pattern recognition model to
automate the categorisation of residential water
end-use events
Abstract: The rapid dissemination of residential water end-use (e.g. shower, clothes
washer, etc.) consumption data to the customer via a web-enabled portal interface is
becoming feasible through the advent of high resolution smart metering technologies.
However, in order to achieve this paradigm shift in residential customer water use
feedback, an automated approach for disaggregating complex water flow trace
signatures into a registry of end-use event categories needs to be developed. This
outcome is achieved by applying a hybrid combination of gradient vector filtering,
Hidden Markov Model (HMM) and Dynamic Time Warping Algorithm (DTW)
techniques on an existing residential water end-use database of 252 households located
in South-east Queensland, Australia having high resolution water meters (0.014
L/pulse), remote data transfer loggers (5s logging) and completed household water
appliance audits. The approach enables both single independent events (e.g. shower
event) and combined events (i.e. several overlapping single events) to be disaggregated
from flow data into a comprehensive end-use event registry. Complex blind source
separation of concurrently occurring water end-use events (e.g. shower and toilet flush
occurring in same time period) is the primary focus of this present study. Validation of
the developed model is achieved through an examination of 50 independent combined
events.
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6.1

Introduction

6.1.1 Advanced Role of Sensor technology and ‘big data’ analytics in water
resources management
Sensor technology and the ‘big data’ they generate combined with advanced machine
learning techniques provide numerous opportunities for enhancing outdated approaches
covering all the various segments of water resources management (Schimack et al.
2010; Uslander et al. 2010). Reported studies demonstrate that such technologies and
techniques are increasingly influencing how we better monitor and manage large-scale
water basins (e.g. White et al. 2006; Quinn et al. 2010; Murla et al. 2010), river stream
flow (Limdim et al. 2010; David et al. 2013), drinking water reservoir quality (Glasgow
et al. 2004), water treatment plant operations (Storey et al. 2011), water distribution
system networks (Dorini et al. 2006), consumer water end-use consumption (Nguyen et
al. 2013a; Willis et al. 2011c), and wastewater plant operations (Durrenmatt and Gujer,
2012). The research focus of this paper is on the application of sensors (i.e. high
resolution smart meters) and ‘big data’ analytical techniques at the urban water scale;
specifically the residential water consumer and their end-use water consumption. This
frontier area of water end-use or micro-component analysis research is beginning to
attract research attention. Froehlich et al. (2011) conducted a study using pressure
sensing devices to infer water usage events in households in Washington State, USA.
CSIRO (2012) have recently combined an acoustic sensor with smart water metering
systems in order to disaggregate residential water consumption into end-use categories.
The authors (Nguyen et al. 2013a) utilised machine learning techniques such as HMM
and DTW to disaggregate remotely collected high resolution water flow data received
from smart meters into single end-use event categories, which is the precursor to this
present paper seeking to disaggregate concurrently occurring end-use events. With these
technologies becoming commercially viable, the vision of an intelligent expert system,
which can perform autonomous water end-use analysis and provide feedback and
decision support to both water consumers and authorities, is rapidly becoming a reality.

6.1.2 Vision of an advanced urban water management system
The era when urban water planning focused only on how to build and supply water has
been replaced by a new paradigm, where the precise accounting and management of
urban water consumption is deemed essential to maintenance of a sustainable water
future. Lower water yield reliability, from traditional water supply sources, and the
increasing demand for water in urban areas, requires the development of a more
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adaptive and innovative water resource management approach, fed by robust real-time
information. As a consequence, an increasing number of smart water metering
technologies have been introduced to the market. Such metering devices embrace two
distinct elements: meters that use new technology to capture water use information; and
communication systems that can capture and transmit real-time water use information
(Stewart et al. 2010). While current forms of smart metering technology can provide
total consumption data to the customer and utility at high levels of resolution, they fail
to disaggregate this data into its end-use use categories. This study envisions and
provides the architecture for an advanced smart metering system that enables customers
and utilities to actively monitor, through web-portal interfaces, real-time information
about what, when, where and how water was consumed at their meter connection (e.g.
56 litre shower occurring between 06:55-07:15 Tuesday 25 May 2012). The proposed
system allows individual consumers to log into their user-defined water consumption
web page to view their daily, weekly, and monthly consumption tables, as well as charts
on their water end-use patterns across major end-use categories (e.g. leaks, clothes
washer, dishwasher, tap, toilet, shower and irrigation). It can also rapidly alert them of
occurring leak events so that they can immediately address them instead of the current
slow feedback process from current metering technology (e.g. monthly or quarterly alert
at best).

The analytical report generated by the new advanced integrated water management
system will help utilities identify the water consumption patterns of their various
consumer types and assist with a range of urban water planning and management
functions (Stewart et al. 2010). However, such a system requires a robust analytical
model to automatically and accurately disaggregate the flow trace data into individual
water end-use event categories. Current end-use disaggregation processes used by the
authors and their aligned research teams requires extensive manual data collection and
analysis as summarized in Figure 6-1 (Beal et al. 2011a). Automation of this resource
intensive process is essential to developing the proposed advanced water management
system that has commercial viability. The design and verification of an automated flow
pattern recognition model that has good accuracy is the ultimate aim of this study.
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1

Figure 6-1 Schematic illustrating the water end-use analysis process (Beal et al., 2011a)

6.1.3 Review of reported water end-use studies and analysis approaches applied
In recent years, a number of residential water end-use studies have been completed
using a range of single or mixed methods, such as household auditing, diaries, high
resolution smart metering and pressure sensors, with a diverse range of per capita enduse summaries. Jacobs (2007) and Blokker (2010) provided summaries on a good
proportion of the end-use models developed from stochastic techniques, contingent
valuation approaches (CVA), modelling, and metered methods. The introduction of
advanced technology has enabled the direct capture and classification of water end-use
events. Table 6-1 provides a summary of reported end-use studies that have applied
high resolution smart meters, data loggers or pressure sensors completed internationally
in the last 15 years.

As displayed in Table 6-1, from a direct measurement and water end-use recognition
approach which is undoubtedly the future of this type of problem, the two main
approaches presently reported include using smart water meters in conjunction with a
decision-tree based analysis tool such as Trace Wizard© or Identiflow or as more
recently published, the inclusion of pressure sensors at individual appliances (i.e.
HydroSense) along with a HMM based decision tool. Each approach has its own
strengths and weaknesses, which were discussed in detail in (Nguyen et al., 2013a).
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Table 6-1 Conducted water end-use studies using smart water meter, data logger and pressure sensor (Beal and Stewart, 2012)
Study

Location

Sample
size (hh)

Sample regime

Dwelling
type/s

Data capture

2011 – USA University
of Washington

Seattle, USA

5

5 weeks

Mixture

Pressure sensor

2009 – 2011 Gold
Coast Watersaver EUS

Gold Coast,
Aust.

252

Winter 2008
and Summer
2009

Single,
detached, dual
reticulation

2008 –USQ
Investigation of
domestic water end-use

Toowoomba,
Aust.

10

Continuous for
138 days

Auckland
region

51

Yarra Valley,
VIC, Aust.

2007 – NZ Water Enduse and efficiency
project
2005 – Yarra Valley
Water Residential Enduse study
2004 - Tampa Water
Department Residential
Water Conservation
Study
2003 – Smart metering
project in UK
1998–2001 WA Water
Corporation Domestic
Water Use study
1998 USA and Canada
residential end-use –
AWWA

Data transfer and
analysis
Data transferred
wirelessly to PC. Analysis
using HydroSense

Reference

Actaris CT5-S meters, Aegis
Datacell R series loggers, 10
sec. int.

Manual download to PC
in-situ Trace Wizard®

Willis et al. (2010a,
2011b)

Single
detached

Actaris CT5-S meters, Monita
R series loggers, 10 sec. int.

Wireless download –
weekly email Trace
Wizard®

Mead (2008)

6 months:
across summer
and winter

Single,
detached

Neptune disc meter, 34.2
pulses/L, Branz data loggers, 10
sec int.

Manual download to PC.
Trace Wizard®

Heinrich (2006)

100

2 x 2 wks
summer and
winter

Single
detached

Actaris CT5 modified to 72
pulses/L. Monatec XT logger, 5
sec int.

Manual download into
MS Access database.
Trace Wizard®

Roberts (2005)

Florida, USA

26

2 wk baseline
data + 2 x 2 wk
data post retrofit

High endusers (230
L/p/d)

Trident T-10 or Badger 25
meters, Meter-Master loggers,

Downloaded to PC and
Trace Wizard®

Mayer et al. (2004)

Across 10 UK
Water utilities

250

On going

Mixture

Indentiflow® smart meter (0.01
L resolution) and data logger at
1s. intervals

Analysis using
Identiflow® software

Kowalski and
Marshallsay (2005)

Perth, WA,
Aust.

120 and
600
surveys

18 months for
single and 13
months for
multi

Single and
multi

Smart meters and loggers
(unspecified)

Manual download to PC
in-situ and Trace
Wizard®

Loh and Coghlan
(2003)

USA/Canada

1,188

Single
detached

Magnetic water meters, Meter
Master 100EL logger, 10 sec
int.

Manual logger and
download ex-situ and
Trace Wizard®

Mayer et al. (2004)

2 x 2 wks
summer and
winter
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In summary, the ideal approach that is most amenable to citywide application is
installing smart water meters at the property boundary in conjunction with intelligent
end-use pattern recognition algorithms either in-built into the meter software or within a
processing module at the utilities data centre. This is the lowest cost and non-intrusive
approach

to

water

end-use

disaggregation.

However,

for

such

widespread

implementation, the following summarised limitations of the existing models (i.e. Trace
Wizard© and Identiflow) have to be overcome:


inability to analyse collected data without human interaction and manual
reclassification (i.e. main disadvantage);



inability to accurately distinguish different end-use categories which have
similar water flow characteristics (e.g. shower, bathtub and irrigation);



inability to classify an end-use category that has various physical parameters
depending on appliance models (e.g. dishwasher, clothes washer and toilet); and



inability to deal with multi-layer combined events (i.e. cannot handle three or
more concurrent events).

These shortcomings have motivated the development of an automatic flow trace
analysis system which can address all of the above mentioned issues. For the building of
such an intelligent model, an in-depth understanding of the existing techniques applied
to this type of problem is required. Nguyen et al. (2013a) presented a detailed review of
pattern recognition techniques available and provided a rating for them (i.e. 1 star (*) =
poor; ** = below average; *** = average; **** = good; and ***** = excellent) for their
processing time efficiency, classification accuracy, self-learning potential and an overall
applicability rating for each technique to the herein examined water end-use pattern
recognition process (Table 6-2).
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Table 6-2 Existing pattern matching techniques and a rating of their applicability to the present study (Nguyen et al. 2013a)
Technique

Decision tree

Research fields typically applied

Medical decision making, risk

Technique rating category

References

Processing
efficiency

Recognition
accuracy

Self-learning
potential

Overall
applicability

*****

**

*

***

Cha et al. (2009), Deng et al.

management, ecological assessments,

(2011), Eggers et al. (2012),

water end-use studies, many others

Yiee & Baskin (2011), Yuan &
Shaw (1995)

Artificial Neural

All pattern recognition problems

****

Network (ANN)

including speech, handwriting,

(1999), Hert et al (1990),

signature, finger print, etc.

Bishop (1995), Haykin (1999)

**

Warping (DTW)

recognition, fault detection, or speech

Muller (2007), Rabiner & Juang

matching.

(1993), Sakoe & Chiba (1978)

Model (HMM)

speech recognition

***

**

****

****

***

Da & Xiurun (2005), Bhadeshia

Limited fields including hand writing

Most effective in hand writing and

***

**

Dynamic Time

Hidden Markov

***

**

****

Myers & Rabiner (1981),

Baum & Petrie (1966), Starner
& Pentland (1995), Baum et al
(1970), Ghahramani &
Jordan(1997), Satish & Gururaj
(2003), Tapia (2004)
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Based on this review Nguyen et al. (2013a) suggested a method using a hybrid
combination of the Hidden Markov Model (HMM) and Dynamic Time Warping (DTW)
algorithm to help classify single independent events into appropriate end-use categories.
However, in residential households a proportion of water end-use events are occurring
simultaneously (e.g. shower and toilet flush) with a similar frequency to single events.
Therefore, in order to achieve the vision of an automated and intelligent water
management system, this current paper presents a robust method which integrates the
analytical techniques employed in single event classification with a newly developed
vector gradient filtering method to perform a comprehensive combined event analysis.
A detailed literature review of HMM and DTW techniques, including their theoretical
foundations and application to single event analysis has been conducted in Nguyen et al.
(2013a). This present paper only summarizes the applied HMM and gradient vector
filtering methods and outlines their crucial roles in combined event disaggregation.

6.1.4 Overview of applied pattern recognition techniques
HMM is a statistical Markov model in which the system being modelled is assumed to
be a Markov process with unobserved (hidden) states. In a regular Markov model the
visible state transition probabilities are the only parameters. In a hidden Markov model,
the state is not directly visible, but the output, which is dependent on the state, is visible.
Each state has a probability distribution over the possible output tokens. Therefore, the
sequence of tokens generated by an HMM gives some information about the sequence
of the states (Ephraim and Merhav, 2002). HMM was used as the principal technique
for the classification of all single end-use events in (Nguyen et al., 2013a). In the
present study, the existing HMM model, which was previously applied in single event
analysis, is incorporated with some additional physical parameters to help disaggregate
a combined event into many samples and assign them to specific end-use categories.

Another mathematical tool is utilised for combined event analysis, namely, gradient
vector filtering. This technique has been widely applied in many fields such as image
enhancement noise reduction or digital signal enhancement (Boashash, 2003). It relies
on the analysis of the multi-dimensional gradient vector of the original signal to extract
information contained in the signal, so that unnecessary parts can be filtered or removed
(Shapiro and George, 1998). Based on that principle, another version of this technique
has been developed to suit this particular study. The proposed method also considers the
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gradient change of the flow rate data series to determine whether a flow rate fluctuation
is actually a new event occurring on top of the base event or expected variation within
the base event.

6.2

Research objective

The development of pattern matching algorithms which are able to automatically
categorise the collected flow trace data points, received from the wireless data loggers,
into particular water end-use categories requires the resolution of two key research
questions; firstly, how to recognise single events from the collected flow trace?; and,
secondly, how to separate a combined event into its appropriate single event categories?
The first research question was successfully achieved using a hybrid combination of the
HMM and DTW algorithm (Nguyen et al., 2013a). The key objective of this current
investigation is to solve the latter more challenging problem of disaggregating multiple
combinations of simultaneously occurring water end-use events in residential
households into single events assigned to their appropriate end-use category. Validation
of the developed combined event disaggregation model is achieved through its
application and accuracy testing on 50 independently collected combined events.

6.3

Model input data

6.3.1 Research regions
Data utilised for the development of the model is sourced from 252 residential
households fitted with a smart meter and data logger and located in the urban south east
corner of the State of Queensland, Australia. These households are consenting
participants in the recently completed South-east Queensland Residential End-use Study
(SEQREUS) funded by the Queensland State Government (Beal et al., 2011a). A
sample of properties is taken from the Sunshine Coast Regional Council (n=67),
Brisbane City Council (n=61), Ipswich City Council (n=37) and Gold Coast City
Council (n=87) to use as a database for the study.

6.3.2 Winter and summer samples
Three separate water end-use analysis reads occurred during the study. The first read
was conducted in winter 2010 from 14th to the 28th June. The second read was taken in
the summer 2010-11 between 1st December 2010 and 21st February 2011. The final two
week period of analysis occurred in winter 2011 from the 1st to the 15th June. It is
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important to obtain a dataset for this study that included the entire spectrum of events
across seasonal periods (i.e. irrigation). While seasonal affects may induce higher
amounts of irrigation events from some householders on hot dry days and potentially
different frequencies for event categories (i.e. longer showers in winter), the signature
trace for particular end-use event categories (e.g. clothes washer or shower pattern) are
not particularly affected by seasonal influences.

6.3.3 Property selection
To ensure the research findings are representative of a population, an appropriate
sample must be selected (Howell, 2004). The study seeks to target just mains-only
supplied detached dwellings which make up the majority of residential stock in the
region at present. Participating households were requested to complete a questionnaire
survey developed to assist in determining the socio-demographic characteristics and
socioeconomic status of households. These surveys also assisted in determining
environmental and water conservation perceptions and attitudes of consumers. The
completed questionnaire surveys (n=252) were entered into Predictive Analytics
Software 18.0 (PASW formally SPSS), a statistical analysis program. PASW 18.0 is a
popular data storage platform and statistical analysis software with researchers and
businesses. Descriptive statistical enquiries were carried out to determine the sociodemographic characteristic of the research sample. The outcome of this analysis process
was the decision on certain criteria for sample selection as displayed in Table 6-3.
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Table 6-3 Criteria for sample selection (Beal and Stewart, 2012)
Criteria

Comment / Justification for criteria

Consented to end-use study

Ethical clearance requirement for all collaborating research partners.

Residential single detached

Required to have a single residential water meter specific only to the

dwellings only

property being metered in order to capture single household data.

Only town (potable) water

Households which has more than one supply source internally plumbed

supply to household

(e.g. rainwater tank or recycled water to toilet) was not included due to
the additional smart metering requirement.

Water meters accessible and

Water meters need to be replaced with minimum disturbance to property.

readily replaced with smart

Data transfer requires a clear GPRS network signal. Concrete lid may

meters and associated data

reduce reception. In summary, the site was reviewed to ensure that it was

loggers

fit-for-purpose for equipment installations and data collection reliability.

Owner-occupied household

Due to consent reasons and that water bills are payed for by the home
owner (i.e. landlord), only ‘home owners’ have been included in the
study. Also, rental households are typically transient and can move every
6-12 months, thus not providing a good sample for seasonal comparisons.

6.3.4 Characteristics of participating households
Some general characteristics of the participating households within each region are
shown in Table 6-4. The average number of people per household is relatively
consistent across all regions for all three measurement periods, with the Sunshine Coast
having the lowest average occupancy of 2.5 people per household, and the Gold Coast
region having the highest average of 2.9 occupants. The percentage of households
occupied by two or less people is greater in the Sunshine Coast (average of 56 %) and
Gold Coast (49 %) compared to the generally larger households in Ipswich (53 %) and
Brisbane (43 %). These percentages reflect the older demographic of the Sunshine
Coast and Gold Coast regions which is also typified by the older age of children for
these regions (Table 6-4).
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Table 6-4 General characteristics of monitored households (Beal and Stewart, 2012)
Household
Demograhics1
No. of
households
No. of people2
Av. Household
occupancy
% Households
with ≤ 2 people
% Households
pensioners/
retired
Households
with children
(aged ≤ 17)
Average age of
children (years)
Income bracket
split3
1:2:3:4:5:6:7
Education level
split4
PS:HS:T:U

Winter
2010

Gold Coast
Summer
2010-11

Winter
2011

Winter
2010

Brisbane
Summer
2010-11

Winter
2011

Winter
2010

Ipswich
Summer
2010-11

Winter
2011

Winter
2010

Sunshine Coast
Summer
Winter
2010-11
2011

87

68

33

61

64

26

37

31

12

67

56

39

230

192

91

164

182

79

96

81

33

171

131

98

2.6

3.0

3.2

2.6

2.8

3.0

2.7

2.6

2.8

2.5

2.4

2.6

58%

46%

42%

41%

47%

42%

51%

58%

50%

46%

64%

59%

36%

37%

30%

16%

17%

4%

32%

32%

8%

45%

50%

46%

34%

46%

52%

30%

38%

46%

21%

23%

33%

25%

23%

28%

8.8

8.4

7.7

2.7

4.6

5.7

4.4

5.9

4.8

10

9.4

10.5

13:11:8:6:
4:0:2

13:15:8:11:7
:4:4

5:8:5:3:
3:3:3

6:9:19:6:
7:2:3

5:9:18:6:
9:3:3

1:3:10:
1:5:2:0

8:6:8:5:
3:3:1

6:6:7:3:3
:3:0

1:3:2:2:3
:0:0

18:23:1
4:5:0:4:
0

14:22:9:2
:0:4:0

9:14:7:1:
0:3:0

1:21: 9:19

1:24: 16:27

0:10:
9:14

0:17:
10:23

1:14:10:2
4

0:5:
5:15

3:12:
12:9

3:12:
10:6

2:4: 4:2

4:14:
25:26

4:10:
21:21

4:7:
13:15

Notes: 1data presented are averages, 2this is based on known household occupancies at the time of the initial household water audit and also includes any updates to occupancies which were collated in March
this year. This does not include any visitors or absent residents. 3income categories: 1 = <$30,000, 2 = $30,000 – $59,000, 3 = $60,000 – $89,999, 4 = $90,000 - $119,999, 5 = $120,000 - $149,999, 6 = ≥
$150,000, 7 = prefer not to respond. 4education categories are PS = primary school, HS = high school, T = trade/TAFE, U = university (includes post graduate).
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6.3.5 Collected unprocessed flow dataset utilised for study
As mentioned prior, CSV files containing 0.014L/pulse water consumption data for
every five second logging interval for each sample household was collected. To enable
the application of HMM, water flow data collected was initially processed and broken
down into eight different water end-use categories with the number of samples shown in
the second column of Table 6-5. The database was then apportioned into a training
(80%) and testing (20%) data set.

Table 6-5 Data allocation
End-use

Collected

category

samples

Shower

7,265

Tap

56,349

Clothes washer

8,975

Dishwasher

4,877

Toilet

15,468

Bathtub

496

Irrigation

1,290

Combined events

2,883

6.4

Model architecture

6.4.1 End-use classification process overview
With the available database, the disaggregation process of the water end-use events
from the raw data is developed and shown in Figure 6-2. As mentioned previously,
single events are those which occur in isolation (e.g. toilet flushing only), while
combined events have simultaneous occurrences of water usage (e.g. a shower
occurring while someone else is using a tap), which is more challenging to disaggregate.
At the very first step, HMM algorithm is used to recognize if an event is a single event
or a combined event. The outcomes from this process are a group of classified single
events and another group containing unclassified combined events.

In the case of the single events, it is very likely that not all of them are correctly
assigned to the appropriate categories due to the high complexity level of the present
problem. Therefore, to achieve a reliable single event classification, additional
techniques and criteria need to be utilised, in conjunction with the HMM technique. The
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detailed procedure is shown in Figure 6-3. The next important task involves the
combined event classification, which remains one of the most complicated problems in
the field of pattern matching. The detailed procedure is summarised in Figure 6-4.

Raw data collected from
data logger

Water end-use classification
algorithm using HMM

Classified single

Unclassified combined

events

events

Separate combined events to
different smaller samples using
gradient vector filtering

Use HMM to recognise these
newly separated samples

Figure 6-2 End-use event classification process (Nguyen et al., 2013a)

6.4.2 Single event analysis
The present study focuses on the combined event classification of the flow trace
analysis system. However, a brief introduction and explanation of the required
procedures for the achievement of a single event classification is presented in this
section; a more detailed technical overview was provided by Nguyen et al. (2013a). The
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flow chart in Figure 6-3 illustrates a comprehensive single end-use event analysis
process.

The analysis starts with identifying the leak event, which usually occurs in a continuous
manner. The low-flow rate leak event pulses, recorded by the smart water meter (i.e.
isolated 0.014L events), are evident in a large proportion of the households. These
events are initially extracted from the flow trace data set and are classified in the ‘leak’
end-use category. The remaining flow data is then analysed using the HMM to classify
all the water end-use categories, usually into two broader groups: (1) depends heavily
on a water user’s behaviour (related to tap, bathtub, irrigation, shower and toilet); and
(2) works under a pre-set mechanical process (related to clothes washer and
dishwasher). The HMM method categorizes the water flow data into eight basic end-use
categories (i.e. shower, clothes washer, dishwasher, tap, full flush toilet, half flush
toilet, irrigation and bathtub) and a group of unclassified combined events (dashed line
in Figure 6-2). The categorization process of combined events is presented in the next
section. In the single event classification, to strip out misclassified samples, which are
also products obtaining from the initial HMM application where they exist, a screening
process is further performed on all these classified single events to determine the one
which do not fit neatly within a range of certain criteria for each particular end-use
category. As a result, a number of classified single events are removed from their
respective categories and relocated to a group titled inconclusive events.

For the inconclusive event category, the DTW algorithm is applied to determine the
clothes washer and dishwasher events, as these end-uses often have similar repeating
mechanical wash cycles (i.e. related to others occurring within a short 1-2 hour time
period). The event time-of-day probability functions (i.e. the probability of a certain
event occurring at a certain time of day), combined with the HMM method, is then
applied to classify the inconclusive end-use events which usually depend on user’s
behaviours (i.e. shower, tap, irrigation, toilet and bathtub). The process outlined in
Figure 6-3, results in the classification of the raw flow trace data into a repository of
water end-use events. The next primary step in the overall study is to perform a
combined event classification.
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Raw data collected from
data logger

Removing events with
flow rate of 0.01 (L/min)

Applying Hidden Markov
Model

Categories performed
under a mechanical
process

Categories depended

Low flow rate
leaking events

on user’s behaviour

Removing odd events using physical features of each end-use category

Toilet

Irrigation

Bathtub

Shower

Faucet

Inconclusive

Apply Time-of-day probability function on the inconclusive set to search for additional
sensitive end-use categories such as: shower, tap, bathtub, irrigation and toilet

Figure 6-3 Single event analysis process (Nguyen et al., 2013a)
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6.4.3 Combined event analysis
In the current study, a combined event is formed by at least two simultaneous single
events. There is no restriction on the starting and finishing time of each component
event, as long as they have an overlapped period with each other. This overlap makes
the problem extremely complicated; no information is given on how many single events
contribute to the combined event, or when each of them starts or finishes. Therefore, it
is essential to explore the formation of a combined event to establish the criteria for the
separation process.

An intensive analysis of the collected data reveals that most combined events last more
than one minute, allowing enough time for many end-use categories to overlap. In a
combined event, the longest component is named the “base-event”, and all other shorter
events are called “sub-events”, which are superposed on top of the base event (i.e. in
Figure 6-8, Event 1 is defined as a base event, and all other events are named subevents). An important finding is that most of the collected base events include the
shower, bathtub, long irrigation and toilet, as they all last substantially longer than the
other, shorter end-uses. Nevertheless, a toilet event associated with leaks can sometimes
act as a base event due to the long lasting period of the leak; however, such case is
insignificant as it would be stripped out from the raw data at the beginning of the
analysis process. For sub-events, the most common categories are the tap, clothes
washer, dishwasher, toilet, and short irrigation.

With the availability of the established HMM model for single event recognition, the
analysis of a combined event is ready by using the same technique, in conjunction with
other pre-determined criteria. The whole combined event analysis process is separated
into two stages, the Sub event analysis and the Base event analysis, which are clearly
presented in Figure 6-4.

In the first stage analysis, a separation process employing the modified gradient vector
filtering method is applied to disaggregate the uncategorised combined event into one
base sample and several sub samples, where the term “sample” is used to refer to the
products obtained from the separation process before the classification. Once these
samples are assigned to their proper categories, they are called “events”. This analysis
section includes two layers. The HMM method is applied to the sub samples to
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determine whether they are actual complete single events or just parts of other events
within the combined event. At this stage, to achieve a reliable decision related to the sub
event judgment, some pre-determined criteria are incorporated into the existing HMM
model. The criteria are the direct outcomes from an intensive statistical study on the
whole collected database, which reflects the true user’s behaviour on the different types
of water end-use categories. The products obtained after the first layer analysis are the
actual, already- classified, single events, and sometimes some additional unclassified
sub samples, which do not satisfy the threshold criteria to be assigned to any particular
water end-use category. These undetermined samples are then passed through the
second layer analysis which is similar to the first one. The only difference between
Layer 1 and 2 is that all products achieved after the separation process in Layer 2 (both
sub and base samples) would be classified using criteria applied for sub event. The
unclassified samples after sub-event Layer 2 analysis, where they exist, are considered
as parts of the original base event and, therefore, are returned to that base event at the
same time index it has achieved prior to the separation process.

A base event, as previously defined, is the longest single event within the combined
event. However, in the second stage of the analysis, the base sample, achieved after the
initial separation process, remains problematic, that is, whether it is a single event or
another combined event. This uncertainty arises because it is just the remaining product
after small or spiky sections are taken away from the original combined event. To tackle
this issue, the subjected base sample is dissected into many smaller parts, using the
same filtering technique, for further analysis. The outcome of the second stage analysis,
following the HMM classification process, is a classified a single base event, with the
potential for other classified sub events, where they exist.

Once the model is completely developed, the verification process follows, which
involves testing on 50 independent combined events. The technique verification and
result discussion are performed in Section 6.9 - Model verification.
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Figure 6-4 Combined event analysis process
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6.5

Combined event separation process

The first required step in the combined event classification analysis is to separate the
subjected event into several smaller parts as displayed in Figure 6-7. The flow data
records the water usage; therefore, the flow rate changes (gradients) indicate a device is
switched on or off. A modified gradient vector filtering method is developed to allow
the analyst to dissect a combined event to any desired level. This technique plays a
fundamental role, in conjunction with the other analytical procedures, to help achieve
the separation performance.

The principle of this technique is based on an examination of the gradient change,
alongside the event sample, to make different levelling decisions. The method
derivation can be explained as follows:
Given a combined event sample, whose flow rate is demonstrated as a vector 𝒂 =
(𝑎1 , 𝑎2 , … 𝑎𝑗 … , 𝑎𝑚 ) of length 𝑚, the gradient of vector 𝒂, 𝒈 = (𝑔1 , 𝑔2 , … 𝑔𝑗 … , 𝑔𝑚−1 ),
is defined as :

𝑔𝑗 =

(𝑎𝑗+1 −𝑎𝑗 )
𝑑𝑡

,

1≤𝑗<𝑚

(6-1)

where 𝑗 is the sampling index, 𝑎𝑗 is the water flow rate, expressed in terms of litre per
minute recorded at time 𝑡𝑗 , and 𝑑𝑡 is the sampling interval ( 𝑑𝑡 = 𝑡𝑗+1 − 𝑡𝑗 ). The
increase of flow rate gradient indicates the occurrence of a new water use, while the
decrease of flow rate implies the completion of a water use. However, due to the
possible fluctuation of water pressure in the main, or the intentional flow rate
adjustment during the water consumption from the user, the gradient of one event could
be unstable, which leads to the misclassification of this event. To overcome this
problem, the proposed filtering method is applied to help remove these confusing
variations during the analysis.

The main objective is to determine the period (i.e. a series of data points) during which
the flow rate fluctuations are not due to the starting or ending of a water-use. The task is
carried out by setting a criterion for decision making. Given 𝑙 as the desired filtering
threshold, the filtering process is performed on an event section 𝑡𝑗 ≤ 𝑡 ≤ 𝑡𝑘 , (𝑗 < 𝑘),
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only if (∀ 𝑔𝑛 ∈ 𝒈) and (𝑗 ≤ 𝑛 ≤ 𝑘), all |𝑔𝑛 | < 𝑙. The new flow rate ( 𝑎𝑛′ ) for this
period is set to the average flow rate as:
1

𝑎𝑛′ = 𝑘−𝑗+1 ∑𝑘𝑛=𝑗 𝑎𝑛

(𝑗 ≤ 𝑛 ≤ 𝑘)

(6-2)

If the flow rate gradient is greater than the filtering threshold 𝑙, it would be considered
as a new event’s starting or completion.
As defined in the prior section, a combined event comprises of one base event and other
sub events. In relation to their relative position, the sub event could overlap the base
event at three different situations: (i) the sub even starts and finishes earlier than the
base event; (ii) the sub even starts later, but finishes earlier than the base event; (iii) the
sub even starts and finishes later than the base event. Given two random events, their
possible overlapping sections are indicated in Figure 6-5.
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Figure 6-5 Possible overlapping positions of two random samples

Therefore, in order to separate the sub samples from the original combined event, an
examination should be undertaken in these three sections. Figure 6-6 illustrates a typical
combined event separation process. In first step, the aim is to find out whether there is
any sub event starting earlier or finishing later than the base event. At the finishing time
(tk) of a combined event, if the flow rate drop (𝑎𝑘−1 − 𝑎𝑘 ) at the end of a combined
event is approximate to the last flow rate rise ( 𝑎𝑚−1 − 𝑎𝑚 ), i.e. 𝑎𝑘−1 −𝑘 ≈
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−(𝑎𝑚−1 − 𝑎𝑚 ) then it is very likely that there is a sub event clamped between 𝑡𝑚 ≤
𝑡 ≤ 𝑡𝑘 . The same principle can also be applied on the starting phase to detect a sub
event in that zone. In the example shown in Figure 6-6, no sub event is found in the
above mentioned zones; however, a typical example for this scenario is presented in
Section 6.8.

Given an original combined event as displayed in Figure 6-6a, once all the sub events
occurring at the two ends of the combined event are identified and removed, the next
step is to strip out the other samples located within the left-over combined event.

The second step in this separation process is to determine the gradient vector of the
remaining combined event using Equation (6-1). Then, the above mentioned gradient
vector filtering threshold 𝑙 is used to filter out the flow rate fluctuations. It should be
noted that the filtering method developed for this study only appears in this step to level
the gradient vector of the left-over combined event. A range of threshold values for 𝑙
from 0.05 to 0.85 (L/min/min) have been tested and value of 𝑙 − 0.2 L/min/min is
adopted as it yields the highest overall recognition accuracy for the model. The levelled
gradient vector is shown in Figure 6-6c.
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Figure 6-6 Typical combined event separation process

Based on the filtered gradient vector, the starting and ending moment of each sub
sample for separation is determined by finding the point where the gradient vector
changes from zero to a positive value (the starting point of a process), and the point
where the gradient changes from a negative value to zero (the finishing point of a
process). In Figure 6-6c, the sub samples, determined by this criterion, are marked as 1
and 2. It should be noted that the separation process using this filtering technique
ignores the first phase of the remaining combined event, as found in reality. Indeed, it is
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very unlikely that many events would start at the same time after stripping off the
overlapped sub events at the initial state (as performed in the previous steps).

Once all the starting and ending points of each sub sample have been determined, the
removing process can be performed by subtracting those samples away from the base
event. The achieved products of this process are displayed in Figure 6-7.
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Figure 6-7 Achieved samples after separation process

6.6 Sub-sample analysis
Prior to the establishment of an overall methodology for performing the combined event
analysis, it is necessary to create category index 𝑖 = 1, 2, … , 8 representing all the eight
end-use categories, with the corresponding order as follows: 1- shower, 2 - faucet, 3 clothes washer, 4 - dishwasher, 5 - full flush toilet, 6 - half flush toilet, 7 - bathtub, and
8 - irrigation . The main process in Layer 1 is the classification process using HMM
with threshold criteria.

6.6.1 Layer 1 classification process using HMM with threshold criteria
The classification process is to be achieved by employing the HMM method, with the
likelihood presented as a vector 𝒄 = (𝑐1 , 𝑐2 , 𝑐3 , 𝑐4 , 𝑐5 , 𝑐6 , 𝑐7 , 𝑐8 ). The sample will be
categorised as 𝑖 if 𝑐𝑖 is the largest element of 𝒄. The testing of the selected combined
events reveals that the utilisation of the HMM alone is not sufficient to deal with such a
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complex recognition problem, which is shown over low classification accuracy.
Therefore, some other additional criteria need to be employed. In the present study, the
modified likelihood of one sample (𝐶𝑖 ) can be determined using Equation (6-3).
𝐶𝑖 = 𝑘𝑚,𝑖 𝑘𝑟,𝑖 𝑐𝑖

𝑖 = 1,2, … 8

(6-3)

where 𝑖 represents the corresponding water end-use category, as mentioned above. 𝑘𝑚,𝑖
and 𝑘𝑟,𝑖 are the magnified factor and the reduced factor for the end-use category 𝑖
respectively, and 𝑐𝑖 is the original HMM likelihood of the tested sample. The
determination of the magnified factor (𝑘𝑚,𝑖 ) and the reduced factor (𝑘𝑟,𝑖 ) is different
for each end-use category. The achievement of 𝑘𝑚,𝑖 and 𝑘𝑟,𝑖 for the clothes washer,
dishwasher and toilet are presented in section 6.6.1, while section 6.7.1 elaborates the
steps used to obtain these parameters for the shower, bathtub and irrigation.

The first step in this analysis is used to classify the already separated sub samples, based
on some pre-determined criteria. To perform this task, one proposition is made
regarding the possible end-use categories of these sub samples. As discussed previously,
via many manual analysis processes, these small samples are found to most likely
belong to the following categories 𝑖 = 2,3, 4,5,6 . Therefore, within this classification
process, the end-uses of these samples are limited to the above mentioned categories
(i.e. one sub sample can be assigned to one of the following types: faucet, clothes
washer, dishwasher, full flush toilet, half flush toilet and nothing else). To establish a
set of criteria for the classification of each particular category, some preparatory tasks
are required. In the present study, the combined event classification is performed after
the completion of the single event analysis; therefore, all outcomes achieved in the
preceding part are inherited and applied into this analysis module. Table 6-6 shows the
necessary parameters for the clothes washer, dishwasher and toilet categories, achieved
from the single event classification process, when considering any particular home.
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Table 6-6 Required parameters for clothes washer, dishwasher and toilet event
classification
End-use category

Feature parameters

Clothes washer

Typical flow rate - 𝑞𝑡,3

Dishwasher

Typical flow rate - 𝑞𝑡,4

Toilet

Typical volume

- 𝑣𝑡,5,6

With the already classified clothes washer, dishwasher and toilet events achieved from
the single event analysis (when investigating one particular home), it is possible to
determine the typical flow rate of those clothes washer and dishwasher events; it is also
possible to determine the typical volume of the toilet events to be used as the
representative physical parameters for that home.

When using the HMM technique for the pattern matching problem in this study, the
sample is assigned to the category which has the maximum value among (𝐶1 ) to (𝐶8 ).
There are five categories to be classified in this analysis, namely: the faucet (tap),
clothes washer, dishwasher, full flush and half flush toilet. As a consequence, the value
of 𝐶1 , 𝐶7 and 𝐶8 , which illustrates the integrated possibility of this sample to be shower,
bathtub and irrigation, would be zero. The final HMM likelihood vector, calculated by
combining with the magnified factor and the reduced vector for one sub sample, is
presented in the form of 𝑪 = (0, 𝐶2 , 𝐶3 , 𝐶4 , 𝐶5 , 𝐶6 , 0,0).
(i)

Clothes washer event

In the first layer analysis, to help detect the presence of a clothes washer event
underlying a combined event, one criterion is set. This criterion is based mainly on the
search for the number of clothes washer or dishwasher events, right before and after the
combined event, to work out the probability of having those end-uses in the combined
event. In the present study, a range of ten events, prior to and subsequent to the
combined event, are examined. As one clothes wash usually takes at least thirty minutes
or more, depending on the user’s setting, a long time interval is often expected between
each cycle; therefore, it is most likely to find only one or two clothes washer cycles
within the searching range of ten events.
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In order to establish the probability value for detecting the presence of the clothes
washer event, and its relative occurrence position with the combined event, the whole
database for the 252 homes was analysed. The analysis outcome is based on a
consideration of the range of the ten events, before and after the subjected combined
sample. The output shows that, if there is at least one clothes washer event, in front of a
combined event in a time series (Case 1), the probability of having another one in the
combined one is (𝑝3,1 = 36.4%). In the case of the clothes washer event being detected
immediately after the occurrence of the combined event (Case 2), the probability now
is (𝑝3,2 = 57.2%). Finally, if one combined event is enclosed by two clothes washer
events (Case 3), (𝑝3,3 = 92.6%) makes it certain that more clothes washer samples
would be found in the combined event. These probabilities are transformed into the
magnified factor to include in the clothes washer HMM likelihood. As mentioned
previously, 𝑐3 is the HMM probability that the subjected sample is assigned to the
clothes washer. This value can be modified by incorporating a magnified factor 𝑘𝑚,3 to
reflect the likelihood of a variation when there are a certain number of clothes washer
events found in front of, and behind, the subjected combined event. The magnified
factor 𝑘𝑚,3 for the clothes washer can be calculated as:
𝑘𝑚,3 = 1 + 𝑝3,𝑗

(6-4)

where 𝑗 = 1,2,3 representing Cases 1, 2 and 3.
The values of (𝑘𝑚,3 ), for different cases, are determined by adding the increase in the
probability of finding the clothes washer event (𝑝3 ) to the original factor of one. The
selection of these magnified factors is proved to be effective for this particular study,
demonstrated in the verification process in Section 6.9. In this study, 𝑘𝑚,3 is equal to
1.364, 1.572 and 1.926, for case 1, 2 and 3, respectively.

However, the verification process has proved that, to boost the separation accuracy,
another criterion should be established and combined with 𝑘𝑚,3 . All the washing
machines perform under a pre-set mechanical process, which results in a fairly constant
flow rate for all cycles; therefore; for a sample to be recognized as a clothes washer
event, its flow rate must stay within a certain limit of the typical flow rate for the
currently used washing machine. In this case, a reduced factor, 𝑘𝑟,3 , is obtained to take
into account the difference in sample flow rate, with the typical flow rate of the
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subjected washing machine, which can be achieved from a single event analysis
process. The achievement of this factor is performed through the analysis of 8975
classified clothes washer samples (from 252 homes), collected to facilitate this study.

By finding the variation between the flow rates of all the clothes washer events, from
one particular home, with the typical flow rate of the washing machine, these
differences are assigned to four ranges: 0.5 to 1.5 (L/min) (Case 1), 1.5 to 2.5 (L/min)
(Case 2) , 2.5 to 3.5 (L/min) (Case 3), and greater than 3.5 (L/min) (Case 4). This
process is repeated 252 times, for all households, to achieve the total number of samples
sorted into each case. The findings reveal that 7990 clothes washer events (89.08%)
have the flow rate difference in the range of 0.5 to 1.5 (L/min) compared to the typical
flow rate. The percentages for cases 2, 3 and 4 are 5.28% (474 samples), 3.31% (297
samples) and 2.33% (214 samples), respectively.
If q is the most frequent flow rate of the currently tested sample, 𝑑𝑞 is the absolute
difference between 𝑞 and 𝑞𝑡,3 , the typical clothes washer flow rate of the surveyed
home, then the reduced factor (𝑘𝑟,3 ) obtained is 0.8908, 0.0528, 0.0331, and 0.0233, for
Cases 1, 2, 3 and 4, respectively.

(ii)

Dishwasher event

For the dishwasher event classification, the determination of the magnified factor (𝑘𝑚,4 )
and the reduced factor (𝑘𝑟,4 ) are similar to that of the clothes washer. The magnified
factor (𝑘𝑚,4 ), which demonstrates the probability of having a dishwasher event within a
combined event, is achieved through the analysis of the 1109 combined events. From
the study, it is (𝑝4,1 = 52.6%) obvious that there is the presence of at least one
dishwasher event within range of 10 events before the subjected combined event (Case
1). If there is a dishwasher event detected within the range of 10 events after the
combined event, and none of them is found in front of the combined event, the
probability of finding one event within the combined event is (𝑝4,2 = 33.2%) (Case 2).
In the last scenario, if one combined event is clamped by two dishwasher events, both in
front of it, and behind it, the probability in this case occurring is 84.2% (Case 3). With
the possibility of finding the dishwasher event within the combined event based on its
relative occurrence position; the magnified factor 𝑘𝑚,4 for the clothes washer can be
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calculated using Equation (6-5); 𝑘𝑚𝑑 is equal to 1.526, 1.332 and 1.842, for cases 1, 2
and 3, respectively.
𝑘𝑚,4 = 1 + 𝑝4,𝑗

(6-5)

where 𝑗 = 1,2,3 representing Cases 1, 2 and 3.
The reduced factor 𝑘𝑟,4 for the dishwasher classification is also achieved using the same
process as used for the clothes washer. A dataset of 4877 classified dishwasher events is
examined to determine this parameter, which considers the difference between the
subjected sample flow rates with the dishwasher typical flow rate from all 252 homes.
The values of 𝑘𝑟,4 are obtained, namely: 0.9426, 0.0335, 0.0133, and 0.0106 for the four
ranges of 0 to 1.5, 1.5 to 2.5, 2.5 to 3.5, and greater than 3.5 (L/min) respectively.

(iii)

Toilet event

In terms of the full flush and half flush toilet recognition, only the reduced factor is
applied (𝑘𝑟,5 and 𝑘𝑟,6 ), which reflects the volume difference of the tested sample with
the typical full flush and half flush toilet volumes of the surveyed home. In a similar
way to the criterion of the flow rate difference for the clothes washer and the
dishwasher recognition, the sample can be classified as the toilet, if its volume is within
the allowable limit of the cistern volume for the full flush event and the half cistern
volume for the half lush event of the currently used toilet. Through the examination of
the 23861 toilet events (i.e. both full flush and half flush toilet), it is revealed that 15014
samples (62.92%) are manually classified as the toilet, although their volume
differences range from 0.5 to 1.5 litres compared with the typical toilet volume at their
homes (Case 1).

For the difference in the range of 1.5 to 2.5 (Case 2), 2.5 to 3.5 (Case3), 3.5 to 15 (Case
4), and greater than 15 litres (Case 5), the number of achieved samples are 3693
(15.48%), 3095 (13.07%) and 2509 (8.63%), respectively. If 𝑣𝑠 is the volume of the
currently tested sample, 𝑑𝑣 is the volume absolute difference between 𝑣𝑠 and 𝑣𝑡,5,6 , the
typical toilet volume of the surveyed home, then the reduced factor 𝑘𝑟,5 and 𝑘𝑟,6 for the
different values of 𝑑𝑣 will be achieved as 0.6292, 0.1547, 0.1308, 0.0863 and 0, for
Case 1 to Case 5, respectively.
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(iv)

Threshold establishment

The subjected samples in this analysis process are achieved by removing the spiky
sections from the original combined event using a subjective separation process;
therefore, it is still uncertain whether these sub samples are the actual single events or
only parts of a base event. To answer the question relating to this issue, a threshold
value is set for the decision making. This boundary for an end-use category was the
HMM likelihood value 𝑏. Thus, the major percentage (𝑝𝑠 ) of the sample size (e.g. 𝑝𝑠 =
50%, 60% or 70%, etc.) classified to this particular end-use has to have a minimum
HMM score of 𝑏𝑖 for category i. The aim of this step is to find a vector 𝒃 =
(𝑏1 , 𝑏2 , 𝑏3 , 𝑏4 , 𝑏5 , 𝑏6 , 𝑏7 , 𝑏8 ) which comprises the threshold values for all the end-use
types. To find the value for 𝒃, an analysis of the 78843 unclassified samples, from the
252 homes, is performed using the existing HMM model, which was applied in single
event analysis. The number of samples classified for each category is summarized in
Table 6-7:

Table 6-7 Number of samples classified to different end-use categories using HMM
method
End-use category

Number of

Corresponding

classified sample

threshold value (𝑏𝑖 )

Shower

6175

0.0000267

Faucet

44076

0.0063820

Clothes washer

8257

0.0001280

Dishwasher

4389

0.0015148

Full flush toilet

7888

0.0001098

Half Flush Toilet

5507

0.0003098

Irrigation

1806

0.0000273

Bathtub

744

0.0000138

For each end-use category dataset, the likelihood of all the samples is determined using
the HMM method. If these likelihood values are sorted in descending order, then 𝑏 is
the minimum HMM score of the first (𝑝𝑠 %) of the likelihood values. There are eight
different water end-uses in this analysis; therefore, vector 𝒃 contained the eight
threshold values of all the categories required. The present study employed an iterative
method for the range of 𝑝𝑠 varying from 40% to 90%. The corresponding vector 𝒃,
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which results in the highest recognition accuracy during the verification process, is
adopted as the final threshold values for all the end-uses. Over several trials, the value
for 𝒃 at 𝑝𝑠 of 73% is achieved (as shown in Table 6-7).
The achieved vector 𝒃 implies that the top 73% of 6175 shower events and 4389
dishwasher events have a minimum likelihood of 0.000267 and 0.0015148,
respectively. With the established criterion for each end-use category, if any particular
event is already assigned to a class, based on the HMM method, if its likelihood is less
than the threshold value for that particular class, then that event still remains
unclassified, and will be put aside for further analysis.

With all the criteria established to be incorporated into the HMM method, the sub event
classification is now ready. The final likelihood of one sample being categorised, as the
faucet, clothes washer, dishwasher, full flush toilet or half flush toilet, is determined, as
presented in Table 6-8.

Table 6-8 Final likelihood of one sample for sub event analysis
Category

Original HMM

Magnified

Reduced

Modified

Threshold

likelihood (𝑐𝑖)

factor (𝑘𝑚,𝑖 )

factor (𝑘𝑟,𝑖 )

likelihood

value

(𝐶𝑖 )

checking (𝑏𝑖 )

Faucet

𝑐2

1

1

𝐶𝟐

𝑏2

Clothes washer

𝑐𝟑

𝑘𝑚,3

𝑘𝑟,3

𝐶3

𝑏𝟑

Dishwasher

𝑐4

𝑘𝑚,4

𝑘𝑟,4

𝐶4

𝑏4

Full flush toilet

𝑐5

1

𝑘𝑟,5

𝐶5

𝑏5

Half flush toilet

𝑐6

1

𝑘𝑟,6

𝐶6

𝑏6

6.6.2

Second layer sub-sample analysis

The next analysis stage aims to classify an undetermined sub sample into appropriate
end-use category. The first task to be undertaken in this stage is to break down the
subjected undetermined sample into its respective smaller sample elements, which are
named “secondary sub samples and base sample”, using the proposed filtering method.
All products achieved from this separation process will be categorised using the HMM
method along with the subsequent threshold value criterion. The outcome achieved
from this classification can fall into one of the following cases:
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i.

Some of the secondary sub samples are assigned to particular end-use categories
and some still remain uncertain due to the failure to meet the threshold values.

ii.

All secondary sub samples are successfully assigned to their appropriate water
end-use categories.

iii.

All secondary sub samples still remain undetermined.

The first case implies that the original undecided sub sample is actually a combination
of some single events with parts of the original base event. This conclusion can be
explained based on the extraction of classified single events in the subjected sub
sample, and undetermined secondary sub samples which are parts of the actual base
event. In this case, all remaining uncertain secondary sub samples would be returned to
the original base sample at the same time index as it was before the separation process.
In the second case where all secondary sub samples are assigned to different end-use
categories, then it could be inferred that the undetermined sub sample is actually a
combination of many other single events. In the third case, if all separated secondary
sub samples fail to be classified into any end-use category, it is likely that they are all
parts of the actual base event, and they would be returned to the base sample for further
analysis.

A limitation of this process is that there is small probability that the actual single events
underlying in the undecided sample are sometimes recognised as parts of the original
base sample, and vice versa due to the similar shape and characteristics. Therefore, a
perfect classification for this layer analysis is unable to be achieved. The effect of this
issue is the drop in the final recognition accuracy, which is discussed later in the
verification process.

6.7

Base sample analysis

Once all the sub events are fully classified, the final step in this combined event study is
to analyse the base sample. The base sample is the product obtained after removing all
spiky samples from the original combined event after the initial separation process. As
explained in the previous section, via many manual end-use studies on the collected
data, it is revealed that the majority of the base events are formed by only one, or a
combination, of the following end-use categories: shower, bathtub, long irrigation, and
full flush toilet. The procedure to this type of event is similar to that for the sub event.
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Firstly, the proposed filtering method (section 6.5) is used to separate the primary base
sample into many smaller secondary sub samples, and a new secondary base sample.
Once this step is finished, the HMM, which incorporates some pre-defined base-event
analysis criteria, is followed to help with the recognition of all the new sub samples.
However, it should be noted that in this analysis, the possible end-uses for the
secondary sub samples in the base event analysis is limited to the shower, bathtub,
irrigation and toilet. Additionally, the likelihood vector of one sample is in the form of
𝒄 = (𝑐1 , 0,0,0, 𝑐5 , 0, 𝑐7 , 𝑐8 ). The criteria applied to the HMM (i.e. the magnified and
reduced factors) are discussed in detail for shower and bathtub end-uses.

6.7.1 HMM with threshold criteria for base samples
(i)

Shower

For the formulation in Section 6.6.1, the statistical study of the shower end-use find that
about 87% of all the shower events have a volume greater than 7 litres (Case 1), 7.7% in
the range of 6 to 7 litres (Case 2), 3.8% in the range of 5 to 6 litres (Case 3), while 1.5%
of the samples have a volume less than 5 litres (Case 4) (Nguyen et al., 2013a). It can be
inferred that if any sample has a volume less than the lower limit of 5 litres, then it
would be less likely to belong to shower category. The reduced factors (𝑘𝑟,1 ) for the
shower event are obtained as 1, 0.077, 0.038 and 0.015, if the volume of the tested
sample falls into Case 1,2,3 and 4, respectively.

(ii)

Bathtub

In terms of the bathtub, the duration of the usage is the governing characteristic, which
requires further attention. One of the important findings from the analysis of the bathtub
dataset is that 91% of the bathtub events have a length greater than 4 minutes (case 1),
7.2% in the range of 3 to 4 litres (Case 2), 1% in the range of 2 to 3 litres (Case 3), and
0% if the duration was less than 2 litres (Case 4) (Nguyen et al., 2013a). From these
findings, a corresponding reduced factor (𝑘𝑟,8 ) is applied to the HMM score of the
subjected sample in consideration of the length of time for the event. The values of 𝑘𝑟,8
are adopted as 1, 0.072, 0.001 and 0 for the four corresponding cases.

(iii)

Irrigation and full flush toilet

For the irrigation event, there is no dominant distribution in the characteristics, such as
duration, flow rate or volume, as this type of end-use is subjected to the user’s
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behaviour. As a result, the primary HMM score is adopted as the final likelihood for this
type of end-use, and the magnified factor (𝑘𝑚,8 ) and the reduced factor (𝑘𝑟,8 ) are
adopted as 1. In terms of the full flush toilet, 𝑘𝑚,5 and 𝑘𝑟,5 are readopted as the criteria
for this end-use in the analysis process.

With all the criteria incorporated into the HMM method, the new sub sample
classification is now ready. The final likelihood of one sample being categorised as
shower (1), full flush toilet (5), irrigation (7) and bathtub (8) is determined (see Table 69). Once all the sub samples are assigned to the different categories, the last step is to
check against the threshold value. If the final HMM score of the sample is less than the
corresponding threshold value, then it could be confirmed as part of the original base
event, and is added to the base sample at the same time index as before.

Table 6-9 Final likelihood of one sub sample in base event analysis
Category

Original

Magnified

Reduced

Modified

Threshold

HMM

factor (𝑘𝑚,𝑖 )

factor (𝑘𝑟,𝑖 )

likelihood

value

(𝐶𝑖 )

checking (𝑏𝑖 )

likelihood (𝑐𝑖)
Shower

𝑐1

1

𝑘𝑟,1

𝐶𝟏

𝑏1

Full flush toilet

𝑐5

1

𝑘𝑟,5

𝐶5

𝑏5

Bathtub

𝑐7

1

𝑘𝑟,7

𝐶7

𝑏7

Irrigation

𝑐8

1

1

𝐶𝟖

𝑏𝟖

The final step in the combined event analysis is to classify the remaining secondary
base sample, which is assigned to the shower, bathtub, irrigation or toilet. At this step,
the HMM, with the magnified and reduced factors, is employed to perform the required
task. However, unlike all the previous recognition processes, the process of checking
against the threshold value is skipped, with the score achieved from this technique being
adopted as the final likelihood for the decision making. Indeed, it is found during the
analysis that the overall accuracy does not show any change if the secondary base
sample is separated and further analysed when failing in threshold value checking;
therefore, with the suggested procedure, the current model can still guarantee the
reliability and save significant processing time.
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6.8

Combined event analysis example

For a more comprehensive understanding of the overall study, the proposed technique is
performed on one typical combined event collected to explain, in detail, how each step
is applied. The original event’s details are extracted directly from the user’s diary
(presented in Table 6-10).

Table 6-10 Independent combined event description
End-use category

Start time

Event description

Shower

8:15:00

1 shower event in main bathroom

Basin tap

8:15:30

1 short tap event from basin

Main toilet

8:16:00

1 full toilet flush event

Kitchen tap

8:16:35

1 kitchen tap event

Ensuite toilet

8:17:00

1 half flush event

Some additional information in the household is also provided as:


One clothes wash started from 7:30 am and finished at 8:13 am



No dish washing in the morning



Toilet cistern volume: 7.0 L

From the given information, a manual analysis was performed to separate this event; the
outcome is shown in Figure 6-8:
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Figure 6-8 Actual single events in the combined one
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6.8.1 Combined event separation process
The ultimate aim for this example is to apply the proposed technique to achieve the
disaggregated single events matching the ones shown in the above figure. With the
event sample presented as 𝒂 = (𝑎1 , 𝑎2 , … 𝑎𝑗 … , 𝑎𝑚 ), where m= 58. As introduced in
Section 6.5, the first step is to identify whether any sub event occurs before the base
even starts or completes after the base event finishes. As can be seen from Figure 6-9,
no sub event is found during the initial phase, but a sub event displayed by the blue line
is identified and separated from the original event in the final phase.
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Figure 6-9 Separation of sub sample at starting and finishing phase

The second task is to strip out all the sub samples, which completely lies on top of the
remaining base one. This objective is accomplished by firstly calculating the gradient
vector 𝒈 of the remaining combined sample using Equation (6-1). The required vector is
shown in Figure 6-10.

At this point it is important to remember that the aim of finding the gradient vector is to
determine the period for each sub sample. Based on the achieved gradient vector, the
task is undertaken by looking for the moment when each sub sample starts (the rise of
the original event’s flow rate, which is presented over the gradient change from zero to
a positive value) and finishes (flow rate drop displayed over the gradient change from a
negative value to zero). To perform this task, the developed filtering method is
employed to help level out the gradient vector. As mentioned in the previous section,
the value 𝑙 of 0.2 L/min/min is recommended for the filtering purpose of this particular
study. The filtered vector is displayed in Figure 6-11.
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Figure 6-10 Gradient of the remaining sample
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Figure 6-11 Filtered gradient of the remaining sample

With all the identified starting and finishing points of the underlying sub samples, the
second separation task is now ready. The complete products of the combined event
breaking down process are shown in Figure 6-12.
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Figure 6-12 Products achieved from the separation process

6.8.2 Sub sample recognition
Figure 6-13 shows two sub samples extracted from the original combined event, which
are named “Sub 1” and “Sub 2”.
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Figure 6-13 Sub samples achieved from the separation process
In Layer 1 analysis, all the sub samples are passed through the HMM recogniser, with
the output categories restricted to the faucet, clothes washer, dishwasher and toilet. The
information, presented in Table 6-11, is given by the surveyed home to enable the
combined event analysis.

It should be noted that when the whole automatic flow trace analysis system is
completed, the detection of the above physical characteristics could be achieved
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automatically. By applying the HMM method, in addition to the adopted reduced and
magnified factors (shown in Section 6.6.1) on each sub sample, the final HMM
likelihood for each of them is obtained. At the end of this process, Sub 1 is classified as
half flush toilet, and Sub 2 still remains undetermined due to the failure in threshold
value checking (Appendices D1 and D2). Thus, a second layer analysis is required to
further examine the undetermined Sub sample 2.

Table 6-11 Physical characteristics of all end-use devices in the surveyed home
End-use
Clothes washer

Given information


1 clothes washer cycle was found within
10 events prior to the combined one.



No clothes washer was found within the 10
events after the combined one.



Typical clothes washer flow rate of the
surveyed home: 11.25 (L/min).

Dishwasher



No dishwasher event was found within the
10 events before and after the combined
one.



Typical dishwasher flow rate of the
surveyed home: 2.33 (L/min).

Full flush toilet



Typical volume of all full flush toilet
events of the surveyed home: 6.62 (L).

Half flush toilet



Typical volume of all half flush toilet
events of the surveyed home: 3.11(L).

Within this analysis, the subjected undetermined sample is broken down again. The
separated products are named “Sub 3” and “Sub 4”, and are displayed in Figure 6-14.
And with the availability of two new sub samples, the recognition process using the
HMM on each of them is ready. From the analysis, Sub 3 and Sub 4 are classified as
half flush toilet and faucet respectively (Appendices D3 and D4). This outcome is
identical to what was written in the collected user’s diary.
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Figure 6-14 Two secondary sub samples achieved from the separation process
6.8.3 Base sample analysis
The final task in this study is the recognition of the base sample, which is presented in
Figure 6-15 below.
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Figure 6-15 Base sample achieved from the separation process

As previously discussed, the possible end-uses of the base event in this study are limited
to shower, bathtub, long irrigation and full flush toilet, as they are long enough to allow
the overlapping with other events. In the present analysis, the HMM, in combination
with some other pre-determined criteria for bathtub and shower, is applied to determine
the final likelihood of the subjected sample. From the HMM final score (Appendix D5),
the base sample is eventually classified as the shower, which matches the one given in
the user’s dairy.
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In summary, with the achieved classified events, it can be stated that the proposed
method is effective in dealing with the problem of disaggregating a combined event into
different components. In this illustrative example, only a tiny faucet event is missed as
it was considered a part of the based shower event. This problem is insignificant and
understandable as, in reality, the flow rates of most events are unstable due to the
fluctuation of water pressure, or the adjustment of the water user. The volumes of these
missed events are minor compared to that of the original combined event; therefore, the
final recognition accuracy of the overall study is not really affected. However, to
confirm the efficiency of the proposed disaggregation technique, more testing should be
undertaken. The next section introduces a comprehensive verification process of the
final algorithm on various types of common combined events.

6.9

Model verification

6.9.1 Combined event classification accuracy
The model is verified using another independent 50 combined events, which are
basically divided into three categories with the increasing level of complexity. Detailed
presentation of each participating combined event in this verification process is
presented in Appendix D9.

Type 1 of the independent combined events includes two events which occur
simultaneously. The longer one of these two events plays as the base event, while the
remaining one is considered as the sub event. This is the simplest event combination in
reality; therefore, in the present study, only five samples of this type are collected to
facilitate the testing process.

Type 2 of the independent combined event comprises a group of concurrent events, in
which the longest event is the base one and all other smaller events laying on top of this
large event are sub events. This is the most common type of event combination, and 35
independent samples are used to serve the verification.

Type 3 is the the last, and the most complex, type of combined event is the one which
comprises two overlapped layers. A typical sample of this problem is shown in the
illustrative example in Section 6-8. For example, one combined event includes three
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components; the longest one lies in the bottom, and plays the base event. Some
simultaneous events, located right above the base one, are considered as the first
overlapping layer. In the second overlapping layer, some other events will occur on top
of the sub events in layer 1. There are 10 samples of this type collected for the present
study. Figure 6-16 shows examples of each type of the independent combined events
verified in the present study.
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1: Shower event
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3: full toilet flush event
5: half toilet flush event
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c. Type 3 independent combined event
Figure 6-16 Three different types of combined events for testing

The efficiency of the proposed technique is thoroughly verified by examining all aspects
of the independent samples. In the present study, two accuracy indices are achieved to
give the reader a broad overview of how effective the recommended method is in
analysing each type of combined event, and one accuracy index obtained for the
recognition of the particular water end-use category. For the individual combined event
examination, the method effectiveness is illustrated over the accuracy in terms of the
number of events, AN. This is achieved by determining the ratio between the numbers of
correctly classified single events, over the total events, within the combined one. The
accuracy, in terms of volume, AV, aims to find the ratio between the correctly classified
volume over the actual volume of each single event, within the combined one. These
two indices are clearly presented in Table 6-12 for the three different types of event
combinations. A detailed description and accuracy of each tested event can be found in
Appendices D6, D7 and D8.

Table 6-12 Average disaggregation accuracy for all three types of combined event
Type

AN

AV

1

100

98.9

2

81.4

82.6

3

82.7

82.4

Overall

88.0

88.0
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From Table 6-12, it can be seen that all Type 1 combined events are accurately
separated and identified. The accuracy of 98.9%, in terms of volume, is obtained
because during the separation process, the starting and ending points of each component
single event were not perfectly determined. This result leads to the slight difference in
the volume of the separated event compared to that of the actual single event. The
accumulation of all the volume variations results in the drop of the average accuracy for
this type of combined event.

The great separation accuracy achieved for this event combination becomes a good
preparation for the testing of more complicated combined events. Over many manual
end-use studies, combined event Type 2 is found to be the most common event
combination found in reality, which is comprised of one large base event and several
other sub events; therefore, the testing on this type of sample is the main focus for this
verification process. Within 35 independent samples of this type, there are 223 sub
events, spreading over the following end-use kinds, such as: tap, toilet, clothes washer
and dishwasher; and 35 base events belonging to the shower, irrigation and bathtub enduse. The results from the proposed technique show that six base events are misclassified
(accuracy of 82.9%), which substantially reduces the accuracy, in terms of volume, for
those testing samples, as these base events cover the majority of the sample volumes. In
terms of the sub event recognition, 181 out of the 223 sub events are placed into their
correct category (81.2%). The outcome shows that the method is highly efficient when
dealing with this type of sample. In summary, 81.4% of total events extracted from the
35 samples have been accurately put into the correct groups, while 82.6% of the total
volumes have been properly sorted.

The high recognition accuracy attained for this type of combined event has the potential
to extend the proposed technique for more complicated event combinations. The next
level of the combined event that is tested includes two overlapping layers, as introduced
earlier in this section. For this type of event, 10 samples (i.e. 65 sub events, ranging
from tap, toilet, clothes washer, dishwasher, and bathtub, to shower), and 10 base events
(of the shower, bathtub and irrigation) are collected and verified. Unlike type 1 and 2,
this type of event allowed a combination of many large events (such as the shower,
irrigation and bathtub); therefore, the longest event is identified as the base event, and
all shorter events, even irrigation, bathtub or shower, are identified as sub events.
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Surprisingly, the accomplished accuracy, in terms of the number of events for this type,
is even higher than that of type 2 (82.7% compared to 81.4%), and the accuracy for the
volume is almost the same (82.4% compared to 82.6%). Thus, the proposed method is
effective in analysing most types of combined events, from the easiest one of two
overlapping events to the most complicated sample–two overlapping layers of many
events.

However, for a more comprehensive understanding of how the technique performed on
each type of end-use, Table 6-13 is established to indicate the accuracy achieved for
each particular end-use for all three tested types:

Table 6-13 Disaggregation accuracy for each end-use category
Event category

Number of events

Number of correctly

Accuracy (%)

for verification

disaggregated events

Shower

23

18

78.3

Faucet

163

142

87.1

Clothes washer

29

26

89.7

Dishwasher

24

20

83.3

Toilet

78

64

82.1

Bathtub

19

15

79.0

Irrigation

17

13

76.5

The table shows that the disaggregation accuracy is over 75% for all water end-uses,
with the highest, 89.7%, for clothes washers, and the lowest, 76.5% for irrigation. Due
to their similar patterns, the shower, bathtub and irrigation events are often
misclassified, which dramatically bring the accuracy down for these end-uses. To
overcome this problem, it is recommended that more information should be provided on
the available types of end-use presented in the surveyed home (e.g. the survey home
does or does not irrigate, etc.). The right identification of the base events makes a
significant contribution to the overall system accuracy, as their volumes are often
completely dominant all other sub events. In terms of the sub event, the high
classification accuracy of the clothes washer, dishwasher and toilet events are proved.
The incorporation of the magnified factors and reduced factors into the HMM
likelihood of these end-uses is very effective for this type of problem. Within this
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verification process, most of the misclassified toilet events are put into the faucet group,
as their patterns are distorted due to the pressure loss occurring when many events occur
concurrently. Moreover, unlike traditional full flush and half flush toilets, the water
pattern of some new toilet models is not constant anymore, as the user can decide the
amount of water to be released. The combination of these two issues has imposed a
difficulty on the classification of a toilet event underlying a combined event. The
performance on the faucet event is impressive, as 87.1% of the overall faucet samples
are accurately classified. This notably high accuracy is due to the fact that most faucet
patterns are unpredictable; however, in reality, they usually have relatively small
volumes, which is the main characteristic for the system to recognise. In addition, with a
huge number of collected faucet events to facilitate this study, the developed HMM
classifier is also more effective for the faucet category.

6.9.2 Comparison with existing combined event analysis methods
As mentioned previously, one of the most widely used tools for flow trace analysis in
the water industry is Trace Wizard© (Beal and Stewart, 2012), which was developed to
disaggregate a series of flow signals into different end-use categories. However, the
accuracy of this software depends greatly on the reliability of the input parameters,
which requires detailed information about the available water end-use (e.g. whether to
have irrigation, bathtub, or dishwasher, etc.). The water efficiency, the maximum,
minimum and most frequent flow rate of every single end-use device in the surveyed
home was needed. The collection of such input data, however, is resource intensive,
while the method itself is not feasible for large scale application. The first paper on a
single event analysis (Nguyen et al., 2012) proposed a new method to solve the primary
single event classification. The new method’s recognition accuracy is shown to far
outweigh the Trace Wizard©. In terms of the combined event analysis, the highest
complexity level that Trace Wizard© could manage is the type 2 event combinations
(i.e. a group of simultaneous events with only one overlapping layer); therefore, the
very low disaggregation accuracy is often expected when analysing type 3 event
combinations. With its ability to examine the three types of combined events, the newly
developed method stands out for being the ideal solution for the combined event
analysis. To illustrate the difference between the Trace Wizard© and the proposed
technique, a further testing process is performed on 50 independent samples, with the
outcomes shown in Table 6-14.
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Table 6-14 Comparison between the proposed technique with existing methods
Type of
combined event
Type 1 – 5
samples
Type 2 – 35
samples
Type 3 – 10
samples
Average
accuracy

Disaggregation accuracy using
Trace Wizard©
AN
AV
80
96.3

Disaggregation accuracy using
the proposed method
AN
AV
100
98.9

64.3

65.2

81.4

82.6

36.9

55.4

82.7

82.4

41.6

72.3

88.0

88.0

As displayed in Table 6-14, the recognition accuracy achieved for the Type 1 event
combination is very high, with 8 out of 10 single events, included in the 5 samples, are
assigned to the appropriate category. The two misclassified samples are faucet events,
whose volumes are relatively small; therefore, the average accuracy, in terms of volume
attained, is almost absolute. However, a considerable difference is shown by the Type 2
event analysis; only 166 out of 258 single events are accurately identified; this included
141 sub events and 25 base events. The misclassification of 10 base events, whose
volumes are significantly large, brings down the average accuracy in terms of the
volume to 65.2%.

The final testing is conducted on the Type 3 combined events, which has gone beyond
the ability of the Trace Wizard©. In this analysis, all the sub events located in the
second overlapping layer are ignored. This action dramatically affects the average
accuracy in terms of the number of events. Only 5 out of 10 base events, and 24 out of
65 sub events, are put into the right groups. The result shows that an accuracy of 36.9%
in terms of the number of events and 55.4% in terms of the volume were achieved. In
summary, the average testing accuracy on three different combined event types of
41.6% and 72.3%, the Trace Wizard© is far behind the proposed method. The new
method correctly classifies 88% of the total events and volumes using this technique.
This outcome again proves that the newly developed algorithm for the combined event
analysis is expected to be widely applied in the future.
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6.10 Conclusions, limitations and future directions
The establishment of an integrated water management system, which employs smart
water metering, in conjunction with an intelligent algorithm to automate the flow trace
analysis process, is becoming more and more feasible. The first fundamental step to
extract the single events from the flow rate series, and assign them to appropriate
categories, was achieved using a model containing a hybrid combination of HMM and
DTW algorithms. This single event disaggregation model is comprehensively described
in (Nguyen et al., 2013a). However, combined events are a significant proportion of
residential consumption and the goal of having a comprehensive automated pattern
recognition model would not be achieved without solving this challenging
disaggregation and recognition process. The present study provides a robust event
classification process for combined events through applying the HMM, DTW algorithm
and gradient vector filtering techniques Model validation testing of 50 independent
simultaneously occurring events of increasing combination complexity demonstrated
good accuracy. The average disaggregation accuracy achieved through the validation
process, both in terms of the number of events and their volume, was 88%.

The main difficulty encountered when dealing with combined event disaggregation is
the pattern distortion of all the contributing single events, due to the pressure lost in the
pipe, when many events occur simultaneously. The outcome results in a reduction in the
overall disaggregation accuracy. For example, a distorted toilet or dishwasher event
induced by pressure loss has a similar shape to that of a faucet, and may be eventually
classified as a faucet event. Collecting and manually classifying the single event
components of a much larger sample of combined events will be the focus of future
research in order to better under the influence of pressure drop on single event
characteristics.

The final analytical stage of the greater study will be to formulate an intelligent selflearning algorithm, which allows the system to characterise the distinct end-use
characteristics of any new residential house analysed by the system, by drawing on
existing extensive registries of event signature prototypes already established and
interpreting these new variant events and accurately assigning them to the prototype
registry. Once this algorithm is complete, a user friendly automatic flow trace analysis
application will be developed. The application will integrate the already completed
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single and combined event classification processes, along with the future developed
self-learning processes into one comprehensive residential water end-use event pattern
recognition system. A verification process on samples of independent homes from
various urban areas within Australia, and later abroad, will be carried out to confirm the
accuracy level of this application for various situational context (e.g. region, dwelling
type, etc.).

180

Chapter 7: Autonomous system for residential water end-use classification

Chapter 7
Autonomous system for residential water end-use
classification

Statement of contribution to co-authored published paper
This chapter includes an abbreviated co-authored paper accepted for publication

The bibliographic details of the paper, including all authors, are:

Nguyen, K.A., Stewart, R.A., Zhang, H. (2013c) An intelligent and autonomous expert
system for residential water end-use classification, Journal of Expert Systems with
Applications (submitted on 24 March, 2013).

My contribution to the paper involved: literature review, development of a self-learning
algorithm for the proposed system, development of a prototype application for
autonomous water end-use classification, verification of the overall system, figures and
tables, writing and editing

_________________________________ (Date)______________
Khoi A. Nguyen

_________________________________ (Date)______________
Supervisor: Rodney A. Stewart (principal supervisor and co-author)

_________________________________ (Date)______________
Supervisor: Hong Zhang (principal supervisor and co-author)
181

Chapter 7: Autonomous system for residential water end-use classification

An intelligent and autonomous expert system for
residential water end-use classification
Abstract: Intelligent metering technology combined with advanced numerical
techniques enable a paradigm shift in the current level of water consumption
information provision that is available to the customer and the water business. The aim
of this study was to develop an autonomous and intelligent system for residential water
end-use classification that could interface with customers and water business managers
via a user-friendly web-based application. Water flow data collected directly from smart
water meters includes both single (e.g., a shower event occurring alone) and combined
(i.e., an event that comprises several overlapping single events) water end-use events.
The authors recently developed intelligent algorithms to solve the complex problem of
autonomously categorising residential water consumption data into a registry of single
and combined events using a hybrid combination of techniques including Hidden
Markov Model (HMM), Dynamic Time Warping (DTW) algorithm, time-of-day
probability functions, threshold values and various physical features. However, the issue
still remained, which is the focus of this current paper, on how to integrate self-learning
functionality into the envisioned expert system, in order that it can learn from newly
collected datasets from different cities, regions and countries, to that collected for the
training data. Such versatility and adaptive capacity is essential to make the expert
system widely applicable. Through applying alternate forms of HMM and DTW in
association with a frequency analysis technique, a suitable self-learning methodology
was formulated and tested on three independent households located in Melbourne,
Australia with a prediction accuracy of between 80-90% for the major end-use
categories. The three principal flow data processing modules (i.e. single and combined
event recognition and self-learning function) were integrated into a prototype software
application for performing autonomous water end-use analysis and its functionality is
presented in the latter sections of this paper. The developed expert system has profound
implications for government, water businesses and consumers, seeking to better manage
precious urban water resources.
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7.1

Introduction

Following a long-standing drought for the second half of the last decade across most of
Australia, most capital cities introduced a portfolio of water demand management
strategies and constructed capital intensive rain-independent bulk supply sources to
ensure the provision of a secure water supply (Willis et al., 2009a). Residential water
consumption is often dependent on the water using fixtures or appliances within a
dwelling, the household makeup, the regional location and a plethora of sociodemographic influences. A study of end-use water consumption aids water planners and
consumers to identify where and when water is used in a household and hence, assists in
driving proactive reductions in consumption (Loh and Coghlan, 2003; Stewart et al.
2010; Makki et al., 2011). However, the existing water end-use classification techniques
require an extensive use of human resources to collect a combination of water use
behaviours and appliance/fixture stock inventory data through a household audit
followed by 2-3 hours of analysis time for each home (Stewart et al., 2011; Beal and
Stewart, 2011). Presently, water end-use or micro-component studies are restricted to
the research domain, since it is not economically viable to complete citywide studies
due to resource intensity of the flow data classification process. Intelligent and
autonomous end-use classification firmware is required along with bold large-scale rollouts of commercially available high resolution smart water meters in order to bring this
level of water consumption information to the masses. Currently, an increasing number
of smart water metering technologies have been introduced to the market. Such
metering devices embrace two distinct elements: meters that use new technology to
capture water use information and communication systems that can capture and transmit
real-time water use information (Stewart et al., 2010). These forms of smart metering
technology can provide total consumption data to the customer and utility at high levels
of resolution; however, they fail to disaggregate this data into its end-use use categories.

In the present study, an attempt to automate the domestic water end-use classification
process and, thus, to enhance current practices in the urban water industry is required,
and a robust hybrid model that employs HMM, DTW and event probability techniques
is developed. The proposed system will allow individual consumers to log into their
user-defined water consumption web page to view their daily, weekly, and monthly
consumption tables as well as charts on their water demand across major end-use
categories (e.g., leaks, clothes washer, shower, irrigation). This system can rapidly alert
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customers of leak events so that they can immediately be addressed rather than waiting
for the present slow feedback process from the traditional metering technology (e.g., the
quarterly bill). The system will also benefit water businesses by rapidly providing water
end-use reports of any desired property or suburb, thereby empowering them to develop
more targeted conservation programs in water scarcity periods (e.g. Willis et al., 2011a;
2011b), improved water demand forecasting (e.g. Makki et al., 2011) and optimised
pipe network modelling (e.g. Carragher et al., 2012; Beal and Stewart, 2013). Figure 7-1
summarises below the three key stages in the development of this system:


Stage 1: Develop a non-adaptive intelligent model that autonomously
disaggregates collected water flow trace signatures that were collected from the
intelligent water meters into a categorised registry of water end-use events
(Nguyen et. al., 2013a, 2013b).



Stage 2: Equip the model with adaptive capabilities that enable it to interpret
untrained water end-use signature traces, thereby allowing it to adapt to new
situation context (e.g. different city to training dataset).



Stage 3: Develop an intelligent and user-friendly expert system and prototype
firmware for use by consumers and businesses.
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Figure 7-1 Overview of proposed autonomous and intelligent water management system

185

Chapter 7: Autonomous system for residential water end-use classification
7.2

Background

7.2.1 Existing water metering process and new paradigm
Water consumption readings are usually recorded manually on a quarterly or half yearly
basis. Under most situations, a whole year’s worth of water consumption data is
described by only two to four data points in the water businesses billing system.
Conventional water meters count each kilolitre of water as it passes through the meter
and do not have the ability to record when (i.e., the time of day) and where the
consumption takes place (e.g., washing machine, leaks) (Stewart et al., 2011). These
systems produce limited and delayed water consumption information. The current water
metering system does not typically provide real-time or continuous/frequent water
consumption data, and in cases where it does, it does not provide a sufficient level of
data resolution to allow water end-use event categorisation. While real-time or near
real-time water consumption data provisioning is now commercially viable with current
smart metering technology, there is presently no firmware that can autonomously
disaggregate this flow data into the ‘richer’ water end-use categories of consumption.
Until such firmware is developed, powerful water end-use information will be contained
to expensive research studies (e.g. Beal and Stewart, 2011).
7.2.2 Intelligent system development using various pattern recognition techniques
To overcome these limitations, intelligent metering technology is united with advanced
pattern recognition techniques to enable a paradigm shift in the current level of water
information provision available to the customer and water business. The aim of this
project is to develop an autonomous and intelligent system for residential water end-use
classification through the employment of various mathematical techniques, namely
HMM, DTW and frequency analysis as presented below.

A hidden Markov model (HMM) is a statistical Markov model in which the system
being modelled is assumed to be a Markov process with unobserved (hidden) states. An
HMM can be considered to be the simplest dynamic Bayesian network, which is one of
the most popular techniques in the field of handwriting and speech recognition
(Ephraim and Merhav, 2002). Principal theories and typical applications of this
technique have been presented in Baum and Petrie (1966), Starner and Pentland (1995),
Baum et al (1970), Cho et al (1995), Ghahramani and Jordan(1997), Chien and Wang
(1997), Satish and Gururaj (2003) or Tapia (2004). In this study, HMM was utilised as
the main classifier for water end-use classification decision making.
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Another important mathematical tool is the Dynamic time warping (DTW) algorithm,
which is a popular method for measuring the similarity between two time series signals
of different lengths. In general, this task is performed by finding an optimal alignment
between two series with certain restrictions. The sequences are extended or shortened in
the time dimension to determine a measure of their similarity independent of certain
non-linear variations in the time dimension (Myers and Rabiner, 1981). This technique
has been widely applied in prototype selection (e.g. Nguyen et al., 2011), pattern
recognition (e.g. Myers and Rabiner, 1981; Muller, 2007; Rabiner and Juang, 1993;
Sakoe and Chiba, 1978; Manmatha and Srimal, 1999; and Marquez, 2001) or word
image searching (Manmatha and Rath, 2002). DTW played an important role in this
study because it was utilised in the task of grouping similar unclassified events together
to prepare for adaptive analysis.

Probability analysis was also applied in this study. For the purpose of this study,
frequency histogram data distributions were formulated from the training data to
examine the likelihood of event characteristics occurring. A histogram comprises
tabular frequencies, shown as adjacent rectangles, which are erected over discrete
clusters (bins), with an area equal to the frequency of the observations in the interval.
The height of a rectangle is also equal to the frequency density of the interval, i.e., the
frequency divided by the width of the interval (Pearson, 1895). For example, suppose
that we are given a vector that contains a volume of 10 events in litres, as follows:
𝒗 = [4.63, 4.57, 4.59, 4.63, 4.69, 4.75, 4.71, 4.79, 4.92, 4.76 .

Then,

the

volume

distributions using histograms with different number of clusters are presented in Figure
7-2.
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Figure 7-2 Example of frequency histogram with different number of clusters

In the present study, a distribution of all of the physical characteristics of a group of
events (i.e., the volume, duration and flow rate of each water end-use category) will be
determined using the histogram method with 5 clusters, from which the representative
value of each group can be obtained by selecting the entry that has the highest
frequency. It should be noted that the selection of 5 clusters is based on the fact all
events in each unclassified group after the grouping process will have approximate
volume, flow rate and duration (i.e. the values of each feature do not spread over a wide
range) regardless the end-use category they actually belong to; therefore, the utilisation
of 5 clusters is sufficient to determine the representative values. Given a group extracted
from the tested home that contains 10 events whose volumes are presented above, the
most typical volume representing this group is 4.6 L because it attains the highest
frequency of 4 when using a histogram of 5 clusters.

7.3

Classification model development

7.3.1 Collected data for the study
Data utilised for the development of the model is sourced from 252 residential
households fitted with a smart meter and data logger and located in the urban south-east
corner of the State of Queensland (SEQ), Australia, in both summer and winter for 2
years, 2010 and 2011. These households are consenting participants in the recently
completed South-east Queensland Residential End-use Study (SEQREUS) that was
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funded by the Queensland State Government (Beal and Stewart, 2011). A sample of
properties is taken from the four key cities in this interconnected SEQ region, namely,
Sunshine Coast Regional Council, Brisbane City Council, Ipswich City Council and
Gold Coast City Council to use as a database for this study. The smart meters provided
sufficient resolution (0.014L/pulse every five seconds) of water flow data to the
household to complete a water end-use or micro-component disaggregation process (i.e.
each tap, shower, etc.). Participating households were also requested to participate in an
appliance/fixture stock inventory audit and complete a questionnaire survey that was
developed to assist in determining the socio-demographic characteristics and
socioeconomic status of the households. All such data was required by the team on the
SEQREUS in order to manually complete the water end-use disaggregation process as
well as for statistical analysis related to a number of objectives related to that study (e.g.
Carragher et al. 2012; Beal et al., 2011a; Beal and Stewart, 2013). This studies budget
was in excess of $US1,000,000 with a reasonable proportion of that budget assigned to
water end-use analysis process for a sample of 250 households, which is acceptable for
a detailed research investigation but the disaggregation process needs to be automated
for widespread application. Nonetheless, this extensive dataset of high resolution flow
data and associated water end-use event registry provided the training set for this study.

7.3.2 Stage 1: Non-adaptive classification model
With the availability of data collected from SEQREUS, the building of an autonomous
flow trace analysis system commenced (Figure 7-3). In Stage 1 of the study, a single
event analysis module was developed to categorise all of the unclassified single events
that occur in isolation. In this module, HMM, DTW and an event time-of-day
probability function were applied to autonomously assign all of the single events to
appropriate categories, with an average accuracy of 84.1% (Nguyen et al., 2013a)，
which is slightly lower than that of combined event due to low recognition accuracy of
bathtub and irrigation. Then, a combined event analysis (i.e., a group of concurrent
single events) module, which remains as one of the most complicated problems in the
field of pattern matching, was developed. Several techniques were employed for
splitting apart various events in a combined water use event, including HMM, the
Gradient Vector Filtering method and different probability functions that were extracted
from the various physical features of the existing database (Nguyen et al., 2013b). The
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classification outcomes have shown that approximately 88% of the combined events
were accurately disaggregated into their end-use components and then recognised.

Figure 7-3 Flowchart of the water end-use classification process

7.3.3 Stage 2: Adaptive classification model
The classification model that was developed in Stage 1 was initially trialled in a
different region (i.e. Melbourne) to that where the model was developed (i.e. different to
the SEQ training data) to examine its versatility. Model accuracy dropped due to some
fundamental causes, including, the presence of new end-use categories that have not
been identified in SEQ (e.g., evaporative air conditioner) as well as some differences in
water consumption behaviours for some of the end-uses which may be due to a range of
macro factors (i.e. different climatic conditions, government policy, etc.). To overcome
this challenge, we needed to build some self-learning functionality into the model to
make it more adaptive to different regions. Therefore, the objective of the research and
focus of this paper was to integrate adaptive features into the model employing
appropriate techniques. The establishment of this critical analysis module is articulated
in the next section.

7.4

Adaptive classification model development

7.4.1 Overview of model architecture
This function was developed to analyse all of the events that exhibit patterns which
cannot be confidently recognised by the non-adaptive single and combined event
modules. Figure 7-4 provides an overview of the overall analysis procedure for the
adaptive model.
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Collected data in a new
regions
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identify new

New event
patterns

Classifiable
events

New adaptive analysis
module (Stage 2b)

Non-adaptive analysis
modules (Stage 2a)

New classified
single events

Update the existing
database

Classified single
events

Figure 7-4 Flowchart of adaptive model sequence
At the very first step for adaptive learning, the HMM threshold value, which is
explained in the next section and is used to determine whether an event is classifiable by
the existing non-adaptive analysis modules, will be applied when the model is operated
in a new region. Classifiable events are initially analysed by these modules (Stage 2a),
while all of the unclassifiable events are processed by a newly developed adaptive
analysis unit (Stage 2b). At the end of this process, all of the unclassifiable events in
stage 2b will be incorporated into the existing database to improve the HMM classifier.
The advantages of the proposed technique in comparison with other adaptive learning
recognisers are the simple algorithms, the fast analysis time and the lower dependency
on the existing database, which has been proven in a later section of this paper. A
detailed technical development of this analysis module is presented in Figure 7-5.
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Figure 7-5 Adaptive model development
The main objective of this analysis module is to address unclassified events that cannot
be analysed by the existing non-adaptive model. The first required step is to group all of
the events that are likely to belong to the same category together, using the DTW
technique with various physical features that are extracted from each subjected event.
The outcomes of this analysis step are several groups that contain similar unclassified
events and a set of all of the events that cannot be assembled together. Grouped and
ungrouped events are then analysed by HMM, DTW, the event time-of-day probability
function and another set of physical parameters, which eventually results in all of the
single events being classified and sometimes an additional set of unclassified events,
which belong to a new end-use category.

7.4.2 New pattern identification using threshold values
The threshold values that are applied in this analysis section were achieved through the
training of the existing database that was collected in SEQ by using the HMM method.
The determination of the threshold values for each end-use category can be explained as
follows. Given that 𝑆𝑖 is a set of all single events that belong to category i, where
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𝑖 = [1,2, … ,7] represents the shower, faucet, clotheswasher, dishwasher, toilet, bathtub
and irrigation, respectively; 𝑆𝑖 is collected in SEQ and is used as a database to establish
an HMM model to represent this category, which is denoted as 𝐻𝑀𝑀𝑖 . 𝑇𝑉𝑖 is defined as
the threshold value of category 𝑖 if 𝑇𝑉𝑖 is the minimum likelihood score that is achieved
when using the 𝐻𝑀𝑀𝑖 to recognise 𝑆𝑖 . As a result, when the model is operated in a
different area, if one event is assigned to category 𝑖 by the existing single event analysis
module but its likelihood is less than 𝑇𝑉𝑖 , then it is considered to be an event with an
unclassifiable pattern and will be set aside for further analysis. Following the
comparison process against threshold values, a set that contains all of the unclassified
events that require the application of a new analysis process is obtained.

7.4.3 Event grouping using DTW
Given that 𝐀 = (𝐴1 , 𝐴2 , … , 𝐴𝑚 ) is a matrix that contains m unclassified events, and 𝐴𝑘
is the kth event of 𝐀. A DTW distance between 𝐴𝑘 and 𝐴𝑗 , namely 𝐷𝑘,𝑗 , is determined
by using the DTW algorithm. By following the same process, a vector 𝐃 =
(𝐷1,𝑗, … , 𝐷𝑖,𝑗 , … 𝐷𝑚,𝑗 ) can be achieved to measure the similarity of all of the events to
Event j, which is an arbitrary event that can be selected randomly from the subjected
𝐷𝑘,𝑗 −𝐷𝑙,𝑗

group. Nguyen et al. (2011) have found that, for 𝐴𝑘 and 𝐴𝑙 , if |

𝐷𝑘,𝑗

| < 𝑒, where 𝑒

is defined as the threshold value in terms of similarity and j is an arbitrary event, then it
is likely that events 𝐴𝑘 and 𝐴𝑙 have similar patterns. However, because of the fact that
two completely different events could also have similar DTW distances to a reference
event using the proposed method, additional parameters are required for the technique
to be applicable to this specific study.

In reality, one end-use event is described by four basic physical features, namely the
volume (v), duration (t), maximum flow rate (qmax) and most frequent flow rate (qf) for
all of the events in 𝑨. An aggregate DTW distance of Event 𝑘 to Event 𝑗, denoted as
𝐷𝐴𝑘,𝑗 , is determined as follows:
𝐷𝐴𝑘,𝑗 = 𝐷𝑘,𝑗 𝑣𝑘 𝑞𝑚𝑎𝑥𝑘 𝑡𝑘 𝑞𝑓𝑘

(7-1)

Thus, if
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𝐷𝐴𝑘,𝑗 −𝐷𝐴𝑙,𝑗

𝑅𝐷 = |

𝐷𝐴𝑘,𝑗

|<𝑒

(7-2)

then events 𝐴𝑘 and 𝐴𝑙 will be assigned to the same group.
At the end of this process, the first group (denoted as 𝑔1 ) that contains 𝑝1 similar events,
whose relative differences in terms of DTW distances (i.e. 𝑅𝐷 in Equation 7-2) are less
than the threshold value 𝑒, will be obtained. In the remaining (𝑚 − 𝑝1 ) events, the same
process is then conducted to determine the second group, namely 𝑔2 , which contains 𝑝2
similar events. This grouping process is repeated until no more groups can be achieved.
The overall process will result in 𝑛 groups of events, denoted by 𝐺 = {𝑔1 , 𝑔2 … 𝑔𝑛 },
which contain events that have similar patterns, and a set of all dissimilar events that
cannot be gathered together.
It can be seen from Equation (7-2) that the selection of the threshold value 𝑒 will affect
the number of groups that are achieved after the grouping process, because all of the
events that have a relative difference of less than 𝑒 will be assembled. After considering
the analysis time while the final classification accuracy is converged, 𝑒 = 0.1 has been
adopted for this study. The next analysis step is to classify these grouped and ungrouped
events.

7.4.4 Analysis of unclassified grouped events
The classification of grouped events will be undertaken utilising the HMM technique in
combination with other physical characteristics. An aggregate likelihood for each group
to be classified into category 𝑖 can be determined by using the following proposed
equation:
𝐿𝐿𝑖 = 𝑉𝑆𝑖 𝑇𝑆𝑖 𝑄𝑓𝑆𝑖 𝐻𝑀𝑀𝑆𝑖

(7-3)

Where:


𝑖 = [1, 2, … , 7] represents the shower, faucet, clotheswasher, dishwasher, toilet,
bathtub and irrigation, respectively.



𝑉𝑆, 𝑇𝑆 and 𝑄𝑓𝑆 are, respectively, the volume score, the duration score and the
most frequent flow rate score, which are arbitrary numbers derived from the
volume, duration and most frequent flow rate of the subjected group, and
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𝐻𝑀𝑀𝑆

is

the

representative

HMM

likelihood

of

the

subjected

group 𝑓𝑟𝑜𝑚 𝑤ℎ𝑖𝑐 h an event can be classified to Category k if LLk is the
maximum, (1 ≤ 𝑘 ≤ 7).

(i)

Determination of the required parameters

The volume score, 𝑑𝑢𝑟𝑎𝑡ion score, most frequent flow rate score and representative
HMM score (i.e. 𝑉𝑆, 𝑇𝑆, 𝑄𝑓𝑆 and 𝐻𝑀𝑀𝑆) presented in Equation (7-3) are the four
primary parameters that will be employed to aid the classification process. Given an
unclassified group that contains 11 events (shown in Figure 7-6) and that was obtained
after a grouping process while verifying the proposed technique against an independent
home in Melbourne, the achievement of these features is described in the following key
steps:

Figure 7-6 Example of an unclassified group of events

Step 1: Determine the volume, duration and most frequent flow rate of the classified
events in all of the end-use categories that were achieved from the non-adaptive
analysis, from which the distribution range and distribution probability of the abovementioned features of category 𝑖 can be obtained using the event probability histogram
method. It should be noted at this step that a histogram with 10 clusters will be applied
to shower, faucet, clotheswasher, bathtub and irrigation due to their widespread values,
and 5 clusters for the other end-use categories such as dishwasher and toilet because of
their concentrated values. This step is undertaken only once for the recognition of all of
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the unclassified groups. The following example illustrates the process of obtaining these
parameters for the dishwasher category based on all of the classified dishwasher events
achieved through the existing non-adaptive single event analysis module (Table 7-1). It
should be noted that the distribution probability for each feature is determined by using
Equation (7-4).

𝐷𝑃𝑖 =

𝐹𝑖

(7-4)

𝑁𝑖

Where:


𝐷𝑃𝑖 is the distribution probability for category 𝑖,



𝐹𝑖 is the frequency vector of category 𝑖 , and



𝑁𝑖 is the number of events already classified into category 𝑖.

Table 7-1 Example of probability distribution for the dishwasher end-use category
Features

Cluster 1

Cluster 2

Cluster 3

Cluster 4

Cluster 5

Volume range (L)

2.62-3.17

3.17-3.71

3.71-4.25

4.25-4.8

4.8-5.3

4

1

6

9

1

Distribution probability (%)

19.1

4.8

28.5

42.8

4.8

Duration range (s)

80-93

93-106

106-119

119-132

132-145

2

4

1

6

9

9.5

19.1

4.8

28.5

42.8

2.3-2.7

2.7-3.1

3.1-3.5

3.5-3.9

3.9-4.3

14

1

1

1

4

66.7

4.7

4.7

4.7

19.2

Frequency (No.)

Frequency (No.)
Distribution probability (%)

Mode flow range (L/min)
Frequency (No.)
Distribution probability (%)

Step 2: Determine the volume (𝑣), the most frequent flow rate (𝑞𝑓) and the duration (𝑡)
of each event in the subjected group. From which, the representative volume, duration
and most frequent flow rate for this group, denoted as 𝑉𝑟𝑒𝑝 , 𝐹𝑟𝑒𝑝 and 𝑇𝑟𝑒𝑝, can be
obtained using the event probability histogram method with 5 clusters. As mentioned
prior, the representative values are those that have the highest frequency. Steps 2 to 5
are illustrated in Table 7-2 over an example that is used to determine the aggregate
likelihood of the above mentioned group to be assigned to dishwasher category.
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Step 3: Compare 𝑉𝑟𝑒𝑝 , 𝐹𝑟𝑒𝑝 and 𝑇𝑟𝑒𝑝 with the distribution of each end-use category
to obtain the corresponding distribution probabilities, which are known as 𝑉𝑆,
𝑇𝑆 and 𝑄𝑓𝑆 and are presented in Equation (7-3).
As presented in Table 7-2, the value of 𝑉𝑟𝑒𝑝 (4.64) falls into the range of 4.25-4.8 for
the dishwasher (Table 7-1); therefore, the value for 𝑉𝑆4 is determined to be 42.8, which
is the corresponding distribution probability of this range (9/21). In the same way, the
values of 𝑇𝑆4 and 𝑄𝑓𝑆4 are determined to be 26.5 and 66.7, respectively.
However, if there is any category 𝑖 that has no classified single event achieved from the
non-adaptive analysis process, which is very unlikely to happen, then the determination
of the flow rate range and the corresponding distribution probability, as required in the
previous step, cannot be undertaken for this category. As a result, the values of 𝑉𝑆,
𝑇𝑆 and 𝑄𝑓𝑆 will be considered to be 1, which means that the HMM likelihood of this
group to be categorised as 𝑖 will not be magnified by any factor. In this case, the final
recognition accuracy is only slightly affected because the verification process presented
in section 7.5 has shown that the HMM method alone can explain most of the typical
unclassified events correctly.

Step 4: Determine the representative HMM likelihood for the subjected group, which is
the HMM score that has the highest frequency when evaluated using a histogram
method.

Step 5: Determine the aggregate likelihood of the unclassified group.
In this example, with the achieved values for 𝑉𝑆4, 𝑇𝑆4, 𝑄𝑓𝑆4 and 𝐻𝑀𝑀𝑆4 , the overall
likelihood of the group subjected to be classified as dishwasher is obtained through the
utilisation of Equation (7-3).

Following the same process from step 1 to 5, the likelihoods of this group to be assigned
to other end-uses such as shower, faucet, clotheswasher, dishwasher, toilet, bathtub and
irrigation can be obtained. In this example, the subjected group was eventually assigned
to the dishwasher category because the aggregate likelihood of this end-use attains the
maximum value.
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Table 7-2 Determination of the aggregate likelihood of the grouped events to be classified to dishwasher category
Event

Step 2

Step 3

1

2

3

4

5

6

7

8

9

10

11

Representative values

𝑣 (L)

4.63

4.57

4.59

4.63

4.69

4.75

4.71

4.79

4.92

4.76

5.18

4.64

𝑡 (s)

125

125

125

125

130

130

130

135

135

135

140

126.5

𝑞𝑓 (L/min)

2.3

2.3

2.3

2.3

2.3

2.3

2.3

2.3

2.3

2.3

2.3

2.3

𝑉𝑠,4 (L)

42.8

𝑇𝑠,4 (𝑠)

26.5

𝑄𝑓,4 (L/min)

66.7

Step 4

𝐻𝑀𝑀4 (x10-8)

Step 5

𝐿𝐿4 (x10 )
-4

7.4

54.5

48.9

16.2

75.8

19.9
71.86
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(ii)

Identification of a new end-use category

In the context of this study, if the representative likelihood of the subjected group is 20
times less than the HMM threshold value of the category to which the group is assigned
(i.e. 𝐻𝑀𝑀𝑆𝑖 < 0.05 𝑇𝑉𝑖 ), then this group is considered to be a new end-use category.
This ratio of the threshold value was based on the analysis of several houses in
Melbourne; however, for identifying an appropriate value for the most accurate
identification of a new end-use category, further research needs to be undertaken across
a number of new regions to establish more rigorously founded criteria. If the prototype
database expansion for a new end-use category is proving difficult due to scarce
examples of its use in households, then there is an opportunity to also supplement
established prototypes with manually inputted ones that have been verified through the
use of customer diaries or through fixture level sensors. The newly identified end-use
categories will then be incorporated into the existing resource so that the future system
performance can be improved.

7.4.5 Analysis of ungrouped events
The analysis of ungrouped events is conducted in a similar way to that for grouped
events; however, modifications have been made to the formula for the establishment of
the aggregate likelihood of one event, which is presented in Equation (7-5) below:
𝐿𝐿𝑢𝑖 = 𝑉𝑆𝑢𝑖 𝑇𝑆𝑢𝑖 𝑄𝑓𝑆𝑢𝑖 exp(𝑃𝑡) 𝐻𝑀𝑀𝑆𝑢𝑖

(7-5)

Where:


𝑉𝑆𝑢, 𝑇𝑆𝑢, 𝑄𝑓𝑆𝑢 and 𝐻𝑀𝑀𝑆𝑢 are the volume score, the duration score, the
most frequent flow rate score and the representative HMM score of the subjected
event.



𝑃𝑡 is the probability index of event occurrence time of a day that was derived
from the already classified events of the subjected household as explained in
step 4 below.

An in-depth assessment on the training database has found that most of the ungrouped
events belong to the shower, faucet, abnormal toilet, bathtub and irrigation end-use
categories, because they usually have highly variable patterns that cannot be gathered
together. Therefore, the aggregate likelihood of an ungrouped event to be categorised as
dishwasher and clothes washer (i.e. 𝐿𝐿𝑢3 and 𝐿𝐿𝑢4 ) is zero. The achievement of 𝑉𝑆𝑢,
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𝑇𝑆𝑢 and 𝑄𝑓𝑆𝑢 is similar to that for 𝑉𝑆, 𝑇𝑆 and 𝑄𝑓𝑆; however, 𝑉𝑟𝑒𝑝, 𝐹𝑟𝑒𝑝 and 𝑇𝑟𝑒𝑝
in this case are the volume, mode frequent flow and duration of the subjected
unclassified event. To obtain 𝐿𝐿𝑢𝑖 for each ungrouped event, the following process is
conducted:
Step 1: Determine the distribution probability of all of the end-use categories based on
all of the classified events, which also include the ones achieved from the analysis of the
grouped events section (e.g., if there are 34 shower events obtained using the existing
non-adaptive module and 20 events obtained from the grouped event analysis process,
then the determination of the range and distribution probability of the volume, duration
and most frequent flow rate for this category is based on a total of 54 classified shower
events). This process is also required once for the recognition of all of the ungrouped
events. Again, histogram with 5 clusters will be applied to dishwasher and toilet, and 10
clusters to the other end-use categories.
Step 2: Determine the volume, the most frequent flow rate and the duration of the
subjected event (i.e. 𝑉𝑟𝑒𝑝, 𝐹𝑟𝑒𝑝 and 𝑇𝑟𝑒𝑝)
Step 3: Compare the volume, duration and mode flow rate of the subjected event with
the distribution probability of each end-use category, to obtain the corresponding values
for 𝑉𝑆𝑢, 𝑇𝑆𝑢 and 𝑄𝑓𝑆𝑢.
Step 4: With the achievement of classified single events from all of the previous steps,
a time-of-day probability index (𝑃𝑡) will be determined, which is shown in Figure 7-7
as an example for the tested home. It should be noted that the time-of-day probability
index is suggested as an additional criterion for the classification process and is less
critical than the other ‘classification’ inputs; therefore, it’s weighting contribution
towards the overall likelihood score has been purposely kept limited. In this study, an
exponential function is selected to limit the range of this magnifier factor to between 1
and 2.71, which corresponds to a time probability of 0% and 100%. For example, if an
event occurred between 6-7 am, then its time-of-day (𝑃𝑡) probability to be classified as
a shower is 0.0951 as presented in Figure 7-7 below.
Step 5: Determine the HMM likelihood of the subjected event to be assigned to all of
the end-use categories (i.e. 𝐻𝑀𝑀𝑆𝑢). Once all of the required parameters have been
obtained, the aggregate likelihood of the unclassified data can be determined by using
Equation (7-5).
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Figure 7-7 Example of time-of-day probability for one particular home
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7.4.6 Adaptive learning procedure
With the discovery of additional single water end-use events from the above described
adaptive analysis processes, the classification model can be enhanced through
incorporating these new prototype event variants into the existing prototype database.
This procedure will ensure that the prototype registry continuously grows and evolves
to understand the new variants of water end-use flow signatures. The model updating
process is described in a series of steps presented in Appendix C2 to determine a new
HMM model ( ) . However, it should be noted that the first step in this updating proves
is to retrieve the initial state probability πi, state transition probability aij, and
observation probability bj(ok) of the current model to use as starting probabilities.

7.5

Model calibration and verification

The adaptive classification model has been verified against three random homes in a
new Melbourne region using the proposed technique presented above. In this section, a
comparison between the existing model developed for an SEQ application (i.e., a nonadaptive model) and the new model has also been undertaken by getting the SEQ
formulated model to recognise three independent homes from the different city of
Melbourne, Australia. It should be noted that homes 2 and 3 in this verification process
have the presence of an evaporative air conditioner, which is a new end-use category
that was not included in the existing prototype database since the region of SEQ has
sufficient air humidity for running air conditioners. Detailed testing on these homes is
displayed in Table 7-3, both in terms of the number and respective volume of the events
(denoted as ‘AN’ and ‘AV’, respectively).
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Table 7-3 End-use event categorisation accuracy (%) using adaptive and non-adaptive models
Adaptive model accuracy (%)
End-use

Home 1

Home 2

Home 3

Non-adaptive model accuracy (%)
Average

Home 1

Home2

Home 3

Average

category

AV

AN

AV

AN

AV

AN

AV

AN

AV

AN

AV

AN

AV

AN

Av

AN

Shower

88.9

78.5

76.4

80.6

79.2

85.4

81.5

81.5

76.9

73.6

81.5

75.8

79.2

82.3

79.2

77.2

Faucet

97.0

93.4

77.3

79.3

95.2

96.3

90.1

89.7

93.6

90.4

68.9

78.3

86.9

84.3

83.1

84.3

Clotheswasher

96.7

90.1

86.3

81.8

91.8

95.5

91.6

89.1

85.2

83.1

82.6

81.8

84.2

85.5

84.0

83.4

Dishwasher

96.7

94.3

85.1

88.4

0

0

90.9

91.4

85.6

83.3

78.5

80.4

0

0

82.1

81.8

Toilet

91.4

87.8

89.8

86.5

97.1

84.4

92.8

86.2

78.6

75.3

70.2

74.6

72.1

75.4

73.6

75.1

Irrigation

N/A

N/A

N/A

N/A

100

100

100

100

N/A

N/A

N/A

N/A

100

100

100

100

Bathtub

20.6

40.5

N/A

N/A

N/A

N/A

20.6

40.5

20.6

40.5

N/A

N/A

N/A

N/A

20.6

40.5

Note: Testing end-use event categorisation accuracy by V (volume of end-use) and N (number of end-use events) correctly classified.
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Further testing also shows a considerable improvement of the new adaptive model
compared to the existing model, which was built using SEQ training data (Figure 7-8).
An increase in accuracy has been experienced in most of the end-use categories,
including shower, faucet, clothes washer, dishwasher and toilet. This enhancement can
be explained by the fact that the original model for the SEQ region included the fixed
boundary conditions for some of the physical characteristics that were derived from the
SEQ database (e.g., the minimum shower volume is 7 litres) or applied the SEQ timeof-day probability information obtained from the SEQ training dataset. Therefore, the
application of these features in Melbourne city has caused a minor reduction in
categorisation accuracy. Moreover, when testing Home 2 and 3 using the SEQ-based
model, most of the evaporative air conditioner events were misclassified as faucets or
toilet, which resulted in a low accuracy in these end-uses (i.e., when threshold values
are utilised, the proposed model assigns evaporative air conditioner events into a “new
end-use category” that does not affect the recognition accuracy of the other categories).

a. Adaptive and non-adaptive model comparison in terms of volume
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b. Adaptive and non-adaptive model comparison in terms number of events
Figure 7-8 Comparison between non-adaptive and adaptive model

With a gradual expansion of the database through the adaptive learning process, the
newly developed model can perform effectively in any new region without the
requirement of a manual calibration if no new end-use category exists. The new
threshold values that are derived from the expanded database will identify the large
majority of events that can be classified using the non-adaptive model, for which the
effectiveness has been verified in Nguyen et al., (2013a, 2013b); the remaining variant
events are left to the adaptive model. In case there is the presence of new end-use
categories, new boundary values that determine whether an event belongs to an existing
category or a new category should be re-identified and applied, as mentioned in section
7.5.4(ii).

7.6

Residential water end-use categorisation software application

7.6.1 Application outputs
Through integrating and codifying the analytical processes contained in the single,
combined and adaptive learning modules, a software application could be formulated
that would be able to autonomously categorise remotely collected residential water
consumption data received from smart meters into a repository of end-use events. This
software application offers different types of results presentations. Figure 7-9a shows
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the main interface, which provides important information to the customer, such as a
summary of the classified volume of each end-use category during a specific period of
time, which is supported by a detailed description of the start time, end time, volume,
duration, maximum flow rate and most frequent flow rate of each classified event.
These results are directly achieved from the non-adaptive and adaptive analysis process
presented in previous sections employing different mathematical techniques, such as
HMM, DTW, Gradient Vector Filtering, time-of-day probability function or threshold
values, etc. Each classified event is then plotted in a time series scale with different
colours corresponding to different end-use categories. The application also allows all
analysed results to be exported to an Excel file so that various statistical calculations
and studies can be performed on the raw flow rate series of each individual water enduse event for a particular household.

Apart from the main interface, the analysis outcomes are also presented in terms of a pie
chart showing the percentage of each contributing category, to give the user an instant
overview of the end-use breakdown, and a bar chart that presents the average household
water consumption in terms of litres per household per day (Figure 7-9b), which is
achieved by taking the water consumed in each category divided by the total volume of
water consumption in the analysis period. It should be noted that the current prototype
software application and the outputs presented here are for the purposes of illustrating
its functionality. Ultimately, the researchers seek to make the software embedded into
the water businesses water consumption data collection repository, processing collected
water use data from its entire customer fleet of meters autonomously and delivering that
processed end-use information in a user-friendly form back to the customer via the web
to their computer or phone.
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a. Software application main interface

b. Software application water end-use pie and bar chart outputs
Figure 7-9 Application output display

7.6.2 Optional manual adjustment functionality
The present software prototype does not have the level of autonomous end-use
categorisation accuracy (>95%) considered necessary for commercial application.
Therefore the present software prototype allows users to manually modify analysis
decisions, such as changing, splitting or merging classified events. Any time that the
user clicks on a classified event in the graphical figure, all of the physical characteristics
of the event will be presented, with an option for manual modification (Figure 7-10a).
The editing process is clearly demonstrated in Figure 7-10b, and once it has been
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finished, all of the edited events can be optionally updated into the existing database to
improve classification accuracy in the future. This function was deemed a necessary
inclusion in the present prototype software application, but ultimately this function will
be made redundant as more training data from a number of different regions enables the
software to function with almost faultless accuracy. This is a key area of focus of the
authors.

7.6.3 Daily end-use diurnal demand functionality
Another useful output of a water end-use study is the daily end-use diurnal demand
graph (Figure 7-10c). This graph can be automatically created from the repository of
classified end-use events, and is highly beneficial to both consumers and water
businesses seeking to better understand how residential water consumption is being
used, at an end-use level, across various significant days of the year (i.e. average
weekday, average weekend day, peak day, average day peak month). This data is
particularly useful for water infrastructure planning (e.g. water pipe network
augmentation planning) as it informs network modelling engineers of the peak demand
flow rates as well as the key end-uses contributing to that peak demand (i.e. evening
shower use combined with clothes washer contributes to morning peak).

a. Optional manual override reclassification of system classified event
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b. Optional manual splitting of combined event into single event categories

c. Software application output of water end-use daily diurnal demand pattern
Figure 7-10 Different functions for output representation and reclassification

7.6.4 Benefits of the software application
Future research aims to further improve the current software through creating a userfriendly presentation of the produced information, which can be interfaced by both the
customer and water business professionals through a computer or smart phone
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accessible web-portal (Figure 7-11). For the customer, clever reports and diagrams on
the following, as a minimum, will be designed: (a) daily water usage broken down on an
end-use level for the past week and the average for the past month; (b) water end-use
comparisons against a customer set budget, other households and best practice
benchmarks; and (c) leak alerts and descriptions on likely leak types, with guidance on
corrective actions. For the water business professional, automatically generated reports
on the following will be created as a minimum: (d) water end-use averages for single or
multiple properties from different suburbs (e.g., compare lower and higher socioeconomic suburbs); (e) aggregated daily diurnal demand patterns and contributing enduses for specified days (i.e., peak day); and (f) water demand forecasting reports for
selected regions based on just-in-time water end-use data provided.

Figure 7-11 Proposed web interface application to customer and water utility

7.7

Conclusions, limitations and future directions

The development of an autonomous and intelligent system for residential water end-use
classification will be of significant benefit to both water consumers and utilities. It
allows individual consumer to log into their user-defined water consumption program to
view their daily, weekly, and monthly consumption tables, as well as charts on their
water demand across major end-use categories (e.g. leaks, clothes washer, shower,
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irrigation). It can also rapidly alert customers of leak events so that they can
immediately be addressed rather than waiting for the present slow feedback process
from the traditional metering technology (e.g. quarterly bill). This system will also help
water businesses by rapidly providing water end-use reports of any desired property or
suburb, thereby empowering them to develop more targeted conservation programs in
water scarcity periods, improved water demand forecasting and optimised pipe network
modelling.

All of these opportunities can be realised by the proposed prototype expert system and
associated software application integrating the single (Nguyen et al. 2013a), combined
(Nguyen et al. 2013b) and adaptive (current paper) analysis modules for categorising
residential water flow data into end-use event categories. The single event
disaggregation model was comprehensively described in (Nguyen et al., 2013a), which
employed HMM, DTW, event time-of-day probability function and other physical
characteristics to assign an unclassified event into an appropriate water end-use
category. The formulation of a combined event analysis module was the logical second
stage of research since a reasonable proportion of residential water consumption occurs
simultaneously (Nguyen et al., 2013b). This modules utilises a hybrid combination of
HMM, gradient vector filtering method, threshold values and various physical features
to disaggregate combined events into several classified single events. The present
analytical stage of this overall research project, which is the focus of this paper, had the
goal to ensure that the model could adapt and self-learn variant water flow signature
characteristics in different cities and regions without re-training or calibrating with that
regions dataset. Through the application of HMM, DTW, threshold values and other
physical features, the adaptive function has been successfully developed which allows
the system to effectively analyse data from any new residential house in different
regions. A verification process undertaken to assess the model capability displayed very
promising outcomes with most of the achieved recognition accuracies for all end-use
categories being approximately 90%. After this function was completed, a user-friendly
automatic flow trace analysis application has been developed which integrates all
available analysis modules into one comprehensive residential water end-use event
pattern recognition system. The only limitation with the adaptive module was its lower
recognition accuracy for bathtub and irrigation events.
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While the present prototype software application is sufficient for conducting automated
residential water end-use analysis with an average of 80-90% recognition accuracy, the
system would still require human input to achieve very high levels of recognition
accuracy. Ultimately, accuracy in the order of 95-100% is required for commercially
released software. Therefore, a future research program has been proposed by the
researchers, which includes the following key tasks:
(i) Apply genetic algorithms to explore the optimum states for the existing HMM
classifier which may enhance accuracy and efficiency.
(ii) In addition to HMM and DTW, an Artificial Neural Network (ANN) with a
back-propagation algorithm will be incorporated to analyse physical
characteristics of each collected event (i.e. volume, duration and flow rate),
which will likely have a significant impact on the recognition process accuracy.
(iii)Apart from the water end-use event time-of-day likelihood functions that have
been previously applied, other decision support parameters (i.e. social and
demographic information) will be examined to improve accuracy.
(iv) Further train the analysis system using new water end-use databases from other
regions (i.e. Melbourne, Adelaide, United Kingdom) in order to improve its
accuracy and sufficiently cater for different end-use categories (e.g. evaporative
air conditioners).
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Chapter 8
Conclusion, Contributions and Implications

Presented in this final chapter is a summary of the key findings of this research. The
contributions and limitations of the research are detailed along with recommendations
for future research directions. The chapter begins with Section 8.1, which reiterates
research objectives and highlights the key outcomes, which satisfied these objectives.
Section 8.2 identifies the theoretical and practical contributions made by this study. The
limitations of the research and suggestions for future study in the urban water
management field are presented in Section 8.3. Section 8.4 concludes the chapter and
thesis discourse.

8.1

Research Objectives and Outcomes

The principle objectives of this research were: (i) To recognise the distinct patterns of
each water end-use category; (ii) To identify the weaknesses of existing approaches for
the residential water end-use disaggregation; (iii) To develop new tools applying
advanced intelligent techniques to have a more accurate, efficient and comprehensive
program to categorise the water end uses; and (iv) To calibrate and validate the
developed model for the domestic urban water use in various regions in Australia.
More specifically, the study aimed to establish a good understanding about distinct
patterns of each end-use category through an intensive analysis of the collected data,
from which, various criteria were achieved to aid the classification process. Existing
autonomous applications for residential water end-use break down, namely, Trace
Wizard©, Identiflow, HydroSense or CSRIO sensor, were also examined to identify
shortcomings that need to be overcome in the proposed software. Along with that, many
numerical techniques such as HMM, DTW, Gradient Vector Filtering and Frequency
Analysis have been thoroughly investigated and applied to achieve three principle
modules for Single event analysis, Combined event analysis and Self-learning
functionality. The final developed application was tested against three independent
homes in SEQ region to validate its efficiency in classifying single events, against 50
randomly collected combined events with different complexity levels to verify the
combined event analysis ability, and against three random homes in Melbourne to
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evaluate how effective the self-learning method performed. To achieve the vast array of
objectives as mentioned, a number of research activities were carried out. A summary of
these research activities and their associated outcomes were presented in Figure 1-1 and
also summarized again below.

8.1.1 Knowledge acquisition
To establish a robust framework for the research, existing literature including research
publications, academic and industry reports were critically reviewed as presented in
Chapter 2 and the introductory sections of Chapters 5 through to 7. This review focused
predominantly on the implementation of advanced water monitoring technologies for
the measurement of water consumption at high resolution, as well as different applied
mathematical techniques in existing end-use studies conducted worldwide in the last 15
years. Based on the identified limitations of each approach, it has been determined the
need to develop an intelligent water end-use disaggregation model that can overcome all
remaining weaknesses and is feasible for widespread application. The establishment of
wider research objectives allowed for the formation of paper-specific objectives and
research questions to address some of the gaps identified in this phase of the research.
Three distinct phases emerged being, data sampling and processing, single and
combined event analysis, and development of a comprehensive flow trace analysis
system.

8.1.2 End use data sampling and processing
Phase 2 of the research investigation involved the adoption of numerous steps to collect
end-use data for the present study. Primarily, this phase included: (i) Implementing
smart water meter to collect high resolution flow rate signal; (ii) Applying Trace
Wizard© in combination with water audit and user diary to disaggregate the collected
raw flow rate data into different end-use categories; (iii) Retrieving the flow signal
series of the classified events to use as the main resource for algorithm training in later
sections, and (iv) Developing a prototype selection technique using DTW algorithm to
refine the database. In this phase, a detailed analysis on distinct patterns of each
category was also performed to help determine the boundary conditions for the overall
study. Some outstanding outcomes were:


Most collected shower events (87%) have a volume of greater than 7 litres.



The duration of a bathtub event is at least 4 minutes (91%).
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The volume of toilet events for a particular home should be within a certain
range (e.g. 3 to 8 litres) since a toilet cistern volume is fixed.



The flow rate and duration of dishwasher and clothes washer events for a
particular home should be within a certain range because these appliances have a
pre-set series of wash functions.

Due to a large number of pattern repetitions in each end-use category, a prototype
selection technique to remove unnecessary samples that may cause the noise in the
collected database and reduce the overall classification accuracy was proposed. This
technique was also applied again in Single event analysis module to search for clothes
washer and dishwasher events.

8.1.3 Single and combined event analysis
Phase 3 involved the application of different pattern recognition and data analysis
techniques to develop two core modules for single and combined event classification.
Two journal articles containing pertinent literature, methods, data and results, were
detailed in Chapters 5 and 6.

Chapter 5 presented a complete single event classification process, which started with
the obtainment of raw flow trace signal from smart water meter, followed by the
disaggregation of this flow series into unclassified event and finished with the
assignment of these events into appropriate categories. An overview of other single
event disaggregation approaches as well as accompanied analytical techniques was
discussed along with the corresponding achieved accuracy. The literature review has
found that for the proposed system to be widely accepted, it has to achieve the
following objectives: (i) analyse collected data without human interaction and manual
reclassification; (ii) accurately distinguish different end-use categories which have
similar water flow characteristics (e.g. shower, bathtub and irrigation); and (iii) classify
an end-use category that has various physical parameters depending on appliance
models (e.g. dishwasher, clothes washer and toilet). With the application HMM, DTW
and time-of-day probability function, the paper has proposed an elegant method to
address all of the above mentioned goals. Verification process performed on three
randomly selected homes located in SEQ region have shown an average accuracy of
84.1% for single event analysis, which dominated that achieved from Trace Wizard©
(i.e. approximately 72%), the most popular end-use disaggregation tool available.
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Chapter 6 deliberated the process of separating a combined event into different
components and classify them into appropriate classes. The conducted literature review
has revealed that most of the existing end-use disaggregation tools were able to
recognise a combined event with one overlapping layer; however, they still failed in
recognising multi-layer combined events (i.e. three or more concurrent events). To
become a reliable analysis tool, the proposed system has to overcome this challenging
issue. This chapter started with the utilisation of Gradient Vector Filtering technique to
disaggregate a combined event into different isolated unclassified single events. HMM
and DTW algorithms were applied again in conjunction with a threshold value, which is
the physical feature extracted from the existing resource, to help recognise the newly
achieved unclassified events. A detailed testing of 50 independent combined events
with different complexity levels has resulted in an average accuracy of 88%, which was
even higher than that for the single event. This promising outcome can be explained due
to the small number of irrigation and bathtub events participating into the combined
event testing, the two categories that mainly reduce the system classification accuracy
because of their complex patterns.

8.1.4 An autonomous flow trace analysis system development
The two primary focuses of this phase were: (i) the development of an adaptive
functionality that allows the model to efficiently interpret untrained samples collected
from different regions with different socio-demographic conditions, and update the
existing model with these new end-use registries to improve its performance; and (ii)
the integration of the first two analysis modules for single and combined events with
this adaptive function into an expert system which can autonomously perform flow
trace end-use analysis in different cities, regions and countries. Detailed research
approaches undertaken to carry out these two activities were discussed in Chapter 7
along with the analysis results. Through a hybrid combination of HMM, DTW
algorithm, frequency analysis method using histogram, time-of-day probability function
and different threshold values, this chapter presented a break-through method to help
classify all collected samples from different regions, which have significantly different
patterns from the data used for model training, into proper categories. A comparison
between the existing non-adaptive models with the newly developed one was also
performed to estimate their efficiency in classifying highly variable untrained patterns.
The obtained results showed that an accuracy improvement has been found in most of
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the end-use categories, including shower, dishwasher, clothes washer, toilet and faucet.
Moreover, further testing of the adaptive model has resulted in an accuracy of 85.7%,
which is very promising for this initial study. The chapter concluded with development
of a prototype software application for performing autonomous water end-use analysis,
which benefits both water consumer and authorities through the provision of different
functions to display analysis outcomes, manually change classified events or explore
daily end-use diurnal demand.

8.2

Study contributions

Over the last two decades, remarkable findings achieved from intensive end-use studies
have allowed more and more water demand management initiatives and source
substitution measures to be implemented and applied throughout Australia. However,
these studies were made possible through existing resource intensive flow trace analysis
tasks in order to categorise water end-use events; such an approach is not economically
viable for large scale house hold samples. With the rapid computing technology
development, more and more analysis tools have been proposed to enable the end-use
disaggregation task to be undertaken instantly with the minimum human interaction.
Despite numerous research efforts, none of them has thoroughly solved the problem and
more studies are still demanded to advance the existing body of knowledge and to
generate practical research outcomes that benefit both water consumers and authorities.
With this in mind, this research study was conducted with the view to provide technical
base for the development of an intelligent system for residential water end-use
disaggregation, and deliver a prototype application for practical trial. Contributions to
the existing body of knowledge along with implications for the urban water planning
and management field are outlined in the following sections.

8.2.1 Contributions to the existing body of knowledge
Undeniably, previous research on pattern recognition has provided a great deal of
background knowledge in solving residential water end-use disaggregation problem.
However, several specific knowledge gaps still exist in this field, which can be listed as
follows:


A limited understanding on how to apply and combine different pattern recognition
techniques in order to accurately and autonomously disaggregate water flow data
into discrete water end-use events.
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Lack of a suitable solution to solve a non-linear blind source separation problem,
which is considered as the most challenging issue in the field of pattern recognition.
When applied to water flow pattern recognition problems, this issue is particularly
evident when attempting to separate numerous simultaneously occurring end-use
events, and



A lack of understanding on how to design self-learning capabilities for a
disaggregation model which has been trained and validated for one region (e.g.
Brisbane) in order that it can easily be applied in other regions (e.g. Melbourne).

In an attempt to fill these gaps, the study has been performed in three key steps, which
have made a significant contribution to the hydro-informatics discipline, particularly in
relation to the creation of novel pattern recognition algorithms that can autonomously
disaggregate domestic flow data into useful end-use information for customer and water
businesses.


Conducted an intensive study on all existing pattern recognition techniques, such
as Artificial Neural Network (ANN), Hidden Markov Model (HMM) or
Dynamic Time Warping algorithm (DTW), etc., the study has assessed the
strengths and weaknesses of each of them in analysing water flow time series
signal, from which an in-depth understanding about these techniques was
summarised, and comprehensive recommendations about appropriate single or
combination of methods for different types of time series analysis problems
were presented (Chapter 5).



Developed an efficient, yet accurate, method to tackle the non-linear blind
source separation problem in water flow trace analysis field. The required
method was developed by skilfully combining existing pattern recognition
techniques (i.e. HMM and DTW for this particular study) with different water
end-use characteristics derived from the collected database, which reflect the
true user’s behaviour. The method was applied in disaggregating a combined
event (i.e. a group of concurrent single events) into several classified single
events, which still remains as a complicated non-linear blind source separation
problem (Chapter 6).



Developed a self-learning function which allows the model to be applied in
different regions in Australia and internationally. With this capability, the model
would be able to identify new end-use categories that have not been introduced
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before, assign them to appropriate categories, and apply the previouslymentioned prototype selection method to pinpoint the most distinct samples
from the new categories to update the existing database. The self-learning
function enables the ultimately developed expert system prototype to be
adaptable internationally (Chapter 7).
8.2.2 Implications for water planning and management
Along with an array of theoretical contributions, the developed prototype application in
this study, which is the key element for the building of a Knowledge Management
System (KMS), provides numerous practical applications for the water planning and
management industry. Each of these implications is presented below.


Individual consumer can closely monitor water usage through logging into their
user-defined web page where all detailed descriptions of daily, weekly and
monthly consumption tables as well as charts on water consumption patterns for
different end-use categories can be found and downloaded. This system also
allows cumulative billing to be automatically updated in a pre-defined period,
from which abnormal water use (e.g. major leaks) can be identified instantly
through an on-line alarm.



The technology has the potential for water utilities to closely monitor high water
consumption across certain end-use categories in times of critical water scarcity,
such as lawn irrigation in restricted periods. High level end-use data provisioned
to the water customer and utility demand manager via user-friendly web-based
interfaces will undoubtedly help to better target water demand management
strategies in the future, particularly in critical drought periods where bulk supply
yields are very low.

From an operational perspective, there are significant implications of the KMS for
improving current practices of infrastructure planning and management. The provision
of demand and supply data from water and wastewater systems and households can
assist system modelling through:


Providing real-time diurnal pattern data of water demands at a household level
which will assist with understanding required supply quantities, storage needs,
excess supply available for resale or distribution, and discharge volumes; and



Providing better predictive models on wastewater system requirements (e.g.
treatment processes, estuarine, marine and river impacts, etc.) through real-time
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end-use data related to prior knowledge on the typical waste constitute materials
associated with such uses.

The KMS can improve infrastructure planning through:


Better modelling of water and wastewater systems and improved identification
of upgrade requirements for stressed infrastructure;



A comprehensive understanding of the expandability of a particular region (with
existing infrastructure) and management of growth based on water demands; and



Effective priority infrastructure planning and regional planning.

The data from a KMS will also provide significant insight into the development and
effectiveness of water demand management strategies at the development scale.

Moreover, the application of a KMS could significantly improve on current decision
making relating to the development of Water Demand Management (WDM) strategies
as well as provide empirical verification on achieved water savings from already
implemented programs. The application of real-time end-use data, for both water
authorities and consumers, will undoubtedly revolutionise the current ad-hoc approach
to WDM. Some of the benefits of a KMS for enhancing current demand management
functions include the following:


The ability to monitor the effect of enforcement or restriction levels on water
consumption;



The ability to immediately quantify the effect of targeted education programs
(e.g. for particular demographics, shower time, rebate program, etc.) on their
intended water end-use(s);



The capacity to establish the water savings resulting from implemented
engineering applications such as efficient water appliances (e.g. washing
machines, shower roses, etc.) and pressure and leakage management;



The provision of real time water consumption data provided to water
users/customers resulting in an increased level of knowledge and understanding
of personal water consumption and how this compares with others;



A tool for definitive financial analysis of the cost and water saving benefits of
implemented WDM programs, ultimately driving a least cost planning agenda;
and
220

Chapter 8: Conclusion, Contributions and Implications


Easy identification of leakage in households or businesses.

The KMS will allow for the instantaneous quantification of the effect of WDM
strategies on water consumption. This will lead to significant improvement on the
development and delivery of such measures, thus closing the loop on demand
management strategies. Stewart et al. (2010) provides a detailed discussion on the
benefits of smart metering and high resolution water end-use data for enhanced urban
water infrastructure planning and management.

8.3

Study Limitations and Future Research Directions

The present study used a variety of rigorous intelligent techniques and analysis
procedures to categorise the water end uses, which produced an array of theoretical and
practical results that can be immediately applied into urban water infrastructure
planning and management. However, special care is needed for implementations, as
some limitations exist. These limitations are summarised as follows:


The developed analytical method was reliable for categorising most end-use
categories with the exception of irrigation and bathtub. In order to significantly
improve irrigation and bathtub recognition accuracy, as well as make smaller
improvements to the other end-use categories, further analytical processes and
the application of more contextual data will be studied in future research. To
achieve this, a greater repository of contextual data about each end-use event
category (i.e. relative frequency distributions for number, flow rate, duration,
and volumes for each end-use category) will be required, and an ANN network
that can extract more distinct features of these two end-use categories need to be
established to support the classification process.



In this study, an HMM with 100 states (i.e. a water event was split into 100
different periods and the flow rate transition between periods was examined to
determine the most likely trend of variation which best described each particular
end-use category) was applied. However, to explore the optimum states for the
purpose of this problem the use of genetic algorithms can be included in HMM.
This would enhance accuracy and efficiency for the end use categorization.
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The applied threshold values, which are used to identify whether an event
belong to the existing categories presented in Chapter 7 was achieved through
the analysis of SEQ and Melbourne database. However, for identifying an
appropriate value for the most accurate identification of a new end-use category,
further research needs to be undertaken across a number of new regions to
establish more rigorously founded criteria.



If water usage flow data sampling resolution is different from that being used for
the algorithm training, and the recognition accuracy will likely be diminished.
To ensure that the model has adaptability to lower resolution metering
technology, interpolation techniques need to be applied to provide intermediary
data points and maximum likelihood sensitivity analysis undertaken to
understand relationships between data resolution (e.g. 0.014L/pulse/5s verse
0.1L/pulse/15s) and recognition accuracy as well as acceptable threshold.



Finally, to further improve the classification accuracy, in addition to HMM,
DTW and Gradient Vector Filtering, an Artificial Neural Network (ANN) with a
back-propagation

algorithm

can

be

incorporated

to

analyse

physical

characteristics of each collected sample (i.e. volume, duration and flow rate),
which will likely to have a significant impact on the overall process.

8.4

Closure

A hybrid combination of different pattern recognition and frequency analysis techniques
was carried out to develop an intelligent residential water end-use disaggregation
system. More specifically, the study initially examined the patterns of all collected data
to identify appropriate approaches, which eventually resulted in the selection of HMM,
DTW and time-of-day function to address the single event problem. The combined
event analysis issue was then tackled with the application of HMM, DTW, Gradient
Vector Filtering and threshold values. The study was completed with the development
of self-learning function using the above mentioned techniques and the delivery of a
prototype application for customer trials.

In the first four chapters of the thesis, an introduction, overarching literature review,
research method and data sampling and processing are presented. These chapters form
the foundation for the research. Then, the thesis is predominantly composed of peerreviewed papers related to the various research objectives contained within the two
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distinct phases of the project namely, Single and Combined event analysis; and An
autonomous flow trace analysis system development. Chapters 5 through to 7 are the
reformatted journal manuscripts (published and submitted) that include their own
background, literature review, research method, data analysis, results and discussion.
Finally, this thesis concluded with a summary of the research contributions,
implications and limitations as well as proposed recommendations for future research in
the sustainable urban water management field.
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SEQ End Use Study
Household Water Audit
Name

………………………………….……………………

Address ………………………………….…………………… (Street)
………………………………….……………………
Contact No

(Suburb, Postcode)

………………………………….……………………

Date of Audit …………………………

INTERVIEW
Occupant details
1. What is the ownership situation of this dwelling?
 Own
 Rent
2. How many years have you lived at this address?
 0-5 yrs  5-10 yrs
 10-20 yrs
 20-30 yrs
3.

 over 30yrs

Please fill in the number of fulltime residents in 2009 in the table below.
(List the number of males or females according to each age group)
Age (years)

Male

Female

Less than 2
3-12
13-17
18-25
26-44
45-65
Over 65
4.

Typically how many adults (18 and over) and children are usually at home?
Adults
During week day (9-5pm)
Week night
Week end

5.

What best describes your dwelling structure?
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 Separate house
6.

 Semi-detached or town house

How old is the property?
 0-5 yrs
 5-10 yrs

 Flat, Unit or Apartment

 over 10 yrs

7.

What type of hot water system do you have? (see photos on page 14)
 Electric cylinder  Zip heater
 Solid fuel cylinder
 Gas cylinder
 Instant gas  Heat pump
 Electric boosted solar  Gas boosted solar  Solar heat pump  Solar panels only
 other________
 don’t know
What is the size of your solar hot water system (e.g. 250 L)________________
What is the temperature set to?__________________________

8.

What type of air conditioner do you have?
 None
 Reverse cycle  Refrigerated

9.

 Evaporative

On average, how many hours do you use the air conditioner on a hot day?
 Less than 4 hrs
 4-8 hrs
 8-12 hrs
 over 12 hours

10. Typically, what time of the day do you use the air conditioner?
 Morning  Middle / Heat of day  Evening
 Varies
General
1. Do you have any known leak(s)?
 Yes
 No
 Yes but fixed
If yes, where are/were the leak(s)? __________________________
2.

Do you have any dripping tap(s)?
 Yes
 No
 Don’t know
If yes, where are they located in the house/garden____________________________

3.

How do you rate your water usage?
 High
 Medium

4.

 Low  Don’t know

How would you rate your household’s average water consumption (litres [L] per person per day)? 
Info from User
 Info from the notice
 0-50 L
 51-100 L
 101-200 L  201-300 L  301-400 L
 401-500 L
 501-600 L
 601-700 L
 701-800 L  801-900 L
 901-1000 L  over 1000 L

5.

Have you had water efficient fixtures/appliances installed in your home in the last year or so?
 Yes
 No
 Unsure
If yes, please select from the list
 Shower head/s
 Flow regulators on all taps
 Kitchen Tap/s only
 Bathroom
tap/s only
 Water efficient washing machine
 water efficient dishwater
Other________________________________________________________________
Kitchen
1. Is food rinsed under a running tap?
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 Yes, all the time

 Yes, sometimes

 No

Do you have a separate tap for filtered / purified water?  Yes
 No
Do you have an ice maker on the fridge?
 Yes
 No
Do you have a dishwasher?
 Yes
 No
(c) What is your normal load size?
 Full
 Medium

Small
(d) Do you select economy cycle?
 All the time
 sometimes
 Never
 No economy cycle
(e) How many times do you use the dishwasher per week? __________
(f) Do you rinse the dishes before using the dishwasher?  Yes  No  Sometimes
2.
3.
4.

5.
6.
7.
8.

How many times are dishes washed by hand per week? __________
When hand washing the dishes, do you use a plug in the sink?
 Yes
 No
 Sometimes
What is the average water level filled when a plug is used in the kitchen sink?
 ¼ full
 ½ full
 ¾ full  Full
Is an insinkerator fitted to the sink?
 Yes
 No
If yes how many times is the insinkerator used per week?________

Laundry
1. Do you have a clothes washer?
 Yes
 No
If yes,
(a) How many times do you use the clothes washer per week? __________
(b) What is the clothes washer capacity (kg)?
 Under 5 kg
 5 to 7 kg
 Over 7 kg
 Not sure
(c) What is the clothes washer type?
 Top loading  Front loading
 Twin tub
 Other
(d) What is the proportion of laundry done using the clothes washer?
 100%  90%
 75%
 50%
 25%
 0%
(e) What is the normal washing load size?  Full  Medium
 Low
(f) What is the water level normally selected?
 Full
 Medium
 Low
 Auto
(g) What is the water temperature normally selected?
 Hot
 Warm
 Cold
(h)Make______________ Model_____________
2.

How many times do you hand wash clothes per week? __________

3.

When hand washing, what method do you normally use?
 Laundry trough
 Bucket
 Bath  Bathroom basin
4. What is the average water level of the trough or bucket filled when hand washing?
 ¼ full  ½ full
 ¾ full  Full
General Bathroom Information
1. How many bathrooms do you have?

_________
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2.
3.

How many toilets?
_________
What time of day would showers normally occur?
 Morning  Afternoon
 Evening
 Morning & evening
 Afternoon & evening
 Morning & afternoon  Morning & afternoon & evening

4.

Are any showers taken away from the home, e.g. at gym, school, work?
 Yes
 No  Sometimes
If so, how many times per week?________
Is there anyone taking baths? If so a what time of day would baths normally occur?
 Morning  Afternoon
 Evening
 Morning & evening
 Afternoon & evening
 Morning & afternoon  Morning & afternoon & evening 
Exact time?:_____________

5.

Bathroom 1
1. Which of the following best describes this bathroom?
 Main
 Guest  Ensuite
 Children/s
2. How many times is this shower used per week? _________
3. What is the average shower time (for this shower) in minutes? ________minutes
4. Do you have a combined bath and shower?
 Yes
 No  Separated  Only shower
If yes, do you typically use your bath tub? And how many times per week?
 Yes
 No Times/week_______
If yes, do you typically use the shower or bath taps to fill the bath____________
5. What is the average water level of the bath tub filled when bathing?
 ¼ full
 ½ full
 ¾ full  Full
6. What is the type of this toilet?
 Single flush
 Dual flush
7.
8.

How many times is the half flush option used per day? _________(total household)
How many times is the full flush option used per day? __________(total household)

Bathroom 2
1. Which of the following best describes this bathroom?
 Main
 Guest
 Ensuite

 Children/s

2.

How many times is this shower used per week? _________

3.

What is the average shower time in minutes? ________minutes

4.

Do you have a combined bath and shower?
 Yes
 No  Separated  Only shower
If yes, do you typically use the shower or bath taps to fill the bath____________

5.

What is the average water level of the bath tub filled when bathing?
 ¼ full
 ½ full
 ¾ full  Full

6.

How many times is this bath tub used per week? _________

7.

What is the type of this toilet?
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 Single flush

 Dual flush

Outdoor
1. Do you have a rain water tank?
 Yes
 No
If yes,
(a) What is its approximate volume (in litres)? _____________
(b) Is the rain water tank connected to a pump?
 Yes
 No
(c) For what purpose is the rain water used in the home? (multiple items possible)
 Garden irrigation
 Toilet flushing
 Clothes washer
 Other (Specify) ____________________________________________
(d) Is the rain water tank plumbed internally?
 Yes
 No
(e) Is the rain water tank topped up by mains supply when empty?
 Yes
 No
If yes, which method? (e.g. auto switch, trickle top up)______________________
Pool and Spa
2. Do you have a swimming pool?
 Yes
 No
If yes,
(a) What is its approximate volume (in litres)? _____________(depth x length x width)
(b) When do you refill your pool?
 Never
 All year when needed
 Summer  Winter
(c) How many times per month or per year is your pool refilled? _____________
(d) What is the source of water to refill the pool?
 Potable water
 Rainwater
 Both
3. Do you have a spa/hot tub?
 Yes
 No
If yes,
(a) What is its approximate volume (in litres)? _____________
(b) How many times per month is your spa/hot tub refilled? _____________
(c) On average how many times a month is it used? _____________
Garden
4. What is your garden type?
(can tick more than one option e.g. combination lawn and garden
AND garden largely non-native)
 All lawn  Combination lawn and garden beds
 Native/Water conserving garden 
Garden beds largely non-native
 Not sure
 No garden or lawn
Other_______________________________
5. What is the approximate area (in m2) of your garden/s? (refers to lawn/garden or any combination of
outdoor vegetation that receives watering at some stage or another during the year) __________
6.

How many times do you water your garden/lawn per week? ___________
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7.

Please indicate the approximate percentage of the watering method used for your garden in the table
below.
Method

Percentage in which that method is used (%)

Cans/bucket
Hose
Drip irrigation
Manual sprinkler
Automatic sprinkler
8.

How long does it typically take you to water the garden?
 15 mins  ½ hr
 ¾ hr  1 hr
 1 ½ hr
9. How many outdoor taps do you have? ___________
10. How many cars are washed at home? ___________

 2 hr

 over 2 hr

11. On average how many times per month would your car(s) be washed? _____________
12. How are car(s) normally washed at home?
 Hose only
 Hose with trigger nozzle
 Hose & Bucket
 Bucket only
 Trigger hose & bucket
 Hose with flow controller
 Other__________________
13. Do you have a greywater system?
 Yes
 No
If yes,
(a) Please give details of the system (brand, age, type)
____________________________________________________________________
(b) For what purpose is the greywater used in the home? (multiple items possible)
 Garden irrigation
 Toilet flushing
 Other (Specify) _________________________________________________
14. Do you have a private bore?
 Yes
 No
If yes, for what purpose is the borewater used in the home? (multiple items possible)
 Garden irrigation
 Toilet flushing
 Other (Specify) ________________________________________________
Comments:___________________________________________________________________________
_____________________________________________________________________________________
_____________________________________________________________________________________
_______________

Name of Auditor:

Signature (with date):

________________________________

________________________________

SEQ End Use Study
Household Water Audit Technical Data Sheet
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Tap

Tap add ons
Appliances
Rating
Flow
Volume(lt) Time(s) Aerator Controler Make Model Star AAA
Dishwasher
Kitchen
Tap K
Clotheswasher
Laundry
Tap L
Toilet 1 Flush
Toilet 1 (1/2)Flush
Bathroom1
Shower 1
Tap B1
Toilet 2 Flush
Toilet 2 (1/2)Flush
Bathroom2
Shower 2
Tap B2
Toilet 3 Flush
Toilet 3 (1/2)Flush
Bathroom3
Shower 3
Tap B3
Tap
Bathtub 1
Size
W=
Tap
Bathtub 2
Size
W=

L=
L=























H=

H=
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Inlet
Hot


Cold
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Copy of Water Diary
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C1 - Main tasks to be completed for an end use study


Task 1: A detailed water appliance/fixture stock inventory audit would be
conducted by a researcher for each household within the surveyed group to
determine the efficiency rating of each household fixture/appliance, household
general water use behaviours (e.g. bath children at night), and household
descriptive statistics (e.g. family make-up). Households were also requested to
complete a diary of water use events over a one week period to gain even further
knowledge on their water use habits.



Task 2: High resolution water meters (0.014 litres per pulse) and data loggers
were used to record water volume data verse time (i.e. 5 or 10 seconds) for each
household usually over a representative 2-week period.



Task 3: Analysts used completed water audits and diaries as well as sample flow
trace data for each household to develop specific templates which served to
pattern match water end uses based on some basic event boundary conditions,
such as peak and mode flow rate, volume, duration, etc.



Task 4: Based on developed templates, stock survey audit, diary information and
the analysts’ experience, individual end uses were disaggregated and categorised
using Trace Wizard.

C2 - HMM classification training algorithms
Step 1: Assume random probabilities for initial state probability πi, state transition
probability aij, and observation probability bj(ok) as their initial values with the
restrictions as follows:
∑100
𝑗=1 𝜋𝑗 = 1: Total probabilities of starting in state j at time 1 is equal to 1. In this study,
with 100 states as suggested, a random vector containing 100 values, whose sum is 1, is
selected for initial state probability πi
∑100
𝑗=1 𝑎𝑖𝑗 = 1: Total transition probability from state i to all other states is equal to 1;
therefore, random matrix with 100 rows and 100 columns (100 x 100), whose sum of
each row is 1, is selected for state transition probability aij. (i.e. for 100 states)
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∑300
𝑘=1 𝑏𝑗 (𝑜𝑘 ) = 1: Total probability of having observation ok at state j is equal to 1.
There are 300 possible observations as proposed for this study (i.e. the maximum flow
rate recorded from water meter of any residential household never exceeds 300 pulses),
a matrix with 100 rows and 300 columns, whose sum of each column is 1, is randomly
selected for observation probability bj(ok)
The selection of random values for the above mentioned parameters does not affect the
overall model as with each event presented for training, step 2, 3 and 4 will be then
carried out 100 times (i.e. 100 iterations) to ensure that the values of πi, aij and bj(ok)
will converge to a certain number for each training sample
Step 2: Using the values from step 1, determine the following parameters:


αt(i) : the probability of flow rate o1 through to ot and being in state i at time t,
i.e. (𝑞𝑡 = 𝑖), given the HMM (𝜆)
𝛼𝑡 (𝑖) = 𝑃(𝑜1 𝑜2 … 𝑜𝑡 , 𝑞𝑡 = 𝑖|𝜆)



(C2-1)

βt(i) : the probability of flow rate ot+1 through to oT, given the HMM (𝜆) and
given that the model is currently in state i at time t, i.e. (𝑞𝑡 = 𝑖)
𝛽𝑡 (𝑖) = 𝑃(𝑜𝑡+1 𝑜𝑡+2 … 𝑜𝑇 , 𝑞𝑡 = 𝑖|𝜆)



(C2-2)

t(i) : the probability of being in state i at time t given a water flow sequence (O)
and HMM (𝜆)

𝛾𝑡 (𝑖) =


𝛼𝑡 (𝑖) 𝛽𝑡 (𝑖)
𝑁
∑𝑗=1 𝛼𝑡 (𝑖) 𝛽𝑡 (𝑖)

(C2-3)

t(i,j) : the probability of being in state i at time t, and in state j at time t+1,
given a water flow sequence (O) and the HMM (𝜆) as .

𝜉𝑡 (𝑖, 𝑗) =

𝑃(𝑞𝑡 =𝑖,𝑞𝑡+1 =𝑗,𝑶|𝜆)

(C2-4)

𝑃(𝑶|𝜆)
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𝑁
where 𝑃(𝑶|𝜆) = ∑𝑁
𝑘=1 ∑𝑝=1 𝛼𝑡 (𝑘)𝛼𝑘𝑝 𝑏𝑝 (𝑜𝑡+1 ) 𝛽𝑡+1 (𝑝)

𝑃(𝑞𝑡 = 𝑖, 𝑞𝑡+1 = 𝑗, 𝑶|𝜆) = 𝛼𝑡 (𝑖)𝛼𝑖𝑗 𝑏𝑗 (𝑜𝑡+1 )𝛽𝑡+1 (𝑗)

and

Step 3: Calculate the following parameters for each water flow sequence (O)
T

  (i) : expected number of times in state i for the water flow sequence (O)
t 1

t

T 1

  (i) :
t 1

expected number of transition from state i for the water flow sequence

t

(O)

T 1

  (i, j ) : expected number of transitions from state i to state j for the flow rate
t 1

t

sequence (O)
Step 4: With the calculated values in step 3, the probabilities values of πi , aij and bj(ok)
can be updated by performing Equations C2-5 to C2-7.

𝜋̅𝑖 = 𝛾1 (𝑖)

(C2-5)

T 1

aij 

  (i, j )
t 1
T 1

t


t 1

t

(C2-6)

(i )

T



b j (o k ) 

( j)

t
t 1
such that o t  v k

(C2-7)

T


t 1

t

( j)
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It should be noted that the above calculations of πi , aij and bj(ok) will be updated for
any new water flow rate sequence ( O ) introduced into the HMM. The overall process
is completed when all samples have been introduced for training. Once the final HMM
(𝜆) with πi, aij and bj(ok) are available, the recognition process of new water flow
sequence could be ready. Probability of a water flow sequence given a HMM can be
determined using the following formula:

𝑃(𝑶|𝜆) = ∑𝑁
𝑘=1 𝛼 𝑇 (𝑖)

(C2-8)

where αT(i) is the probability of flow rate o1 through to oT and being in state i at time T,
given the HMM (𝜆).
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C3 Time-of-day probability distribution
Time (24 hr)

0-1

1-2

2-3

3-4

4-5

5-6

6-7

7-8

8-9

Shower

0.39

0.10

0.02

0.02

0.49

2.06

9.10

9.35

11.24

Tap

0.79

0.60

0.42

0.39

0.78

1.37

4.35

7.55

7.59

Clothes
washer

0.43

0.08

0.09

0.27

0.29

0.89

3.34

7.81

Dishwasher

1.01

0.61

0.13

0.00

0.40

0.28

2.60

Toilet

1.28

1.11

0.83

0.69

1.38

2.35

Bathtub

1.28

1.11

0.83

0.69

1.38

Irrigation

0.00

0.00

0.00

0.00

Leak

0.15

0.15

0.00

0.15

9-10

1011

1112

1213

1314

1415

1516

1617

1718

1819

1920

2221

2122

2223

2324

5.19

3.97

3.28

2.42

2.77

3.22

5.30

8.35

6.46

5.56

4.28

3.22

1.81

0.39

6.32

5.07

5.03

5.05

4.79

4.44

4.51

5.40

7.64

8.64

6.29

3.80

3.11

1.48

0.79

11.10

12.88

10.99

8.02

6.59

5.57

4.28

4.71

5.03

4.34

4.06

3.86

1.28

1.04

0.61

0.43

4.56

6.46

6.91

5.09

3.66

4.16

4.44

4.41

3.40

3.08

5.02

9.61

12.61

6.46

4.62

1.56

1.01

5.53

7.96

6.91

5.69

4.72

4.27

4.21

4.35

4.40

4.78

5.35

6.03

6.00

5.82

4.74

4.13

2.47

1.28

2.35

5.53

7.96

6.91

5.69

4.72

4.27

4.21

4.35

4.40

4.78

5.35

6.03

6.00

5.82

0.13

0.11

0.03

1.28

0.00

0.00

2.85

2.44

4.07

2.03

1.63

2.85

1.22

3.66

4.07

1.22

8.54

18.29

26.83

7.32

0.00

0.00

0.00

0.00

0.00

0.00

1.34

4.16

4.16

4.46

6.09

9.36

10.40

7.58

11.00

16.64

11.29

6.09

2.23

1.78

1.04

1.19

0.30

0.15

7.72
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D1 - Sub1 event classification using HMM
End use

Original HMM
Likelihood

Threshold value

Final output

Faucet

1.77 x 10-6

6.38 x 10-3

The sample will

Clothes washer

4.18 x 10-13

1.28 x 10-4

be

categorised

Dishwasher

5.01 x 10-4

1.51 x 10-3

as

half

flush

toilet
-5

Full flush toilet

2.61 x 10

Half flush toilet

3.26 x 10-3

1.1 x 10

-4

3.1 x 10-4

D2 - Sub2 event classification using HMM
End use

Original HMM

Threshold value

Final output

Likelihood
Faucet

1.59 x 10-10

6.38 x 10-3

Undetermined

Clothes washer

1.17 x 10-12

1.28 x 10-4

event

Dishwasher

8.48 x 10-11

1.51 x 10-3

require

Full flush toilet

3.67 x 10-8

1.1 x 10-4

second

Half flush toilet

1.55 x 10-6

3.1 x 10-4

analysis
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D3 - Sub3 event classification using HMM
End use

Original HMM
Likelihood

Threshold value

Final output

Faucet

3.73 x10-5

6.38 x 10-3

The sample will be

Clothes washer

1.17 x 10-6

1.28 x 10-4

categorised as half

Dishwasher

3.31 x 10-5

1.51 x 10-3

Full flush toilet

4.48 x 10-3

1.10 x 10-4

Half flush toilet

3.21 x 10-2

3.10 x 10-4

flush toilet

D4 - Sub4 event classification using HMM
End use

Original HMM

Threshold value

Final output

Likelihood
Faucet

3.11 x 10-1

6.38 x 10-3

The sample will

Clothes washer

8.30x 10-3

1.28 x 10-4

be categorised

Dishwasher

1.90 x 10-2

1.51 x 10-3

Full flush toilet

8.40 x 10-3

1.10 x 10-4

Half flush toilet

1.68 x 10-2

3.10 x 10-4

faucet

D5 - Base event classification using HMM
End use

Original HMM Likelihood

Final output

Shower

3.12 x 10-5

The sample will

Bathtub

3.72 x 10-13

be categorized as

Irrigation

4.16 x 10-28

Shower

Full flush toilet

2.78 x 10-8
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D6 - Disaggregation accuracy for type 1 combined event
Event number

Event description

AN

AV

Base event

Sub event

1

1 toilet

1 tap

100

100

2

1 toilet

1 tap

100

100

3

1 bathtub

1 toilet

100

94.6

4

1 toilet

1 tap

100

100

5

1 toilet

1 tap

100

100

D7 - Disaggregation accuracy for type 2 combined event
Event
number

Event description

AN

AV

Base event

Sub event

1

1 bathtub

2 taps, 2 toilets

80

99.5

2

1 shower

4 taps, 1 toilet

83.3

97.8

3

1 shower

1 tap, 1 toilet

66.7

99.3

4

1 shower

1 tap, 1 toilet

66.7

90.4

5

1 bathtub

2 taps, 1 toilet

100

100

6

1 bathtub

1 tap, 1 toilet

66.7

97.1

7

1 bathtub

2 taps

100

98.1

8

1 shower

1 tap, 1 toilet

66.7

98.4

9

1 shower

7 taps

87.5

81.9

10

1 shower

2 taps, 3 toilets

83.3

90.5

11

1 shower

4 taps, 2 clothes washers

85.7

95.6

12

1 shower

3 taps, 3 clothes washers, 1 toilet

75

97.9

13

1 irrigation

6 taps, 1 toilet, 2 dishwashers

70

4.6

14

1 bathtub

5 taps, 2 toilets, 1 clothes washer

77.8

96.7

15

1 bathtub

2 taps, 1 toilet, 3 clothes washers,
2 dishwashers

77.8

94.0

16

1 bathtub

42.8

10.6

77.8

27.6

4 taps, 2 toilets
6 taps, 2clothes washers
17

1 shower
2 taps, 2 toilets, 1 clothes washer
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18

1bathtub

5 taps, 2 clothes washers, 1 toilet

83.3

92.5

19

1 shower

1 tap, 2 toilets, 2 dishwashers

81.8

94.4

20

1 shower

2 taps, 2 toilets, 2 dishwashers

50

40.9

21

1 shower

2 taps, 1 toilet, 2 clothes washers

57.1

97.9

22

1 shower

2 taps, 1 toilet, 2 clothes washers

83.3

96.6

23

1 irrigation

2 taps, 1 toilet, 2 dishwashers

66.7

9.6

24

1 irrigation

1 tap, 2 clothes washers, 2
dishwashers

83.3

94.1

25

1 bathtub

100

100

66.7

71.9

100

100

100

100

100

100

100

100

83.3

27.4

100

100

83.3

95.1

2 taps, 2 toilets
3 taps, 1 toilet
26

1 bathtub
2 taps, 1 toilet, 1 dishwasher

27

1 bathtub
1 tap, 2 clothes washers, 1 toilet

28

1 shower
6 taps, 1 dishwasher

29

1 irrigation
1 tap, 2 toilets, 2 dishwashers

30

1 shower

31

1 shower

32

1 irrigation

33

1 irrigation

2 taps, 1 toilet, 1 clothes washer,
dishwasher
2 taps, 1 toilet, 1 clothes washer,
dishwasher
5 taps, 1 toilet, 1 clothes washer
6 taps, 4 toilet

34

1 shower

87.5

92.1

35

1 shower

100

100
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D8 - Disaggregation accuracy for type 3 combined event
Event
number

Event description

AN

AV

Base event

Sub event

1

1 shower

2 taps, 2 toilets

80

99.8

2

1 shower

2 taps, 1 toilet

100

99.3

3

1 bathtub

3 taps, 1 toilet

80

94.6

4

1 bathtub

3 taps, 2 toilets

83.3

94.5

5

1 irrigation

14 taps,1 bathtub, 1 shower, 2
toilet, 3 clothes

90.5

44.8

6

1 shower

80

81.1

7

1 irrigation

87.5

63.4

8

1irrigation

66.7

70.6

87.5

81.9

77.4

94.5

1 tap, 2 toilets, 1 bathtub
4 taps, 2 toilets, 1 bathtub
1 shower, 1 bathtub
7 taps
9

1 shower
3 taps, 3 toilets

10

1 irrigation

D9- Typical combined events participating in “Combined event analysis verification”.
Denote
1: Shower
2: Faucet
3: Clothes washer
4: Dishwasher
5: Toilet
6: Bathtub
7: Irrigation
V: Actual volume from manual analysis of a combined event (L)
𝑉 ′ Separated event’s volume (L)
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Type 1 of complexity level
Event 1
Combined event manual disaggregation
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8
6
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2
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Disaggregated single events achieved from the proposed technique
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2
8
6
4

5

2
0
0




𝑽𝟐 = 0.95
𝑽𝟓 =7.17

2

4

,
,

6

8

10
Time (s)

𝑽′𝟐 =0.95
𝑽′𝟓 =7.17
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Event 2
Combined event manual disaggregation
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Disaggregated single events achieved from the proposed technique
10
9
8
2

Flow rate (L/min)

7
6
5
4
3

5

2
1
0
0




𝑽𝟐 = 0.57
𝑽𝟓 =7.06
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,
,

6
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𝑽′𝟐 =0.57
𝑽′𝟓 =7.06
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Event 3
Combined event manual disaggregation
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,
,

𝑽′𝟓 =9.12
𝑽′𝟔 =52.64
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Event 4
Combined event manual disaggregation
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Disaggregated single events achieved from the proposed technique
4.5
4

Flow rate (L/min)

3.5
3

2

2.5
2
5

1.5
1
0.5
0
0

5

10

15

20
Time (s)




𝑽𝟐 = 0.13
𝑽𝟓 =7.3

,
,

𝑽′𝟐 =0.13
𝑽′𝟓 =7.3
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Event 5
Combined event manual disaggregation
5
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Disaggregated single events achieved from the proposed technique
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,
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𝑽′𝟓 =4.32
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Type 2 of complexity level
Event 1
Combined event manual disaggregation
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Event 2
Combined event manual disaggregation
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Event 3
Combined event manual disaggregation
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Event 4
Combined event manual disaggregation
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Event 5
Combined event manual disaggregation
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Event 6
Combined event manual disaggregation
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Disaggregated single events achieved from the proposed technique
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𝑽′𝟔 = 57.51
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Event 7
Combined event manual disaggregation
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Disaggregated single events achieved from the proposed technique
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,
,

𝑽′𝟐 = 3.91
𝑽′𝟔 = 60.95
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Event 8
Combined event manual disaggregation
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Event 9
Combined event manual disaggregation
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Disaggregated single events achieved from the proposed technique
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Event 10
Combined event manual disaggregation
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Type 3 of complexity level
Event 1
Combined event manual disaggregation
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Event 2

Combined event manual disaggregation
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Event 3
Combined event manual disaggregation
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Event 4
Combined event manual disaggregation
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Appendix E

Application of Dynamic Time Warping algorithm in prototype
selection for the disaggregation of domestic water flow data into
end-use events
NGUYEN, K.A1, ZHANG, H1, STEWART, R.A1
1 Griffith

School of Engineering
Griffith University
Gold Coast, QLD4215
AUSTRALIA
Email: k.nguyen@griffith.edu.au

Abstract: The disaggregation of domestic water consumption flow -trace data into end
use event categories still remains a complex challenge to be resolved in the field of
urban water management. Domestic end use studies currently utilise software and
analyst experience to disaggregate flow data into end use events (e.g. faucet,
dishwasher, toilet, etc.),which often requires in excess of two hours per home to
disaggregate two weeks of flow data. An existing available database of end use events
for over 200 households located in South-east Queensland (SEQ), Australia was utilised
for the purpose of this study, which ultimately aims to automate the trace analysis
process. One of the first research issues to be addressed in this research was to develop
a prototype that encapsulates the wide variation in pattern characteristics for each end
use event, in order to reduce unnecessary computation and memory resource required to
analyse the entire end use database. To achieve this aim, the study employed the
Dynamic Time Warping algorithm. The outcome of this practice is a series of
prototypes representing the predominant domestic water end use events in a household
(e.g. shower, clothes washer, etc.). Future work will employ the prototypes in an
artificial network model to automate the end use disaggregation process. Moreover,
validation of its accuracy will be examined through predicting end uses for a new
sample of smart metered households.

Keywords: Prototype selection, Dynamic Time Warping algorithm, water end-use, flowtrace disaggregation
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1.

Introduction

Climate change is influencing rainfall patterns and reliability (Tostovrsnik et al., 2010).
The current decade has seen much of Australia experience severe droughts, raising
concerns on water security for urban areas. The CSIRO in Australia have estimated that
the influence of climate change and growing urban water demand could halve current
supplies (CSIRO, 2010). The urgent question now is not Can Australia overcome the
current water scarcity problem? but How can Australia sustain water for future use?
After decades of inadequate metering of water use, organisations have come to the
realisation that it is almost impossible to achieve effective water management schemes
without accurate and appropriate measure of water consumption. This desire to better
monitor and analyse water consumption has led to the conceptualisation of a
Knowledge Management System (KMS) which is able to collect real-time water
consumption data through a smart water metering system, transfer and store the data
into a knowledge repository, analyse the data, and produce a wide range of reports
which can be accessed on-line by a broad range of users (e.g. consumers, water utilities,
government organisations, etc.) (Stewart et al., 2010). Before such an information
system can be realised, improved approaches for disaggregating high resolution water
consumption data into end use events is required. Therefore, the key enabler for this
KMS is the development of pattern matching algorithms which are able to automatically
categorise collected flow trace data points received from wireless data loggers into
particular water end-use categories. To tackle similar complex problems, such as hand
writing segmentation and recognition, speech recognition, fingerprint recognition,
surface water level and seabed liquefaction predictions (Sannasiraj et al., 2004; Zhang et
al., 2007), many powerful pattern detection tools have been established and widely
applied, including Artificial Neural Network (ANN), Dynamic Time Warping (DTW)
algorithm and the Hidden Markov Model (HMM). However, the common requirement
for these techniques to be applicable is the availability of training datasets in the case of
ANN and HMM models or reference datasets for the DTW method. To facilitate this
study, a substantial number of samples of end use events were collected from 200
homes and separated into nine different types of water pattern, including shower, faucet
(tap), dishwasher, clothes washer, full-flush toilet, half-flush toilet, bathtub, irrigation
and leak. Due to the overwhelming number of samples collected, the training and
recognition time in the problems using ANN, HMM or DTW methods would be
lengthy.
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Given that the final technique developed for this complex problem needs to be feasibly
applied by water businesses, it was deemed high priority to reduce the processing time
and memory consumption as much as possible. Figure 1 illustrates a series of clothes
washer event patterns and demonstrates that many samples in the set are quite similar;
therefore, the first objective of this greater study was to apply a technique that could
result in a reduction of the number of samples utilised in a pattern matching prototype.
This particularly research task is the foci of this paper and was titled ‘prototype
selection’.

Figure 1 10 examples of clothes washer event

Prototype selection is not a new topic in the pattern recognition field, and many
methods have been developed to solve this problem. Wilson and Martinez (2000)
successfully applied the “Decremental Reduction Optimization Procedure” for the
selection of a representation set in the study named “Reduction Techniques for InstanceBased Learning Algorithms”. Using clustering to find a representative dataset is another
popular approach applied for prototype selection, which was suggested by (Bezdek &
Kuncheva, 2001; Liu & Motoda, 2002; Spillmann, Neuhaus et al., 2006). Some other
methods, such as backward sequential edition, genetic algorithms or Tabu search are
also widely applied; however, most of the above mentioned methods necessitate
extensive computation time and memory consumption when dealing with problems
which have time series structure. Based on the presented drawbacks, this paper presents
an alternative approach for prototype selection using the Dynamic Time Warping
algorithm. The main advantage of this algorithm is that the selection is performed based
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on the comparison of the DTW distance between samples, which is no more than a
subtraction process. It is this feature which would make the method very fast and
economical in memory consumption.

2.

Dynamic Time Warping algorithm

Dynamic time warping algorithm is one of the most popular methods in measuring the
similarity between two time series of different length. In general, this task is performed
by finding optimal alignment between two series with some certain restrictions. The
sequences are extended or shortened in the time dimension to determine a measure of
their similarity independent of certain no-n linear variations in the time dimension. The
goal of DTW is to find a mapping path which has the minimal mapping distance. The
procedure and constraints of the DTW algorithm are summarised as:
(v) Given two vectors 𝒑 = (𝑝1 , 𝑝2 , … 𝑝𝑖 , . . 𝑝𝑚 ) and 𝒒 = (𝑞1 , 𝑞2 , … 𝑞𝑗 , . . , 𝑞𝑛 ) of
length m and n respectively as in Figure 2. The boundary condition is that
the two end pairs of the vectors are matched together, i.e. ( p1 ,q1 ), ( pm ,q n ).
(vi) Define 𝑑(𝑖, 𝑗) = |𝑝𝑖 − 𝑞𝑗 |, with (𝑖, 𝑗) is a given node in the mapping path,
the possible fan-in nodes are restricted to (𝑖 − 1, 𝑗), (𝑖, 𝑗 − 1), (𝑖 − 1, 𝑗 − 1).
This local constraint guarantees that the mapping path is monotonically nondecreasing in its first and second arguments (Figure 3). Moreover, for any
given element, it should be able to find at least one corresponding element,
and vice versa.
(vii)

Define D(i, j) as the accumulated DTW distance between points of p

(𝑝1 to 𝑝𝑖 ) and points of q ( 𝑞1 to 𝑞𝑗 ), where (1 ≤ 𝑖 ≤ 𝑚 ) and (1 ≤ 𝑗 ≤ 𝑛)
and 𝐷(𝑖, 𝑗) = 𝑑(𝑖, 𝑗) + 𝑚𝑖𝑛{𝐷(𝑖 − 1, 𝑗), 𝐷(𝑖 − 1, 𝑗 − 1), 𝐷(𝑖, 𝑗 − 1)} , with
initial condition 𝐷(1,1) = 𝑑(1,1).
(viii)

Therefore, the final accumulated DTW distance between 𝐩 and 𝐪 is

𝐷(𝑚, 𝑛).
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Figure 2 Boundary condition for the two end points in DTW path mapping

Figure 3 Local constraint for DTW path mapping

The main objective of this section was to apply the DTW algorithm to our particular
prototype selection problem. As discussed previously, the similarity between two
sequences is expressed in terms of their distance apart. Therefore, similar samples will
have very small distances between them. The technique used in this study was based on
an idea that if two sequences are considered to be similar then the distance from each of
them to a selected reference should be approximate. From this property, it could be
generalised that, for example, if (a1 , a2 , a3 … a10 ) are the 10 example events whose
distances to a reference b are approximate, then they could be categorized to a same
group and this group could be represented by any event in the 10. Throughout the
dataset, many groups would be found; each group was then represented by one sample,
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then the required number of prototypes to structure the entire dataset for a particular
water end-use event (e.g. shower) could be achieved by compiling all the representative
samples together. The number of samples in each group was determined using the
following process:


Let D1 and D2 are DTW distances from a1 and a2 to the reference b.

If

| D1  D2 |

D1

(1)

where  is a user defined threshold, then a1 and a2 can be categorised as in the same
group.
Equation (1) means that a2 is considered to be similar to a1 if the relative difference
between a2 and a1 is less than α. By carrying out this process, all other samples which
are similar to a1 would be found and grouped together. This group is only represented
by a1 and the other samples in the group will be removed. It should also be noted that
the number of prototypes selected from the database depends greatly on the threshold
value α. For example, a higher α value will result in fewer groupings of samples and
thus fewer prototypes to represent a water consumption end-use. By allowing a range of
α value, the corresponding number of represented samples could be determined.

However, the shortcoming of this algorithm is that two sequences can have similar
distances to a reference but not always be guaranteed to be similar in terms of
magnitude and length, as illustrated in Figure 4 and 4b.
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Figure 4 Method limitation

Distances from the first and second sequence (Figure 4a) to the third one (Figure 4b),
which is used as a reference, are 1295 and 1291 respectively, and the relative difference
between them in terms of DTW distance is 0.3%. If the threshold value for α is set at
0.5%, then these two samples should belong to the same group; however, it can be seen
that these sequences are completely different in terms of length and magnitude and
should not be immediately considered to be similar water end-use events. This
weakness leads to the fact that during the elimination process, there is a possibility that
some distinct samples could be removed even if a very small value of α was used. This
could be the case in an inconsistent database where most samples vary dramatically.
However, in a reliable dataset, the probability that two greatly different samples have
similar distances to a same reference is very small, and hence this method is still
applicable.

3.

Prototype selection application

Therefore, the procedure applied to implement the DTW algorithm for the selection of
prototypes for each domestic water consumption end-use event is briefly described
below:
(i)

Select one event from the available end-use database to employ as a
reference sample. The group/category of the event is known which was
determined by the analyst’s experience or monitoring records.

(ii)

Calculate the distances between the reference event and the remaining events
in the database.

(iii)

Set a range of threshold values for α in order to undertake decision making.
All events which have a relative difference less than the threshold value
would be grouped together. One event in each group would be selected to
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represent the group, and the others would be removed from the prototype
dataset.
The number of prototypes would depend on α value. Based on the required

(iv)

water industry’s need for end-use pattern recognition accuracy the required
number of prototypes would be decided, and the threshold value could be set
accordingly.

The database utilised for prototype selection application came from the South-east
Queensland Residential End-use Study (SEQREUS), where high resolution smart water
meters recording 0.014 L/pulse at five second intervals was being recorded from over
200 homes and manually disaggregated into end-uses by analysts using the Trace
Wizard©. The outcomes of this end-use analysis were nine different sets of water
patterns, including shower, faucet, dishwasher, clothes washer, full-flush toilet, halfflush toilet, bathtub, irrigation and leak. In this paper, an illustrative example of the
process was provided for the dishwasher end-use event, to demonstrate the analysis
process. 100 events from the dishwasher set were selected randomly and utilised to
illustrate and verify the application of the DTW method to determine the proposed
prototype selection algorithm (Figure 5).
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Figure 5 Dishwasher events

In this illustrative example to demonstrate the process, events from Figure 5b to 5d (i.e.
events 26 to 100) were utilised as a dataset for the prototype selection process, and the
first 25 events were assigned for testing. The verification process was carried out by
using the final selected prototypes to recognise samples in the testing set. This task
aimed to determine the proportion of the testing set which explained the representation
set; or put simply, to estimate algorithm efficiency. The whole case study will be
presented over the following steps:
Step 1: select the most likely dishwasher event from the dataset (75 samples). In
this study, the 26th event, (i.e. first sample pattern in Figure 5b) was selected.

Step 2: calculate the distance between this event and the remaining 74 sequences
in the training dataset. With those calculated distances, a graph of the threshold
value α versus the number of prototypes formed was achieved and shown in
Figure 6. In this case study, the α value was set from 0 to 1 and called αs
(threshold value for selection process)
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Step 3: determine the coverage of the selected prototypes for the testing set.
Again, this task requires the utilisation of the threshold value α. A sample in the
testing set would be covered by the representation set if the difference between
itself to any sample in the representation set is less than α. In this verification
process, the threshold value was named αt to distinguish with αs in the previous
step, and three threshold values (i.e. αt=0.5%, αt=1% and αt=5%) were utilised to
illustrate the efficiency of the algorithm, as detailed in Table 1.
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Figure 6 Relationship between the threshold value (α) and the number of prototype

Table 1 Comparison of the performance of the algorithm for various α values.
Threshold value

Number of

Coverage over the

for selection

selected

testing set with

process (αs)

prototypes from

αt=0.5%

Coverage over the

Coverage over the

testing set with

testing set with

αt=1%

αt=5%

75 events
1%

55

48%

72%

100%

2%

47

40%

64%

100%

3%

40

24%

44%

100%

4%

37

16%

36%

100%

5%

34

16%

32%

100%

10%

25

12%

28%

80%

The above table shows that in the selection process, a fewer number of prototype will be
achieved when the threshold value increases; however, the opposite occurs in the
verification process. With the same number of prototypes, a large α value would result
in a higher coverage of the representation set over the testing set compared to a small α
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value. In this detailed illustrative application, if two samples with the relative difference
of 5% are considered to be similar, then 25 samples in the testing set would be covered
completely by the 34 prototypes selected in the previous steps.

Another testing was performed to verify the computational efficiency of the proposed
technique in comparison to the other three prototype selection methods, such as Tabu
search, clustering method and backward sequential edition. The table 2 below shows the
time consumed (in millisecond) to select the following prototypes from 100 events as
showed above.

Table 2 Comparison against existing prototype selection method
75

15 prototypes

25 prototypes

50 prototypes

(ms)

(ms)

(ms)

Proposed method

572

594

601

610

Tabu search

1036

1169

1479

2105

Clustering method

898

1312

1986

3150

Backward sequential edition

1020

1512

1811

2105

Method

4.

prototypes
(ms)

Discussion

With the dataset used in this application study, the DTW method performed was
deemed appropriate as all the eliminated samples are similar in both magnitude and
length. This good performance is partly due to the consistency of samples in the dataset.
The main advantage of this method is that it substantially reduces computational
processing time and memory consumption in the problems having time series structure,
which is essential in the next research stage where prototypes files will be utilises for
the pattern recognition of water consumption end-use events from flow data. When
applying the algorithm, distances from the reference to all other samples are only
required to be determined once, and they would be saved for later use. The relative
differences between samples are achieved based on these existing distances; and with
each setting of threshold value, a corresponding number of prototypes would be
selected. Therefore, it could be said that the whole selection process is mainly carried
out with only subtraction and comparison steps.
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5. Conclusion
The outcome of this study plays an important role in the development of the hybrid
technique algorithm for the pattern recognition of domestic water consumption end-use
events. Such an algorithm is undoubtedly essential for any smart water metering and
management system envisaged in the future. With its flexibility and simplicity, the
model allows the analyst to select different types and number of samples to structure the
whole database easily and instantly. Moreover, the application of this algorithm is not
limited only to this study as it could also be utilised in many other fields, such as hand
writing recognition, speech recognition or data approximation. The only limitation of
this method is the low efficiency when performing on highly inconsistent data, which is
not the case for the applied dataset where there is a high degree of similarity between
many of the samples. In conclusion, the introduced method is applicable and
recommended to all the problems which require the selection of prototypes to represent
the whole database.

6. Future Work
With the availability of prototypes selected from this study, it is now possible to
perform the first crucial step, which is to recognise single events (i.e. events which do
not overlap with the others) from the collected flow-trace. This task would be tackled
using the combination of both ANN and HMM models. Once all the single events have
been accurately classified, the final aim of the PhD project is to deal with the problem
of separating a combined event into several single ones and re -classify them, which still
remains a tricky question for scientists in the field of data blind source separation and
pattern recognition.
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