1 System and Method for Water Distribution Mddelling Field of the Invention
5 The invention relates to the nodelling of water distribution systens for

t he oper avpemdiessgsof and prediction of water consunpti earTwchiiwossa d
system Background 10 In establishing a water distribution network within
an urban environnent, the associated cpanges to the environnment will
inevitably affect water demand within the network. G ven the conplexity of
the system for engineers to predict the consequences of change it is
necessary to undertake mat hemati cal nodels of the network, and use these to
15 predict outcones and re-design the systemfor better managenent of this
demand. Tystem gn«b%eth%é@rmﬂnﬁu@nbug%%&eélwgt is necessary to calibrate
it against known data to ensure such predictions are reliable. 20 A
limtation of such calibration procedures is that they approxinmate the
unknown paraneters using a short-term sanple of hydraulic data. The

cal i br at imgdrot$hié Ifve@on €pr esent the system hydraulics during the short
period of the sanpling procedure but are not expected to represent '
accurately the systemconditions for the full range of operational
conditions that can occur. 2 Consequently, any such nodel will suffer from
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thereof and prediction of water consumption within said system.

Background

10
In establishing a water distribution network within an urban environment, the associated
changes to the environment will inevitably affect water demand within the network.
Given the complexity of the system, for engineers to predict the consequences of change
it is necessary to undertake mathematical models of the network, and use these to

15  predict outcomes and re-design the system for better management of this demand.

To this end, once the model is created it is necessary to calibrate it against known data

to ensure such predictions are reliable.

20 A limitation of such calibration procedures is that they approximate the unknown
parameters using a short-term sample of hydraulic data. The calibration results may
represent the system hydraulics during the short period of the sampling procedure but
are not expected to represent accurately the system conditions for the full range of

operational conditions that can occur.



SFurther, even following a series of mnor nodifications to the system the

nodel wll increnentally depart fromthat of the original nodel. Thus, even
i f the cavohkoeti3esssi s representative of the nedium or | eog/sceermopend or mance
of the system changes to the systemw |l introduce further errors into the

nodel . Accordingly, as tinme passes theyval ue of the nodel dimnishes. 10 To
hi ghlight this effect, it wll be appreciated that such changes need not be
restricted to infrastructure change, but also to deterioration of the

net work and even changes in demand followi ng re-zoning, industrial

devel op t and denographi c .change...15 The resources,.both in terns of tine
and none ,On\ﬁfﬂ‘{?ﬁg&raé‘ P@&hf"r"éﬁl ‘f’ﬁlgﬁ’éﬁé%ﬂ‘ba%m? e FALPIREON iRV g dRtP
periodic re-establishnment, in order to maintain validity, uneconomic.
Sunmary diuestipnethe resnltoPlipwing ¢ significanirbangs todhe si6tHti on” provi des a net hod
of nodelling a water distribution system the nmethod conprising steps of:
identifying a plurality of demand zones within said water distribution
network; estinmating water consunption data for said demand zones; '

si mul gti mgrhbe HulTawing Gharas benlifibl fSdHcatifit toahekyslém] thebMbddrvily St em
usi ng~ WO 2012/ 036633PCT/ SG2011/ 000310 3 sai d estimated water consunption

data and iﬁ&eml%&ﬁ'ggdteg%tt Lo kiad &F thE %ﬁ%ﬂgaﬁnmgl. Tﬁéﬁw &L ST m'g;}aé&i g demand

Zones; recelving rom sensors I n sal wat er distribution network

in the formof pres e and flowrate data; corr ing.the simulated
pressure rﬁ?fﬁsﬁtﬁwer‘ij{%e Lo W‘i”hg teé’indpedg)ﬁ@ﬁﬁcez‘gf‘r:l%g S%%S‘Bd Cﬁ 5 ?‘h g‘esensor
out put and 5so; calibrating a nodel of the water distribution system In a
second aspaem P IntRANGE ifBrhes Biary daothaanedsy decosdipglynphitime PR theput
froma

value of the model diminishes.

10
To highlight this effect, it will be appreciated that such changes need not be restricted to
infrastructure change, but also to deterioration of the network and even changes in

demand following re-zoning, industrial development and demographic change.

15  The resources, both in terms of time and money, which are required to generate such
models may make their periodic re-establishment, in order to maintain validity,

uneconomic.

Summary of Invention

20
In a first aspect the invention provides a method of modelling a water distribution
system, the method comprising steps of: identifying a plurality of demand zones within
said water distribution network; estimating water consumption data for said demand

zones; simulating the hydraulic characteristics of the water distribution system using



virtual sensor, the nethod conprising steps of providing historical output
froma tenporary sensor conparing historical output with output from at

| east onewpenmraisesss 10 sensor determ ning a correl ati onpoeseeen/sas1d
tenporary sensor and permanent sensor output then receiving subsequent
output fromsaid at | east one permanery sensor and determ ning a virtual
sensor output of a virtual sensor corresponding to the tenporary sensor
using su t . >ear di gl L_nyeniion

or ovi'dos i ARlai@REL oARABA0H B ol o: PRAFERE Siéllen AN RORT,

di stribution system The integration of a continual steam.of hydraulic data
Wi th compaEar i it deRandréPise tSCauMERPIBRL HORE SSREFCTION" S CBHET of of
| ar ge-scal e urban water distribution 20 systenms, and nmay be used in a

vari ety olistEpgiancaetwerkgn thmiprmopifpressireaa fovheateoathngoreectinmthsfsimuiatedand

val ve settings for efficient power and pressure nmanagenent; to the

det ect i orpressdrecuma rfiovf fateadatamwvithfin kadkdemaklizdnea baysit wonrthy salssioohputusdd f or
the inplenentation of water security systens and for the prediction of
syst eB pepf edliding adhbddNof IR AaNGMriBYEIH §ysfedhr. 9. . pol lution events, main

pi pe rupture, or significant fire). 4 In one enbodiment, the invention may
i npl ement a Predictor-Corrector (PC) approach to integrate continual sensor
out put. Such output may provided by a wirel ess sensor network, Supervisory
Cont r ol Dat a Acqui siLian CADA) .system d/qr, from5_ external

o or ot 10t SheRT SPeE] iy B PRGNS ol St B 8 G5 (e eday
weekend, public holiday) to update predictions of the hydraulic states of
ur ban wat'Brudygsser. Ak wsthked empESIE astensi ple Providing ahistoricl coutpaaBomdat a may
i nclude el evation data fromreservoirs, outflows from punps and ot her

t ransm sdempomat sensor comparing historical output with output from at least one permanent

10  sensor determining a correlation between said temporary sensor and permanent sensor
output then receiving subsequent output from said at least one permanent sensor and
determining a virtual sensor output of a virtual sensor corresponding to the temporary

sensor using subsequent output and correlation.

15  Accordingly, the invention provides an improved hydraulic modelling system and

method for a water distribution system.

The integration of a continual steam of hydraulic data with computer simulations may
be used for on-line operation and control of large-scale urban water distribution
20 systems, and may be used in a variety of applications ranging from real-time
optimization of pump and valve settings for efficient power and pressure management;
to the detection and quantification of leaks. Such a system may also be used for the
implementation of water security systems and for the prediction of system performance

during emergency events (e.g., pollution events, main pipe rupture, or significant fire).



10 Brief Description of Drawmngs It will be convenient to further describe
the present invention wth respect to the acconpanyi ng draw ngs t hat

i 11 ustratwoperdisndd arrangenents of the invention. O hePCRISGANIHHEN s of
the invention are possible, and consequently the particularity of the 15
acconpanying drawings is not to be understood as superseding the generality
of the preceding description of the invention. Figure 1A is a schematic
view of a water distribution system 20Figure 1B is a graph of neasured
pressure variation; Figure 2 is a flow diagram of a nmethod according to one

enbodi nent of the present.invention,. 2012/ 036633PCT/ S 1/ 000310 5
i our e 3 1 6% AR cho M SaHEY BIRG AdGURRROReEBE thGRRBO%Nt ur t her
enbodi nent of the present invention; Fi gures 4A and 4B are graphs of
pr edi ct ed0 iBEaTate SUWEUAS SHGOTa OB SYCl GBI iThey PEvited by aisripssesensyt t he
present invention; Figure 4Cis a graph show ng convergence of the
cal i br at ilstworkdShpawsorydiCGuptiodb & Datat Aequisinioo d{SEAID Apfsysthia, pnd&enfrom
i nvention;
5 external information such as climatic conditions and day classification (weekday,
weekend, public holiday) to update predictions of the hydraulic states of urban water
supply networks at regular time intervals. Such SCADA data may include elevation data

from reservoirs, outflows from pumps and other transmission data.
10  Brief Description of Drawings
It will be convenient to further describe the present invention with respect to the
accompanying drawings that illustrate possible arrangements of the invention. Other
arrangements of the invention are possible, and consequently the particularity of the
15 accompanying drawings is not to be understood as superseding the generality of the
preceding description of the invention.
Figure 1A is a schematic view of a water distribution system;

20  Figure 1B is a graph of measured pressure variation;

Figure 2 is a flow diagram of a method according to one embodiment of the present

invention;



10 Figures 5A to 5D are graphs of conparison data between predicted and
observed out put from various sensors using a nmethod according to a further
enmbodi mrenwobi12d3es3pr esent i nventi on; Figure 6 is a schascavtiimossiew of a
met hod incorporating a virtual sensor according to one 15 enbodi nent of the
present invention; Figures 7A and 7B age graphs show ng conparative data
bet ween actual and virtual sensors; 20 Figures 8A to 8C are graphs show ng
conparat i at a. _bet t nd virtual sensors, and.. Figure A and 9B
are grapﬁggggo%?ﬁggc%%ggﬁg f#ggd%?%”ﬁ%?ﬁ%%ﬁ“@?gﬂﬁ?ﬁaﬁﬁOVP?gdglas &s. 6
Det ai | ed Dgfari ti? The invention relates to the hydraulic nodelling of a
wat er di STHCHHRYY ti%‘iR,‘ﬁse&?nt"ﬁ%Hons shown in Figure 1A It will be
appreciated that infrastructure associated with a water distribution system
will be divided into a transm ssion system 12 and a distribution system 13.
The transm ssion system 12 may include treatnment plants 1 and reservoirs 3
connect eFigifehyAlamdgd ategraihe bf preditsed waiedOsHpe pSing 2 m¥thbdadddedihk ewod Wat er
primarily driven by punps 11. The distribution system 13 acts to deliver
vat er st 0 nfRdiuAéNt Qe theSfteseatifveis 14 through a branched arrangenment having
a range of different infrastructure including water 15 storage towers 5,

di stribution mains 4, branched network sections 6 and donestic/conmmerci al
feeder mains 10, with customers denonstrating a denmand based upon a desired
wat er consunptjon. In addjtion, within each of these sectjons wll be

vari ous ?ﬂqgo‘*(?ﬁ%iang@p eP MNP Iy T8RS \9§It}9ie celtRratgm model gegopdizg o and

fire hydrants 8.
further embodiment of the present invention;

10 Figures 5A to 5D are graphs of comparison data between predicted and observed output
from various sensors using a method according to a further embodiment of the present

invention;

Figure 6 is a schematic view of a method incorporating a virtual sensor according to one

15  embodiment of the present invention;

Figures 7A and 7B are graphs showing comparative data between actual and virtual

SEnsors;

20  Figures 8A to 8C are graphs showing comparative data between actual and virtual

sensors, and;

Figures 9A and 9B are graphs showing comparative data between actual and virtual

SEnsors.



20Further, instrunentation, including pressure and flow rate sensors 9, is
pl aced t hroughout the system OQutput from said sensors 9 may be

comuni cavedobraske3o a central control, readabl e directlpgTeG26i1108031@CcCessed
remotely in the field or any conbi nati on of these alternatives. WO

2012/ 036633PCT/ SG2011/ 000310 7 Col | ectg vely, the water consunption demand
of these end custoners may be represented by demand zones based upon
simlar demand characteristics, geographical "subsystens” or other criteria
permtting planners and operational staff to be able to sinplify the
conplexi&éFQde$d|V| ual consuner demand and adequately manage a broad
based 5 B SEPPHAPi on system It is based upon this broad systemc
arrangenent, that the present invention is applied in order to satisfy the
operational needs and predicted future gromh of such a system Fi gure
2 shows a flow chart representing the hydraulic nodelling process for a

wat er 10 Thieshvéniot irolates yte tthenhgdaiidimeddlmgoka evaverddiseibution, suek aprtkasent
invention. As shown in figure 2 above, the proposed nethod starts with

i dents f yisngwa enidhre Qe st Wil bk . apprechdedhan adtistredtust Sxsciskd Watles waghsuner s)
wi thin the conplex t opol ogy of tﬁe urban water supply system 15 Next,

t ot al hﬁﬁ“ t ) arldS d 20,
fol |l oned &ﬂe S stemwﬁ{l/ aﬁ??% qggqi%gra??%gss{g?e {ZGg?Lllgl ar%l %%ﬁ%@ggy state
node of a dH%U|IC networ k solver/simulator with the estimated demand zone
wat er cof¥ ti"ons 20 as inputs; the hydraulic simulation outputs are nodal
pressures and 20pipe flow rates 30. Sinul ated pressure and fl ow data 30
measured pressure and flow data froma set of in-

The transmission system 12 may include treatment plants 1 and reservoirs 3 connected
10 by large diameter transmission pipes 2, with the flow of water primarily driven by

pumps 11.

The distribution system 13 acts to deliver water to the various end customers 14 through
a branched arrangement having a range of different infrastructure including water
15  storage towers 5, distribution mains 4, branched network sections 6 and
domestic/commercial feeder mains 10, with customers demonstrating a demand based
upon a desired water consumption. In addition, within each of these sections will be

various control points including selectively controllable valves 7, and fire hydrants 8.

20  Further, instrumentation, including pressure and flow rate sensors 9, is placed
throughout the system. Output from said sensors 9 may be communicated back to a
central control, readable directly on site, accessed remotely in the field or any

combination of these alternatives.



WO 2012/ 036633PCT/ SG2011/ 000310 8 operational states and virtual sensors
data 45 that predict mssing or faulty sensor data are integrated

si mul t anewoW /3836 t he nodel at tinme step t. A calibratcosceoabbeni s
formul ated and sol ved using an evolutionary optim zation 5 approach 35.
Wil st different optimzation strategies nmay be used, in this case, the

obj ective function is the mnimzation of the differences between predicted

and neas ' ' r r t he
roasur od To0ezt o wiieP EORRERGER dblnaf of REEER SiAifhl piYOE RaRieild o
wat er consunptions. A podified Least uares fit nethod which takes into
Rocount B SYnHELZR BRI FEOH A ke AN GRERSHTORCY HEOBPRiSH o ATt
problem Next, a statistical data-driven algorithm55 is agﬁhied to predict
fut ure waveemeeorsaibley csleris pEEGHNg piraners ang joperationgl staffte dp abipHe simplify dat a
for this process include corrected outputs of the Calibrator/corrector

process 3 cauplexitabf individoat coasubér demdnldeareixgpieghatd yhbadagaat broad badhdt | ons
at tinme: t+24 (hrs) and the upcom ng day classification (weekday, weekend

or publi Gvai@! dis@¥htion’ Bysted! BCRas&d BpdrS t1Ad bidddesystetradd afrdfigemeaan khb e _
continues at each subsequent time step, the predictor-corrector loop 90 is

i npl enen . | S - : o s !
oo et Bl LSRR R A TRRA, REDE e n QRUATDY e
estimation o%»the caJ%ﬁrator paranmeters val ues repeats itself 90 at each
subseque OV SUER:LSXH™ e the forecasting model inputs correspond to the
corrected outputs of previous iterations, thus inproving the nodel

per f or mances over tine.

Figure 2 shows a flow chart representing the hydraulic modelling process for a water

10  distribution system according to one embodiment of the present invention.

As shown in figure 2 above, the proposed method starts with identifying demand zones
15 (i.e., homogeneous clusters of water consumers) within the complex topology of the
urban water supply system.
15

Next, total water consumption for each demand zone (at time t) is estimated 20,
followed by the system hydraulics being simulated 25 using the steady-state mode of a
hydraulic network solver/simulator with the estimated demand =zone water
consumptions 20 as inputs; the hydraulic simulation outputs are nodal pressures and

20  pipe flow rates 30.

Simulated pressure and flow data 30 measured pressure and flow data from a set of in-

line sensors 40 SCADA data 50 on the water network reservoirs’ and pumps’



WO 2012/ 036633PCT/ SG2011/ 000310 9 The hydraulic states of the water network
for future tinme steps (predicted pressure and flowrates for tine: t+24
(hrs) 75)wenreixmbeal ated 80 to provide adequat e i nfor marcesc2uhioods1d s
subsequently verified 85 for real-tine decision support of operation and
control of the water systemat t+24 hrg. 5 Integration of data from
continually streaned sensor output with hydraulic conputer simulation
model s alok&\ﬁﬁo%ﬁts?aﬁes%dlé'w 153 o?se &3 4t5°tth&ﬁ§1fe8{‘£ m"f‘ﬁg& CoQ%ﬁl?}L sdridGt Hata
| ar ge- scalf é urban wat er di 8t ributi on syste Lhreal sty me. Pan presents an
i nprovenent. over the conventi.on ractice at which hydraulic nodels are
cal i bratéffﬁfegqt?%gnﬁ’i'??ﬁj’u ygﬁ*&%@%@@k%ﬁﬂ@(%@g@; one week) sanple of flow
rate and pressure neasurenments within the network. In these procedures,
uncertain system paraneters (e.g., water demands and/ or pipe roughness)
are adjusted using optimzation techniques until an acceptable match is
achi eved Aehligetion peobladels forthplated avaldsglhydivsmlg @abselwtidnabneptithzatioar e are
t housands of water consuners with highly variable and stochastic individual
demang bebswhed 350 WaRise i fferBiteshtintizaidry Birf@kies bANbMRLRN 1S XBiedsangheonl y a
relatively smal [ nunber of direct neasurenents are available. This creates
an 111 -paged Disghlaon 1 A0GHe JRRALALAS G HARANPIORLEM WlsEhd Gay! (s 10
non- uni que’ sol ut1 ons. i'S can bé addressed by groupi ng the unknown
paranmeters. Th i n..advant age .of ' grouping. 20is that the sjze of the
D obl e MU B DB <t e E ot e i eared Glnbims)
feasible to predict aggregated demands than individual ones. The
consunpt iVoth Hediesistany vawbips gpedthe slemana Fenes rieereeasumplnds. dhmediftedi teri a
to WD 2012/ 036633PCT/ SG2011/ 000310 10

Least Squares fit method which takes into account noisy measurements is implemented

10  to solve the optimization problem.

Next, a statistical data-driven algorithm 55 is applied to predict future water demands 65
of each zone for time: t+24 (hrs). The input data for this process include corrected
outputs of the Calibrator/corrector process 35, external information 60 on the expected
15  climatic conditions at time: t+24 (hrs) and the upcoming day classification (weekday,

weekend or public holiday).

This process starts at time: t+24 (hrs) and that continues at each subsequent time step,
the predictor-corrector loop 90 is implemented. In this process the demand zones’ water
20  consumption predictions are used as inputs to the simulator 70. This a-priori estimation
of the calibrator parameters values repeats itself 90 at each subsequent time-step while
the forecasting model inputs correspond to the corrected outputs of previous iterations,

thus improving the model performances over time.



wat er consuners' characteristics is maxim zed; (2) the overall variance
bet ween total water consunption of the systems clusters is mnimzed; and
(3) the mwoterzmbessonnecti ng |i nks between nei ghboring etwsiceend/ones10

m nim zed. 5The predictor-corrector approach 35, 55 of Figure 2 is
inplemented to integrate near real-ting hydraulic data 40, 45, and 50 with
a hydraulic conputer sinulation nodel 35. The proposed nethod enpl oys a

Predi ct ors Carr.ect.or. (PC). procedure for. forecasting futur.e ter denmgnds in
he vt orlSy SEER GRS 855 Heforki o RiEe3Rns Mo thetiFind S Moy et em
may al so be inplenmented as an on-Iline systen;:)] 10w th data access through
wi r el ess flognsdesstos dime t+24 el dearecalylated; Poh de provide adeguptls infematen.

real -time data and nodelling. The patterns in demand for hourly-basis

t i me- st epehich & subssgnértiyd epyiedd frdorreMatime decisiat isappoFaatt apesatiobiid ontral any
time step, the water consunption at a given 15 | ocation can be found by

mul ti pl yiotghd Weter glsevaatt+DMmsby the basel i ne demand. Consunption nodes may
be grouped into denmand zones based on a clustering process and each group

of cogsunption nodes is assigned its own set of DVFs. Thereafter, the
demand zones DMFs are predicted using a statistical data driven nethod,

w th the.input.s bei he cali br,ated DVEs from past rs t-24, t-25,
10, attcEtige 1T bOS bl SRS RR a8 TR e e o
DMFs have been sel ected for 23 separate demand zones. These tinme cycles
(i.e., wedrgayen models allowswatra uhlift rensH ©PPEEIS digscenteol theickargesscalgd
weekends pattern which follows a 168-h (1 week) cycle) are based on a

ti me- ser ivsbanf watee alsttiibugionf sygigtnsr indesalp tiths, wid presemss iap simpmodimant tover the
identification of patterns existing in the archived systemdata. 11 The
syst em hy@nasttionalbghetivecat witiyh hedsulitnaddeth arsicagband ¢ff-liae naiigea ehordi f f er ed
processes. For instance, the steady-state node of EPAnet w th updated

boundary e@ndilsl ok Reel)NSarSpet EMIoRANEatM Al Hre&uRr StlaGireflVFRithR tHaPULS,
with the sinulation
network. In these procedures, uncertain system parameters (e.g., water demands and/ or

pipe roughness) are adjusted using optimization techniques until an acceptable match is

achieved between the model outputs and physical observations.

15  There are thousands of water consumers with highly variable and stochastic individual
demand behavior to be estimated in a typical urban water system and only a relatively
small number of direct measurements are available. This creates an ill-posed, highly
under-determined calibration problem which results in non-unique solutions. This can
be addressed by grouping the unknown parameters. The main advantage of ‘grouping’

20  is that the size of the problem is reduced. By reducing the problem uncertainty, it is

more feasible to predict aggregated demands than individual ones.

The consumption nodes may be grouped as demand zones based upon three criteria to

identify clusters in the water system such that (1) the within-cluster homogeneity of



5out puts bei ng nodal pressures and pipe flow rates. The objective of the
calibration process is to match the conputed and neasured sensor node data
(pressur evendixuedsBow rates), taking into considerati onppuss2oii®oesedse in
t he measurements. In this application, calibration is achieved by sol ving
an optimzation 10 problem at which agodified |east-squares of differences
function known as the Huber function which accounts for noisy nmeasurenents

S n1n|n1z d usin Al .gor.ithm Th r fun i an_i npl enen atlon to
e hydr SO BriTE o TP SRS if BBPPE (LS LRl upRans P Panda

conput ati on steps: The differences (i.e., re5|dualsé bet ween nDdeIed
and obseVAY pRTsYRptien ofndrer $Ystem st dustars s BHERizedp@ndt Sp, thatnuehE #f node i
- are defined as RPi,t=k and RQ ,t=k respectively The Huber function of
each r esicdmadctiRg liaksjlﬁthﬂdn@'ghk(o:t'(ngI%lusteis isminim@ed2, R Ptor Q =2 (1?2 Ir" Q
| -2, where h is a predefined value that represent the tol erance to noise

I n nmeasurenents; for small residuals (IR = h) that represent lowto zero
val ues of noise in sensor 20nmeasurenents, the Huber function m nim zes the

usual sl eagfe OMRIRIoR A6t hoddh: §5, 5518F Figure 2 is implemented to integrate near

real-time hydraulic data 40, 45, and 50 with a hydraulic computer simulation model 35.

The proposed method employs a Predictor-Corrector (PC) procedure for forecasting

future water demands in the water system demand zones.

It will be appreciated that such a system may also be implemented as an on-line system,
10  with data access through wireless sensors so as to provide field engineers access to the

near real-time data and modelling.

The patterns in demand for hourly-basis time-steps are described by Demand
Multiplication Factors (DMFs). In any time sfep, the water consumption at a given
15  location can be found by multiplying the relevant DMF by the baseline demand.
Consumption nodes may be grouped into demand zones based on a clustering process
and each group of consumption nodes is assigned its own set of DMFs. Thereafter, the
demand zones DMFs are predicted using a statistical data driven method, with the
inputs being the calibrated DMFs from past hours t-24, t-25, t-168, and t-169. For
20 instance, as shown in Figures 4A and 4B, where DMFs have been selected for 23
separate demand zones. These time cycles (i.e., weekdays diurnal demand pattern which
follows a 24-h cycle and weekends pattern which follows a 168-h (1 week) cycle) are
based on a time-series forecasting of water demands which relies on direct

identification of patterns existing in the archived system data.



norm approxi mation), for large R (R > h) that represent high val ues of

noi se in sensor WD 2012/ 036633PCT/ SG2011/ 000310 12 measurenents, it

m ni m zeswe 2bimseg3zpenal ty function which is relativel ypcmsensittonssaot o

noi se (i.e., 11 norm approxi mati on) The overall calibration problem

objective function to be mnimzed at 1@ach hydraulic time-step t is defined

as 5 E=P f( Rt) ENQf ( RO ) i=1t,t (2) where i is the sensor nodes

index, Np is the total nunber of pressure sensors, and NQ is the total

nunber of flow rate sensors. In this application, the value of h in each
node at

sensor eac ste tQ the average of all evi ous
oot e ieouRen: hanis danaraen By Sl sk Pi PLA whke of difterd
processes. For instance, the steady-state mode of EPAnet with updated boundary

conditions of the system, and with the predicted DMFs as inputs, with the simulation

5  outputs being nodal pressures and pipe flow rates.

The objective of the calibration process is to match the computed and measured sensor
node data (pressure and/or flow rates), taking into consideration possible noise in the
measurements. In this application, calibration is achieved by solving an optimization
10  problem at which a modified least-squares of differences function known as the Huber
function which accounts for noisy measurements is minimized using Genetic
Algorithm. The Huber function implementation to the hydraulic state estimation
problem is described by the following computation steps:
The differences (i.e., residuals) between modeled and observed pressures and flow rates
15  at each time step, at sensor node i - are defined as RPi,t=k and RQi,t=k respectively

The Huber function of each residual R is defined as

1 .
R AL AP

(RPOJ Q .
hif’pm Q\ —=h* [Rpm Q} > h

M

where h is a predefined value that represent the tolerance to noise in measurements; for
small residuals (|[R| = h) that represent low to zero values of noise in sensor
20  measurements, the Huber function minimizes the usual least squares function (i.e., 12

norm approximation), for large R (|R| > h) that represent high values of noise in sensor



The calibrated DMFs are del ayed for 24, 25, 168, and 169 hrs before being
used as inputs in the prediction nodel. 15 Steps 25 to 70 as shown in

Fi gure 2 woant2/mte36=169 hr, after perform ng an of f-I|i necctaiG2brnabezon
procedure for the first 168 hrs (1 week) of the collected data; the aim of
this off-line calculation is to generabe initial values for the input
data-set of the prediction nodel. No a-priori information is used during

the firs rS..a : tral : he ' TBXd Fum

val ues. o BRpepisi” R HihiCk IR0A SALNL TR WADR TN B T L
behavi or of the nitored water .systemwhich is reflected in the variations
in press®OBe ksl MOFBAPETORERAIOME over a period of three nonths at two
sensor nodes installed on a PipeLine system As it can be observed the WO
2012/ 036836 RoFrdicedibratonopeblem3obieetive fuaction iy be anigpaized gl carbeh Ydaylite
dynam c/ stochastic water consunption pattern variations and changes in the
syst em opmiicttepnis ddfined &4 i ne cal i brated hydraulic nodel of this water
system using a short-term sanple of hydraulic data will not represent the
systegls hydraulic behavior in the long run after the short period of the

sanpl i ng 5procedure. The sengor nodes b igned to continually gather
data and transmt in real-tLg lfGRaSbtgﬁﬁéf?dgf server. The sensoQ)node

may support the attachnent of two different

where 1 is the sensor nodes index, Np is the total number of pressure sensors, and NQ is
the total number of flow rate sensors. In this application, the value of h in each sensor
10 node at each time-step is equal to the average of all previous time-steps sensor node

residuals multiplied by a factor of 2.

The calibrated DMFs are delayed for 24, 25, 168, and 169 hrs before being used as
inputs in the prediction model. |

15
Steps 25 to 70 as shown in Figure 2 start at t=169 hr, after performing an off-line
calibration procedure for the first 168 hrs (1 week) of the collected data; the aim of this
off-line calculation is to generate initial values for the input data-set of the prediction
model. No a-priori information is used during the first 168 hrs apart from constraints on

20  the minimum and maximum values of DMF (0.0 - 3.5, respectively).

Figure 1B illustrates the dynamic behavior of the monitored water system which is
reflected in the variations in pressure measurements 16A, 16B over a period of three

months at two sensor nodes installed on a pipeline system. As it can be observed the



sensors which nmay be useful for the hydraulic nodeling process: a pressure
sensor and a 10 flow neter. Each of the installed nodes may be connected to
a wat er rmorotdusessgh a standard tapping point that can eoasiceomebdsipl e
sensor measurenents at a single point in the water distribution network.
Figure 3 shows the arrangenent 90 of dgmand zones in a block diagram The
current 15 deploynent of the sensor nodes 115 within the denand zones are

al so giv n Fl ensoy, _node |.gcatii 0 d Qon..an

oot zed et B, disieg, B B e o Q%tf’%h%ﬁoﬁk“%? hgonsu BPHRY ROUFRu | cs
and water quality. Alternatively, the sensor pnodes e hi storically

pl aced f OfTI3HORSANA Ghangse & thy;syHEMIRPCRQR AN Péf? ﬁBGé‘F‘FP‘ﬁ@ M@Iiaﬁljc medel bl e

sensors, as well as new sensors placed to supplant an existing array. 20
Boundar y thisridater systenofusinigea shyart-tamm( $ample of dydrapbic rdsta wall ot repyesest thed
outflows) may be provided by the water utility SCADA systemin near

real - ti meysemhehydadlicnbghalicoih theakbigniunaifed the shbe peribdast ite smdsting | n
case a sensor node data streans is tenporarily interrupted a data

I nput gt i QRyd@ghni que may be inplenmented where data trends in each WO
2012/ 036633PCT/ SG2011/ 000310 14 node's data stream are tracked and data is
predi cted (when real streamis unavail able) using a techni que based on
Gaussi an Process Regr essi on The net hod according to the present invention

may i ncl a w de range  of h draulic 5 time-step intervals so
that eve S@HEFErﬂO E%ng‘/ r‘i’ﬁdij’é ZReh Kb roniey ?Fh t data gnd, trgRSTRIL iRt iipGe
nodel . In the current enbodi nent reporting hydraulic states has been fixed

to a one thdueentrphgats seqyer Aidhet gasainode masesuppartabe atachozent oé ree dsfferent

averaged for each round hour respectively. An alternative approach nay be
t 0 short een¢drewhichenst epsefid fdGthahpdriaaliemedéling process] d plesuapqehsaiaatied t hat
any regular tine-step is permssible 10 within the scope of the invention.

The aet ualow infeRerS Eaéh UE B NBMIISECREASE MRPBe 2ohARER! R a Twatdr GhainithugRiang t he
data acquisition systemused, the expected rate of change of paraneters
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neasures nmay to eva

the water distribution network.

Figure 3 shows the arrangement 90 of demand. zones in a block diagram. The current
15  deployment of the sensor nodes 115 within the demand zones are also given in Figure 3.
The sensor node locations may be based on an optimized sensor network layout for
monitoring both the system hydraulics and water quality. Alternatively, the sensor
nodes may be historically placed for other purposes, with the hydraulic modelling using
available sensors, as well as new sensors placed to supplant an existing array.
20
Boundary conditions of the system (i.e., reservoirs’ water levels and outflows) may be
provided by the water utility SCADA system in near real-time manner and may also be
assimilated in the hydraulic model. In case a sensor node data streams is temporarily

interrupted a data imputation technique may be implemented where data trends in each



15 performance: (1) the predicted diurnal demand patterns of two
honogeneous demand zones (residential and commercial) were conpared to
typi cal dwvornelosesssves for residential and comercial watescaeagex®) the
convergence of the genetic algorithmobjective function during the
calibration/ correction process whichigs a conponent of the online

predi ctor-corrector nodel was analyzed at three different occasions (1, 8,

and 20 13, ﬁ@@‘iﬁt agt{e% :%r@etraicﬁ'é& LR bAahd gfédﬁ,frtedt Anvehi é}f‘eamgnﬁwvmab@del) to

check if or mances |nprov experience; and (3) 't

nodel predlctlo for th stem dr U|IC state were cross- valldated
with s upb’IS’éﬁg@rfF&H}q‘ﬁeﬁ’ ?fg%éﬁlfssﬁpz)sfg%/ﬁs SREFEYYbw-rat e neasurements over a
period ranging from24 to 48 hours in four different |ocations across the
wat er distribution system 15 A diurnal pattern for a residential area is
characterized by relatively | ow usage at ni ght when nost people sleep,

i ncr easedhesaeghod acdonding e tleapieyentramventign hoayrisclade pewvide eangske hysirang
prepare for the day, decreased usage during the mddle of the day, and

finalky, rBoddlighenredepmagealagainat bvent fi@uent doxtifVaRi s8@sod snda@@pinents Sdar N
home. For commercial demand zones, the typical usage pattern is different.

A broad GcJeaés%Hfﬂl Gl hgggel SHGHe 35r&f r@ﬁ%&ﬁlﬂlﬂﬁltz&ﬁ&"ﬂn JFRME A Red BV bdepPes Of

consuners such as s restaurants, hote and fices therefore we

expect t i ncr ased consu the entire a th peak
usage du%PﬁﬁﬁPﬁﬁ@ﬁ RELYEC 518 n@@ﬁ?ﬂa ﬂ%@ﬁgﬁ%Pﬁcgg%%anglﬁmfﬁg ¥% "t hese
areas. As can be observed in Figures 4A and éb (predicted diurnal water
usage pateaeh Found hossreseeativaly- é’ﬁ‘da CHMGE @PRIOaS M bE dQ sherten\t 1\3'13 Wnet fieps
predicted demand patterns for these honbgeneous clusters are in agreement
wi th the texifectindnisataby. 1usalcaspriesaed Bhat abyovegulandinee-ptap tih @eraiskint i al
zone we see norning and eveni ng peaks in denmand and in the commercial zone
we se® I ekilhinhé Ycope s tianinvesticn. Ths agiialtiengeplised fnhdycdepend upomiatrhnge
increased consunption around lunch time and evening. The calibration
conponentyd f{oReif [@q{éc{h‘%rda@ﬁ&ﬁﬁéﬁén ggﬁ&h U¥kd (R Z8pedibie rdi® G fchgsbe of

| east - squares of the fferences bet ween predi cted and neasured
hydraul i c_par auet er pressure and flowrates at several system

| ocat i onsgag FW atnﬁlsor éé%cﬁg?%snégo vari abl es being the consuners' water
demands. The initial values for the decision variables are the predicted
demands at the previous tine steps. Since the Predictor-Corrector |oop
repeats itself at each subsequent tinme-step with the forecasting nodel

i nput s belnnerdemhie gain eenfidsacoin tha modst, Sﬁv%rﬂp’@eiésur%é%x poHsed ﬁOteVﬁglaE%(ﬁS%ct ed
that the nodel performance inproves over tinme. Figure 4Cillustrates the
Cal i brsat i perfqpmabéeer(i) the predicted diurnal demand patterns of two homogeneous demand

zones (residential and commercial) were compared to typical diurnal curves for
residential and commercial water usage (2) the convergence of the genetic algorithm
objective function during the calibration/ correction process which is a component of
the online predictor-corrector model was analyzed at three different occasions (1, 8, and
20 12 weeks after the initialization of the on-line hydraulic model) to check if the model
performances improve through experience; and (3) the model predictions for the
system’s hydraulic state were cross-validated with supplementary independent pressure
and flow-rate measurements over a period ranging from 24 to 48 hours in four different

locations across the water distribution system.



WO 2012/ 036633PCT/ SG2011/ 000310 16 obj ective function convergence through
the GAiterations at three different occasions: 1, 8, and 12 weeks after

t he initiwbizaptizesssof the on-line systemnodel. It can lpeTsicaenweesiv hat t he
a-priori estimation (i.e., prediction) of the values of the decision

vari abl es, which inprove through expengence, facilitates a better
convergence of the calibration 5 nodel and provi des adequate information on
the systemis hydraulic state for real tinme optimzation. Figures 5A to 5C
show a conpari son between the field observed 125 and nodel predicted 130
pressure fqor a 48 hrs duratjon of the.supple tary..pressure sensor, 10

depl oynent .8“11"??\13 PR Isf?%a f “E?F‘Aeé‘ﬂf)]pq‘rgﬁr?n‘f}ﬁ? ng E o glggger‘\g i?w 1157285 %Lﬂ'l%ht
5A)which is located in zone 12 show a nmean absolute error of 0.85 psi for
al | 48 dathenpegshpeoplasieem inrasasedinagp §8T1ng thepagy meraingi opgy aseepisrwakes psj .
For suppl enmentary pressure sensor 2 (Figure 5B) which is |ocated in zone 3
t he mean uahmdlptegare forcthe iday,lde22apsi udage datihg 48 vhadde pbibet day, and finaBy,maxi num
absol ute pressure difference is 2.6 psi. For supplenentary 15pressure -

Sensok 3 ifdrkaed Qisafe) a%m ¢ the® edrF 3V @MANG s 3020ple Iretut® hGBRN BHS Obmiher&slr or i s
1.9 psi for all 48 data points, and the maxi num absol ute pressure

di fferencg | B 5 I QI -ﬁﬂgﬂam %%dbﬁééé?ﬁﬁ bhelgdnohserved

and nodefa%glrag%i%gﬁeésdﬁ% g@l%gtugggréggr t eszzaﬁ rs duration o tﬁe 'suppl enent ary

flow neter de%IFigP/msnt on an 80 ma})i n_connect i and .13. The
r

_Om*n 0 quo&es 11tar ¢ h
results QMR EOTS's TR PR BB T O ORTURAS WU A8 SRR ST A Sy r o of

23 nB8/hr for all 24 data points, and the naxi num absolute f|ow rate
di f f er endwtels agd qffiggs therefore we expect to see increased consumption during the entire

working day with peak usage during lunch hours and evening when more people are
10  around these areas. As can be observed in Figures 4A and 4B (predicted diurnal water
usage pattern in residential and commercial zones respectively) the predicted demand
patterns for these homogeneous clusters are in agreement with the expected water usage
as described above where in the residential zone we see morning and evening peaks in
demand and in the commercial zone we see relatively constant water usage during

15  office hours with increased consumption around lunch time and evening.

The calibration component in the Predictor-Corrector model minimizes the modified
least-squares of the differences (Eq. 2) between predicted and measured hydraulic
parameters (i.e., pressure and flow rates at several system locations), with the decision
20  variables being the consumers’ water demands. The initial values for the decision
variables are the predicted demands at the previous time steps. Since the Predictor-
Corrector loop repeats itself at each subsequent time-step with the forecasting model
inputs being the corrected outputs of previous iterations, it is expected that the model

performance improves over time. Figure 4C illustrates the Calibration problem



WO 2012/ 036633PCT/ SG2011/ 000310 17 An alternative arrangenent to the use of
real sensors is for the use of "virtual sensors"” By way of exanple,

wi rel ess WOn8wo3nddes may be permanently depl oyed wi t hi RCA/SGRet1/0DI3Ue i on
system providing continual hydraulic data that can be assimlated into
hydraul i c nodels. 5 Further tenporaryisodes nay be depl oyed for short
periods (say, one week) around the distribution system network. A Virtual

Sensor i $b|REARBESHcdVeR@née M@hltﬁ@@t@héﬁﬁoﬁsegmwegum&&itloe@hs%'d%l an 10
Process RegreSS|on whi ch conbi nes the historical data collected by the

temporary no(? et's LTk alis iqlzt%? é!? 8¥ b RiRe! Qfs%r? Aodf rI 0L oBRpaAr

nodes. Use y corre at'a’ accoun new ends I'n The data
that do not ppear in t he  hi toric ta.coll ected t.he tenpo node.
An i nor ed R Ao GHEBRIG G seen@raa@tl@ ebie NaPo Rt cs‘? ¢ ESiFioR AFTgPlebual ) is
inportant for reducing the ill-conditioned state of the 15hydraulic nodel
cal i br at ivdnclp imopreaethrough ewpdrienpe fapibitated atbstien penvergeace & thef calibratiea
sensors, according to one aspect of the invention, in applications other
than the niyddt and providedaeldequage Afgin atidhi @nthesypemiss byc&aulﬁomaﬁemét st eémet he use
of instrumentation within conplex or diverse petro-chem cal 20 applications
can be expaRSiaen. By conducting a survey of a plant having an array of

per manent sensors, establishing tenporary sensors at useful |ocations for a
time sufficient to establish a clear correlation with the pernmanent sensors
may | ead to significant econom ¢ benefits, in terns of the nunber of

i St wtGHenSA S AR 14 GURPEIEnaPEY T Bb L BETIEV S PEH03 10
predicted 130 pressure for a 48 hrs duration of the supplementary pressure sensor
10  deployment. The results for supplementary pressure sensor 1 (Figure 5A)which is
located in zone 12 show a mean absolute error of 0.85 psi for all 48 data points, and a
maximum absolute pressure difference of 2.4 psi. For supplementary pressure sensor 2
(Figure 5B) which is located in zone 3 the mean absolute error is 1.22 psi for all 48 data
points, and the maximum absolute pressure difference is 2.6 psi. For supplementary
15  pressure sensor 3 (Figure 5C) which is located in zone 1 the mean absolute error is 1.9

psi for all 48 data points, and the maximum absolute pressure difference is 4.6 psi.

Figure 5D shows a comparison between field observed and model predicted flow rates
for the 24 hrs duration of the supplementary flow meter deployment on an 800 mm
20 main connecting zones 11 and 13. The results for this cross validation measurement
show a mean absolute error of 23 m3/hr for all 24 data points, and the maximum

absolute flow rate difference is 65 m3/hr.



18 paraneters selected for neasurenent by the virtual sensors related to
the WDS, other applications may require different paraneters neasured.
Hence, t hwocomospdszof the virtual sensor may be adapt edptw/Sgremicdesiout put
in nmeasured quantities according to the application, for instance, 3-phase
current for an electrical distributionysystem gas 5pressure for a natural
gas distribution system and even cars/hour for a traffic nanagenent

system %%SM{%%lJe%Haﬁg%rﬁ?r&% "l ald %af?eﬁsa?@ %f?é b J‘@P virkal s e

i nvestigate t invention as 1 o V|rtual sensors,
enbodi nent s rel o the hydraulic, nodelli at.i an be used.
Thi s shatl? RGY SoBEMPlenVHEIFY STRPhIOUT Py %ﬁw@@m@h pIOYE I Snsor s
accordin%'to t he present invention. In Water Di-stribution Systens (WDS)
anal ysi s diswifigion eatenbeproyiing sovnyahdydraglin ate shat ycaphee RSsRddted dnist at e of
the system Understanding the dynam c state of the 15water distribution
syst em cagdhelipmd@&8sengi neers schedul e and si nul ate operational changes
based on up to date know edge of the system On-line hydraulic nodels

attenpt to solve an estinmation and calibration optim zation problemwhere a
limted nunber of inputs are being used to calibrate a system

Further temporary nodes may be deployed for short periods (say, one week) around the

distribution system/network.

A Virtual Sensor is implemented using a data imputation technique called Gaussian
10  Process Regression, which combines the historical data collected by the temporary node
with correlated data from a subset of permanent sensor nodes. Use of spatially-
correlated data accounts for new trends in the data that do not appear in the historical
data collected by the temporary node. An increase in the number of sensors (a
combination of real and virtual) is important fof reducing the ill-conditioned state of the

15  hydraulic model calibration procedure.

It will be appreciated that the use of virtual sensors, according to one aspect of the
invention, in applications other than the hydraulic modelling application is possible. For
instance, the use of instrumentation within complex or diverse petro-chemical
20  applications can be expensive. By conducting a survey of a plant having an array of
permanent sensors, establishing temporary sensors at useful locations for a time
sufficient to establish a clear correlation with the permanent sensors may lead to
significant economic benefits, in terms of the number of sensors required and the

infrastructure to monitor such sensors. Further, whilst water pressure and flow rate are



20 conprised of thousands of unknowns. The data inputs provided to on-line
hydraulic nodels are typically a small nunber of field neasurenents of
hydr aul i cwpanenstass (e.g. pressure and/or flow rate) takescaoiwasiious
sites across the network. Because the hydraulic nodelling is intended to
run in an on-line manner, the input daga may ideally be provided from all
sites at consistent tinme steps (e.g. at hourly intervals). WO

2012/ 036@%%5@4&%9&4& PA0R LR uddn B ySAb Yirkh seHBREAIE] Pt WD Bhtigat i on

and calibration optimzation problemis ill- posed and under-determ ned. It

may be signifi.cantly inprov by addi ng _more sens acr Qs r

cover ed ng’}icﬁl O?iseﬂ/% r ngﬁge dﬁ%@rieéte Pﬁ‘&?“eegea%t“éezﬁs%‘%@t geﬁ%m%ggr%?g%gkoﬁntg%

physi cal neasurenents within the systemis expensjve and requj.res éhieme and
ef fort i NiIrthapFeRsAEREY Reddarirhieprarids oytput F’h%ﬂ%’(fﬁdr %uaélﬂaeﬁachf 2N €t i on
units. The addition of virtual sensors, whose data streamis predicted
on-1i ne appligtivhe fatatnatante, phpbassatunyent ot @pedestoinglodistritajiopr vvicae gas
significant benefit in solving this issue. At 10 sonme points in the

net wog K, peab@enBy Wehdtu@brdael aiseibatibh oieer, asid esen Thirshaor feel at irafficmay be
exploited to use the data being gathered at an existing sensor to predict

the dat arﬁﬁag{lggﬁg&&ﬁ! a3 ERARY relidb10 OO &3 HIRGA b estaBlEdhede | ear ni ng

t echni que ca ussi an Process Regression (GPR) may be used to inpute

data based on tine history and spatial correl ations between sensors.

Section 2 gives an overview to the techni que, show ng 15 how candi date

virtual sensors are d_eterg{fned. Fi uk{?;a 6 shows an oi/ervi ew. of the Virtual
i

Sensors dondwpier JaveRligrisy B $9Pfo inyepRn a8 Yfelals [ dENR SPFUMsducer s

140 are deployed within the WDS 135, and their _ _
embodiments relating to the hydraulic modelling application will be used. This shall not

10 be seen as limiting on the application of virtual sensors according to the present

invention.

In Water Distribution Systems (WDS) analysis, models can be used to estimate
dynamically the hydraulic state of the system. Understanding the dynamic state of the
15  water distribution system can help WDS engineers schedule and simulate operational

changes based on up to date knowledge of the system.

On-line hydraulic models attempt to solve an estimation and calibration optimization
problem where a limited number of inputs are being used to calibrate a system
20 comprised of thousands of unknowns. The data inputs provided to on-line hydraulic
models are typically a small number of field measurements of hydraulic parameters (e.g.
pressure and/or flow rate) taken at various sites across the network. Because the
hydraulic modelling is intended to run in an on-line manner, the input data may ideally

be provided from all sites at consistent time steps (e.g. at hourly intervals).



real -time data 150 are used as input to the on-line hydraulic nodel. The
solid circles 140 20 represent real sensors that are permanently depl oyed
on t he WB80 2dtr3aa@shed circles 145 represent Virtual Semsworss2ompvossaodata is
predi cted based on a snmall w ndow of training data and the current data

gat hered by a real sensor has been observed to be well-correlated with that
training data. WO 2012/ 036633PCT/ S&011/000310 20 The process of
integrating a Virtual Sensor into the systemhas two steps, site selection
and data prediction. Site selection is necessary to determ ne whether a

gi ven physica] site w.ll pbe a syitable candidate for .a Virtu Sensor. To
det erm nﬁﬁﬁa"ﬂé’? PRocedis {%§ t@% F%{%%é),n C‘\/\%ag’tbraglo\ﬂo?@ﬁm(zﬁtmﬁ r‘tgeré) §ilf%ne?sdg'a nust
be gathered at the candidate site. Hourly 5 averages of this data are taken
and conpaessd and undendetempaedilhgiayibes guhtadlyr PR Ay adBHsBIPE 1995¢Te
system I|f the week's worth of hourly averages correlate well with any
sensor ( meresOthi@Gréncovienst aynthe)networds teiprevids nwart idatel isptte Iheweveyi makiak
Sensor. Sites where the data are poorly correlated with other sites in the
net Wosk  HapE &8 eidasindhtsPh AiBShé @ystétias pkparivenindokquiesw, tisé ahd effegniaor s.
Once a site has been validated as suitable, the week's 10 worth of data,
and the eRbiALLGASLRRAMIC M LAREAS LR Akt aupeh uifie used to predi ot
the data stream from where the sensor woul d have been depl oyed. Regression
analysis is generally used to hel p understand the structure of a data set,
allowing a functiony =f (x) to be derived for the underlying data,
describing the 15 rel ati onship between the lnpué,vgriqble X a%d ouk&ut

vari abl e '[31.3 agdition 1pf vied senfotso RESF daiH 8T 5aEM 1§ refictsd n-nsdsmesthg fata & ¢
describes a straight Iine through the data, with slope mand intercept c.
Usi ng t hiphy$icallt deployed sepsrogsaybbmvide signidicpn] banefif i goluing this) isgpe. At
extrapol ate (prediction) possible values at tines where no sanple is

avai liabl gomidoyRivelin thé hetwosRlaexmdatveell toredmebritidiofifer sitdst This chetedatiinne t he
underlying nodel. 20 Machine |earning algorithnms such as neural networks

have i sty 6abipioiRR%0 4 Bk bl baHE Batiuleidl 36 cRlsAn SGis6S6I R6dial Geldans. | n
an attenpt to address practical difficulties and sinplify design decisions
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Process Regression (GPR) may be used to impute data based on time history and spatial
correlations between sensors. Section 2 gives an overview to the technique, showing

15 how candidate virtual sensors are determined.

Figure 6 shows an overview of the Virtual Sensors concept as deployed to monitor a
WDS. A set of pressure transducers 140 are deployed within the WDS 135, and their
real-time data 150 are used as input to the on-line hydraulic model. The solid circles 140
20  represent real sensors that are permanently deployed on the WDS. The dashed circles
145 represent Virtual Sensors, whose data is predicted based on a small window of
training data and the current data gathered by a real sensor has been observed to be

well-correlated with that training data.



WD 2012/ 036633PCT/ SG2011/ 000310 21 been proposed. GPR has been wi dely used
In the geo-statistics donmain but is only recently being applied to other
fields, swohoms3ssasor networks. GPR uses Gaussi an Processss2(1&08)310 0
provi de a probabilistic franework for regression. The observations in a

gi ven data set can be seen as a sanpl eofrom sone nul tivari ate Gaussi an

5di stribution. The relationshi p between these observations is defined by

Lhe COvaihR RSl BE it BfaleXs Virtual SERGPSRDO0,dAPHEORIELEN Sfl RALURAD

sanpl es. e Tegressl off process s by "encoding the relationship
betveen oRSSLNALONS YUIA AN YAl atce e on Kbk ) ok il
(Le(xd, Xjéztg (wxil]i’l;(ezg. suitszﬁe):( %a’ui(d]f ateif ())(rzé X\fziz'tu!:l( )S(eri(soz To determine whether a site is
suitable, a week’s worth of pressure data must be gathered at the candidate site. Hourly
5 averages of this data are taken and compared to a corresponding time period from other
sensors in the system. If the week’s worth of hourly averages correlate well with any
sensor (r > 0.99 for instance), the site is suitable to be a Virtual Sensor. Sites where the
data are poorly correlated with other sites in the network represent ideal places for the
placement of new, static sensors. Once a site has been validated as suitable, the week’s

10  worth of data, and the continuing stream from the correlated sensor are used to predict

the data stream from where the sensor would have been deployed.

Regression analysis is generally used to help understand the structure of a data set,
allowing a function y = f (x) to be derived for the underlying data, describing the
15  relationship between the input variable x and output variable y. For instance, a common
function in linear regression y = mx+c describes a straight line through the data, with
slope m and intercept c. Using this function it is possible to interpolate (regression) or
extrapolate (prediction) possible values at times where no sample is available. However,
with complex data it can be difficult to determine the underlying model.
20
Machine learning algorithms such as neural networks have historically been used for
such multivariate regression problems. In an attempt to address practical difficulties and
simplify design decisions (such as choice of learning rate) associated with supervised

neural networks, Bayesian techniques such as Gaussian Process Regression (GPR) have



kK(x",xlI') k(x",x2)k(x", x) At each regression step, the covariance
between training data and the point of interest 15x* (the point to be
predi ct edyoize1msbaal at ed, giving rise to two covari ancePORISG2€EH00310
representing the relationship between observed data and the point of
interest: (2) K, =(, ) kLv.xJdk ( x, 21d = k(x., x.)(3) 20 WO
2012/ 036633PCT/ S&2011/ 000310 22 Using the above notation, the input data is
defined ggep p?(%@é(fe GPRMaR b%%h'%i'd@l@/ Medtinl it éé&%t@t?stifcgdloﬁl‘% buKistﬁly\ (4)
recently being applied to other fields, such as sensor networks. GPR uses Gaussian
Processes (GPs) to provide a probabilistic framework for regression. The observations
in a given data set can be seen as a sample from some multivariate Gaussian

5  distribution. The relationship between these observations is defined by the covariance

function k(x,x'), representing the correlation between samples.

The regression process begins by encoding the relationship between observations using
the covariance function k(x,x') for all combinations of inputs x into the covariance

10 matrix K

k(x,%) k(x,x) - k(x,x,) )
_ k(x2>x1) k(xzaxz) k(x29xn)
k(x,,x) k(x,,x,) - k(x,,x,)

At each regression step, the covariance between training data and the point of interest
15  x* (the point to be predicted) is calculated, giving rise to two covariance matrices

representing the relationship between observed data and the point of interest:

)
K,.::[k(x.....\‘,) ke x,y - ktxox, )]

K.. = k(x.,x.) (3)

20



K, For prediction, the aimis to determ ne conditional probability of test
val ues y* given the observed data y. This itself is a Gaussian with
pr obabi | iwp 2Riy3$d33) 10 Fromthis the value at x* can becirsGesn@dody taki ng

the nean of this distribution. = KICL y(6) Rat her than directly invert
the matrix as in the above equations, 2a practical 15i npl enentation of
Gaussi an process regression will make use of a conputationally faster

appr 0ach ¢ iChhe2 &?‘g@g&%g@gggg@sa 5%'8(36'%1158 YasPaldme 15l GRRsHA

generate I on ist gn of the covariance
function ﬁ%ﬁixf) UEq to create K The reliability of the regression is 20
dependend! WQOREF‘Qgﬁgbified covari ance that allows the conplexities of
the input data set to be captured. The Virtual Sensors approach inplies
that predictions incorporate botrh.1he higtorigal ze trace of da‘ﬁa
gathered at the candidate site {nélbhe\cgﬂr%nt dz@ Ljfon1the wel | t ched
real sensor. Both of these data|3ources kuded in the covariance
function, as described in the rest of this section. 23 The output of the

regregsion (i.e. predictions of the Virtual Sensor's data) is dependent on
the choi ce of covariance K, representing the assunptions about the

under | yi " prediction, the aim is to determine conditional probability of test values y* given

the observed data y. This itself is a Gaussian with probability

Piv, vy ~ A (KKK, - KKTIKT 5)

10  From this the value at x* can be inferred by taking the mean of this distribution.
x.=K.K'y ©)

Rather than directly invert the matrix as in the above equations, a practical
15  implementation of Gaussian process regression will make use of a computationally

faster approach, such as Cholesky decomposition.

A key part of using GPR to generate test outputs y* (the predictions) is the design of
the covariance function k(x,x') used to create K. The reliability of the regression is
20  dependent on a well-specified covariance that allows the complexities of the input data
set to be captured. The Virtual Sensors approach implies that predictions incorporate
both the historical data trace of data gathered at the candidate site and the current data
from the well-matched real sensor. Both of these data sources can be included in the

covariance function, as described in the rest of this section.



function. The covariance function rel ates one observation to another. As
observations 5 made at points close to x are likely to be well correl ated
it can bewvezsimBessthat the output for any target val ue »ptTsiG2011m60310
correlated to nearby observations. Although a sinple, single term
covariance function wll suffice for ggne data sets, it is often the case
that the data will have nunerous, conplex features that need to be nodel ed.
For instance, a data set may be nodeled to be the sum of two independent
functions fl (x) 10 and f2(x). In this case, the covariance function can be

ext ended ,accordingly by adding terpns. for ch.function,. arallel. can be
dr avin. herBeQUUB REFHG TEHisSar ks PO GIRIS I AgE YA goe = daud s dengpe
Wnters' exponential snoothing where extra parameters are introduced to
encode meint fhel @%%ﬁﬂfrW%ﬂ@ﬁ@qﬁaﬁeﬁfeSi@l@ e assumRtigny) abet hevikeERies of
hourly averaged pressure data coll ected by sensors over the course of one
week. AsifdectfonoTht kevabmee Gatction rélhws dnkeobstrvetiors td anofieguAe obAeraiatzons
strikingly simlar in trend (but offset in magnitude from one another), and

that the gideaBointd ddsgUb& 4B iaely & bEav@ntorrslenariatar Beasdualedt thends are
apparent in the data. Firstly, each data stream has a strong di urnal

pPattern. el SpkBANE LADE- LAIALLANAER IR SR IR0 SO .

m at change over sever ays or nore, such as
hi gher pressure values at the weekend than-.duri ng weekdays,. or Longer term
(over weckEPSr SHERHES SRYRGEHED Yl RIRGT 1Y OPiars: Ste RopRel B
trends and fluctuations that happen over a period of hours, particularly
during t Ifeseithpt theedatqmalh have awmponsrcamaplgr featerentnet need fods @Oﬁ?}e@-h%orwat er
distribution system 24 It is inportant that terns of the covariance
f unct i on instances s elata sehesy msmodged tnbe diwosim tofi éwp andepensieni funchienspflés)sur e
data gathered by the Virtual Sensors to provide accurate predictions. Based
on the paindenps. inthieast e cbehtahce Airtioh rcan e extdnded scardingle dyfaddidg on 5
is constructed to be the sumof a periodic function kl to represent the

dai |y pattEﬁ?@foraéagh FuMeBn PR daPdief GO BRAUIERA Here fohRherBRS séh@ %P&B&iﬂé@l er

time. This fits the expectation that sensed pressure readings can b

nodel ed hy .t he combi nat.i f . a.periodi sng . a_sec o take
account &%cﬁ%ﬁérs%raﬁl}?@gr\l}glg B0t Oggl\&}garli ancgll{‘%?%grea?%% g%ﬁ?&%&?@% by the
Mat ern function, which provides flexjbility over other popul ar 10covari ance
functi onslPtr%‘t"ﬁdé%e‘?‘}?geélﬁﬁ%l?lééfe’é‘gép‘ﬁﬁéﬁfl?tﬁi . The generalized Matern
covariance functionisr 2v d Kv( 2v d

15  Figures 7A and 7B show examples of hourly averaged pressure data collected by
sensors over the course of one week. Aside from the observation that the streams in
Figure 7A are strikingly similar in trend (but offset in magnitude from one another), and
that the streams in Figure 7B are different, several temporal trends are apparent in the
data. Firstly, each data stream has a strong diurnal pattern, which is known to be related

20  to the consumer demand. Secondly, there are long term trends that change over several
days or more, such as higher pressure values at the weekend than during weekdays, or
longer term (over weeks or months, not shown here). Finally, there are short—term
trends and fluctuations that happen over a period of hours, particularly during the

daytime, when consumption is at its most variable in the water distribution system.



k nzater” = h2 F (v)w (7) 15where d =is the absol ute di stance between

I nput sanples, v is a snoothness paraneter (w th higher values of v giving
snoot her wonetymwess, Kv is the nodified Bessel functionpramdGzeiiionei&Ganma
function. h is a height paraneter and w a width paraneter; these are
commonly known as Hyperparaneters of tiae Gaussi an Process and are di scussed
in nore detail later in this section. 20 Through experinentation, the

snoot hness paranmeter v = 5/2 has proved to be a good match to pressure
patterns seen in t he vvat er di stri bution system The chosen covari ance

the patterns in the pressure data gathered by the Virtual Sensors to provide accurate
predictions. Based on the patterns in the individual data streams, the covariance function
5 is constructed to be the sum of a periodic function k1 to represent the daily pattern, and
a non-periodic component k2 that maps the trend over time. This fits the expectation
that sensed pressure readings can be modeled by the combination of a periodic signal,
and a second term to take account of longer-term trends. Both covariance terms are
represented by the Matérn function, which provides flexibility over other popular
10 covariance functions, such as the squared exponential. The generalized Matern

covariance function is

k

2" (m]K[&_dJ o

matern = h
revmy w w

15 where d = |x-x| is the absolute distance between input samples, v is a smoothness
parameter (with highér values of v giving smoother functions), Kv is the modified
Bessel function and Ois the Gamma function. h is a height parameter and w a width
parameter; these are commonly known as Hyperparameters of the Gaussian Process and
are discussed in more detail later in this section.

20
Through experimentation, the smoothness parameter v = 5/2 has proved to be a good
match to pressure patterns seen in the water distribution system. The chosen covariance

function with v = 5/2 is written as



(8) The mapping between points in time can be nodified to nodel periodic
functions (such 5as diurnal patterns) by replacing the input space function
d = | x-xiwownidm3a3s sin The wi dt h and hei ght Hyper par amecerss2oiangih can be
used to alter the behavior of the function. w affects the rel ationship of

t he di stance between sanples, tuning £®» what degree sanples further fromx
shoul d i nfluence the covari ance. Larger values for w produce snoot her
functions, but likely at the expense of short-termdetail (and hence 10
nodel fit). As regular, hourly sanpling intervals are expected for the

pressure data, the scale is set toﬁ ugfzt Iengﬁ i.e. w= 1. (3he out put
height h is effectively akscalzihngj Q_Lglt)e 11;(& yut of the covari ance
function, linmiting the varfdhce of tihe cowvariancevfunction output; his
typically set to be the standard devi ati on of the observed data. 15 Val ues

for these Hyperparaneters have been determ ned to performwel| based on
prior experinmentation with pressure data sets. However, if future

experi me %@%ﬁ%@@?‘%ﬁ%@ﬁ%{s gl)?/ 'ﬁ%TLean&g)te rhSdiRES & Rb8elteriddR! MhdtidnBesuch,

confidence va ussi an Process to further optimze the
Hyper paramet ers by optin zing the.marqginal. | ikelihood, 201n_rmonitoring
si tua ioﬁgﬁlwarﬁ?aﬁf‘ff‘gp%gqp Cg"gt el%?f’d)\}vg?ahcg fa?%l?ﬁlad tﬁ)ﬁ Wr%g’ads]uggnngﬁw)?;s(}' as the
sensors can only observe_ a noise corrupted versi O({'I. '{o ﬁlcegtgagnt_ for the
est i mat ed hewudthragdetehs SliperparHaeters va AG A Can PE/EEd Gralich BYPRAHES as
follows WO 2012/036633PCT/ SG2011/000310 26 K(x,x')= ki (x,x")+ k2(x, x")+
cs" 8( x, x Ruf@pnwheatfedin theepiammship afthtbe alisthmast eetwaem sumples riunimgi t9ewhatd | s
t he Kronecker delta

degree samples further from x should influence the covariance. Larger values for w

produce smoother functions, but likely at the expense of short-term detail (and hence

10  model fit). As regular, hourly sampling intervals are expected for the pressure data, the
scale is set to the unit length, i.e. w = 1. The output height h is effectively a scaling

factor on the output of the covariance function, limiting the variance of the covariance

function output; h is typically set to be the standard deviation of the observed data.

15  Values for these Hyperparameters have been determined to perform well based on prior
experimentation with pressure data sets. However, if future experimentation shows poor
results, it is possible to exploit the confidence values generated by the Gaussian Process

to further optimize the Hyperparameters by optimizing the marginal likelihood.

20 In monitoring situations it is not possible to know the ground truth measurements, as the
sensors can only observe a noise corrupted version. To account for the estimated

measurement noise, the covariance function can be extended as follows



JOif i=) 5Li if i=)(10) The anmount of estimated neasurenent noi se becones
anot her Hyperparaneter of the Gaussian Process and is set to 0.2 based on
prior expeoi20eniBadszon. 10As di scussed earlier in this sectrisgnoiigaizao
prediction for Virtual Sensors requires that the candidate virtual sensor
be well matched (correlated) with a real sensor in the network. Figures 7A
and 7B show exanpl es of when sensor data is well matched and poorly natched

respectively. In order toginfhu ' bChixon the correl atj,on
bet ween sensors nust be 2%%?%?e§ﬂ?%dﬁﬁggé§€§fiéé%é %unction. To @apture t he
correlation, a 15 multiplicative termover the sensor identifier 1is
applied to the covariance. This termis defined as the Pearson r
correlation coefficient between the two sensors _under consideration. For
time al ofédeesDn representstthe A IMachBEFBESTEIN HOIS§ aaﬁ@%ﬁt@d%&%@%&?@%es, t he
out put of 20 the covariance function approaches zero, and accordi ngly has

| ess inpact in the regression process. A simlar approach can be taken to
represent the correlation between separate nodes, by weighting the output

of the covariance function by a correl afi e jcoefficient representing the
rel ati onshi p between sensors. Foé,hlghLY correl ated sensors molo

2012/ §36633PCT/ SG2011/ 000310 27 it 7=y (10)

The amount of estimated measurement noise becomes another Hyperparameter of the

Gaussian Process and is set to 0.2 based on prior experimentation.

10  As discussed earlier in this section, data prediction for Virtual Sensors requires that the
candidate virtual sensor be well matched (correlated) with a real sensor in the network.
Figures 7A and 7B show examples of when sensor data is well matched and poorly
matched respectively. In order to influence data prediction, the correlation between
sensors must be captured in the covariance function. To capture the correlation, a

15  multiplicative term over the sensor identifier 1 is applied to the covariance. This term is
defined as the Pearson r correlation coefficient between the two sensors under

consideration.

For time alone as the relationship between inputs and outputs decreases, the output of
20 the covariance function approaches zero, and accordingly has less impact in the
regression process. A similar approach can be taken to represent the correlation between
separate nodes, by weighting the output of the covariance function by a correlation

coefficient representing the relationship between sensors. For highly correlated sensors



(r - 1) the output of the covariance remains relatively unchanged. The
rel ati onshi p between uncorrel ated sensors (r 0) is reduced. During the
cal cul at iwo 20f2/t3ka3covari ance matrices K and nore speci PoeasiGhyi 119310 he
wei ghting the Gaussi an Process gives to uncorrel ated sensors when produci ng
the conditional probability of test vakues 5is reduced accordingly. The
ext ended covari ance functi on K over x and | then becones K([x,1],[x" ,11)=

code(1, 1) ¢kj I ari ance
function % ic)a%’t u? etplfterrpor a'%i)v)d)i spae?rga(‘ﬁs ﬁh%lt%ey ua-%{rag @%lﬂé@{%%%ﬁg@ ssary
capabi | i to su Virtual Se GP dat redj,ction
has a co meﬁfll Frei%‘?ailplsé‘iﬁoﬁ/ (b(Nir@ lsl'ﬁ‘é‘fuglf"% g)%nggR?‘ﬁ lﬁﬁﬁg rF (& hﬁl ng)
data increases in size linearly, the conputation tine will increase by a
power of cowriace ButrgesK ehé mnrﬁtsa@mﬁséhsng? the setghting the,Genersar PcpBovi de
timely input to the on-line hydraulic nodel, care nust be taken to restrict
t he i npulgiviatta uhcorpelaed densafdreladn prtoiducingnhmtcatdiitmnat probsbilihof st valessat i ve
schenes for GPR have been shown to be efficient, the Virtual Sensors

approgch j& flih&s1 RKBoddaNi Ng the relationship bet ween sensors over a short
period of tinme, and then continuing to use this learned data to inform

future predictions. WD 2012/036633PCT/ SG2011/ 000310 28 However, it is
conputationally infeasible to use all previ ously gathered data to train

agai nst. _To addre s this, vvn n n s applied, considering a
sl'i di ng \E-{%‘?CFBWDSF %F{Tgﬁbﬁcon%%e first week is treated

as training data, and t he second |s used to learn the current (i.e. nost
recent) trends of data. Arelated problemis 5 using training data that is

not evenly spaced (in ternms of sanp I|n i nt erval) and that may even have
gaps on the ordeK(pf,/]deVED &k, Jggﬂbf'){kt(D,Xd)a'y/sz(«\,IXr))'d'l@‘l,,é(xchke t he acclthcy of
predictions will be inpaired due to |l ack of data. To resolve this, any

m ssing values in the training set are replaced by the output of t he
prediction for that point in tinme. This ensures a full training set is

retai ned A5, Wells R GURSAAEHiohE ABtire thhpoPal 38k & pel tRAnges, providing
the necessary capability to support a Virtual Sensor.
15
Using GPR for data prediction has a computational complexity O(N3). Therefore, as the
input (training) data increases in size linearly, the computation time will incfease by a
power of three. Because the Virtual Sensors system is intended to provide timely input
to the on-line hydraulic model, care must be taken to restrict the input data to provide

20  realistic computation times.

Whilst iterative schemes for GPR have been shown to be efficient, the Virtual Sensors
approach relies on learning the relationship between sensors over a short period of time,
and then continuing to use this learned data to inform future predictions.

25



10data. For validation two test cases are considered: a short-term
controll ed experinent where to validate the GPR s predictions, and a

| ong-t er MiyO0I2AL24636633 Vi r t ual Sensors experi ment perfor med P6¥SG28I15008%@KSs,
conplete with cross-validation. 15 Two hourly averaged pressure data traces
were taken fromtwo sensors (herein reBerred to as A and B) permanently
depl oyed 600 neters apart on the sane 800mm pi pe nain. The data traces are

shown i ngfy - : ¥ SQr idd ' iRosen
For o e e e bl B R 2 600)

and 20 secondl y. becausge.the data.show a_signi.fi.cant.upward..ghange . in trend
Lowar d ¢ RGBT TBRIHE BidavORRPL Phghe it Fplieds Sihsideig = WA E AV be

predi cted purely using the tine history of the data, an,d.thgs i ndj cates the
per f or maRédWBrweeks of Frob atae TRt (St NeekapRreaied b A dttandid B¢ ¢ hat
is fundanental to the Virtual Sensors approach. 29 In the test, Sensor A
was cor r staindds wsddito deams thre @yrreah(.e hwspresdite trends ofadataalAoretptediproblem is
observations. After seven days (168 data points), the data streamfrom
sensos Audilg tferny data that d/hdt@Evehle spfRdi(th efmedbCianipligig iseBial)iang tHdb thagat a
points. Figure 8B shows 5 the predicted points overlaid on the observed

fghgvg fjr %leteﬂ ihg{/%{g‘éf)sngn fROBM T SEAALhofksStoORSE! ML thidRh&, Sd EAMMRSof

ear that the GPR takes into account the referencé data

stream fro 'Stg#]néo\%i&%ghi%l\%%ir%a AR %j é@f( Softd%tat. ?% sl gust ! ngnigsrsi}?gngnﬁyéesgi)nt Pgr

data set P’ 1’6 \ e nod error BSErved mihu

all prediction points, ipcluding those fore sensor A s data stream was
renoved. thEamRRg sq%weggicgfgggﬁggowa?P%ﬁ W?fgcmg’?é@}té’ﬁ?t\ﬁéémﬁ: g%f PSI,
and the maxi mumerror 0.33 PSI. This prediction accuracy is adequate for

i nput t o enbres a-fhil traiming) edti ip getained el welll asccossidenng e mpstamrotdslesaaser
uncertainty in pressure data inputs of around 1.5 PSI. These results
val i dat e dabe GPR as a suitable prediction technique for the Virtual Sensors
15approach, as well the choice of covariance function terns. In order to
val i date the conplete Virtual Sensors approach over a longer tine period, a

For validation two test cases are considered: a short-term, controlled experiment where
to validate the GPR’s predictions, and a long-term, in-situ Virtual Sensors experiment
performed over six weeks, complete with cross-{/alidation.
15
Two hourly averaged pressure data traces were taken from two sensors (herein referred
to as A and B) permanently deployed 600 meters apart on the same 800mm pipe main.
The data traces are shown in Figure 8 A. These particular sensors and time period were
chosen for two reasons: firstly, the sensor data are very well-matched (r = 0.999) and
20 secondly because the data show a significant upward change in trend toward the end of
the trace. This trend is not something that could be predicted purely using the time
history of the data, and thus indicates the performance of the correlation term in the

GPR’s covariance function that is fundamental to the Virtual Sensors approach.



cross-validation experinent was perforned. A nobile sensor node was
tenporarily deployed to gather pressure data. This data was averaged hourly
and obserwedoixmsbsswel | 20 correl ated both visually andpstaGzetijooaidy wth
an existing real sensor (r = 0.999). The two data streans, averaged hourly
are shown in Figure 7A. A Virtual Senger was added to the systemfor this
site, providing predictions based on the historical data and the data being
gathered by the correl ated sensor node. WD 2012/ 036633PCT/ S&011/000310 30
Fi gure 9A shows an overview of the GPR s predictions of the Virtual

Sensor's _data trgace using the. training data and the data frgmth

wel |t Chat Fapesehaores eestabRethanns o el e AeeisRof rul fhenis
Virtual Sensor's training data are shown in solid lines, and the GPR
predi ct i ehsereationshafier seven dexsKER] fata@omthe thendatp sireqa fFPm SepioBdd GtaSon
after 5 the training data stopped is a side effect of the correl ation
covar i aneemberdnieeingl thag;PRnal pradicy thasmsaifiiog to8elatd psintsp Fexiire 8 Bdshdatsa
point. This effect is not as pronounced when the data streans are al nost

exactby thepeaidid phtits vl ah fie obbtvedisa phene seitng Hom widn @RsarARd in
the controlled experinent. 10 Figure 9B shows the observed and predicted

pressure og?egge% '&?t%es?re a9 r{e)rﬁgvéa': §\§/sé¥1%51‘ dak ed A 1ads idiea pRt ween

the predic ata and the observe ues was 0.756 PSI, with a maxi mum
error of 1.394 PSI. These values. are still within the acceptabl e.bgundaries
of ' measurERETES GRESPEAR AT aTIoOnBd by tehadat 14 e riaef FER R Y Shove
that the predicted data are very well matched with the observed pressure
15dat a afdetysehFigne Shod@visithemedsl @rpr (phservegl-maings gsfipagted) foynll prediction
2012/ 036633PCT/ SG2011/ 000310 31 C ai s
points, including those before sensor A’s data stream was removed. The Root Mean
10  Squared Error of the predictions was 0.074 PSI, and the maximum error 0.33 PSI. This

prediction accuracy is adequate for input to the on-line modeling of hydraulic state,

which can tolerate uncertainty in pressure data inputs of around +1.5 PSL

These results validate the GPR as a suitable prediction technique for the Virtual Sensors

15  approach, as well the choice of covariance function terms.

In order to validate the complete Virtual Sensors approach over a longer time period, a
cross-validation experiment was performed. A mobile sensor node was temporarily
deployed to gather pressure data. This data was averaged hourly and observed to be well
20  correlated both visually and statistically with an existing real sensor (r = 0.999). The
two data streams, averaged hourly are shown in Figure 7A. A Virtual Sensor was added
to the system for this site, providing predictions based on the historical data and the data

being gathered by the correlated sensor node.



1. A nethod of nodelling a water distribution system the nethod conprising
steps of: 5identifying a plurality of demand zones within said water

di st ri butwororatzeessk; estinmating water consunption dat aprterscasilgoesesand
zones; simulating the hydraulic characteristics of the water distribution
system using said estimated water conggnption data and so; 10provi di ng
sinmul ated pressure and flow rates within said demand zones; receiving

out put T AR B NS QS Wah BBty e ¥ RIPRI ShEdiBiics Ot MEIIRLK Sdhsbie dopr M of

pressure and flow ra correcting e sinulated pressure and flow

rate data within said. demgnd zones based ypon the sensor, outpu ng so;
15cal i bréﬁcﬁg‘S‘é‘ngEEIérla%‘Fg M awigléf’r d%‘?‘s‘fe‘mlgﬁff g "Bi’}?ﬁ cal,sen etBr?@E d
according to claim1, further including the step of predicting _ water
consunpt itedl sgmsox sulgtanggreameandthe Niriuad Seopsaresy traipigg datsare showi HesoliddyesThe

met hod according to claim2, further including the steps of sinulating the
hydr aul i candhke GPRepricdictions @f shéwven wat elasitidsline. Bbt imtaldgat anpredictign séied

predi cted water consunption data and so providing predicted pressure and

flow sat endahig &dth BoppédisdeHBNE @R 0EShe cOMRIADh2VOMT NGH S¥ERRAE14RD0310

only lasts for the first predicted data point. This effect is not as pronounced when the
data streams are almost exactly the same, which explains why this phenomenon was not

observed in the controlled experiment.

10  Figure 9B shows the observed and predicted pressure data traces during the cross-
validation period. The RMSE between the predicted data and the observed values was
0.756 PSI, with a maximum error of 1.394 PSIL. These values are still within the
acceptable boundaries of measurement uncertainty allowed by the on-line model. This
result shows that the predicted data are very Well matched with the observed pressure

15  data after an extended time period (thirty-six days).



32 4. The nethod according to claim3, further including the steps of
subsequently neasuring pressure and flow rate data fromsaid sensors for a
ti me periwd emmespondi ng to said predicted pressure anecfisoeonabeidat a,
and conparing with predicted pressure and flow rate data. 5 5. The net hod
according to claim4, further including the step of re-calibrating the

wat er distribution nodel based on the conparison of sensor output and
predi cted,data. 106. The nmethod according to any one of the preceding

cl ai s, EF8in the step of receiving output fromsensors is a continual
process having a tinme step between each receiving step, with the correcting
and calibrating steps repeated fromeach tinme step. 157. The net hod
according to any one of the preceding clainms, wherein the_sensor output

i ncl udes dat.a fra&msthed ghmodehingraswatsn distrébartian fsygams thedmethpd ¢amPEERgor
determ ned by a nmethod conprising steps of: providing historical output
froma tenporar ystg@nsor ; conparing historical output wth output
fromat | east one pernmanent sensor; 20determining a correlation between

sai d genporary SgRSOkiRNd pﬁmﬁ?e@ﬁ de@ABAOzoAkS Ridthih held waeedistrigition
subsequent output fromsaid at 1east one permanent sensor and; determ ning

data fromsaid Vi&%-ﬁl sensor corresponding to the tenporary sensor using
subsequent outpu? and’correl ation.

estimating water consumption data for said demand zones;
simulating the hydraulic characteristics of the water distribution system
using said estimated water consumption data and so;

10 providing simulated pressure and flow rates within said demand zones;
receiving output from sensors within said water distribution network in the
form of pressure and flow rate data;
correcting the simulated pressure and flow rate data within said demand
zones based upon the sensor output énd s0;

15 calibrating a model of the water distribution system.

2. The method according to claim 1, further including the step of predicting

water consumption data using the calibrated water distribution model.

20 3. The method according to claim 2, further including the steps of simulating
the hydraulic characteristics of the water distribution system using said
predicted water consumption data and so providing predicted pressure and

flow rate data within said demand zones.



WD 2012/ 036633PCT/ SG2011/ 000310 33 8. The nethod according to any one of
the preceding clains, further including receiving transm ssion data

i ncl udi ngwoeser0seé3s el evati ons and punp flow, said tranggrsszen/odaie used
with said sensor output for correcting the simulation pressure and fl ow
rate data within said demand zones. 539. The nmethod according to any one of
clains 2 to 8, using the corrected sinmul ation data for a cycle

correspondi a ti eri espo .1 1010. A
met hod of d£t er (r#lheirﬂ ﬁ?ﬂp ‘gl m§ gab%%a@@{t mc{ﬂ] g‘(%%{e%g ﬁggl’?rogf %ﬁy
conprising steps of: provi d| ng ouéput fr f| rsé enso a first, node;
conparing the ouﬁ“ﬁ%ﬂ-‘nﬂg(ﬁ’ﬁ?sﬁ‘lﬁr@ 3y ?Wsré"r‘?s FhS?B tsﬁ?ﬁor%‘ rﬁa"tnell?%@fi one
per manent sensor; l15determ ning a correlation between output of the first
sensor and the atortespandingto sead preveied prasswe and flow: ratedathyandgconmssiaguent
output fromsaid at | east one permanent sensor and consequently;

determ ning the withptaicteepesduronidlowattetdar. fi rst node corresponding to

t he 20subsequent output and the correl ation.
5
5. The method according to claim 4, further including the step of re-calibrating

the water distribution model based on the comparison of sensor output and

predicted data.

10 6. The method according to any one of the preceding claims, wherein the step
of receiving output from sensors is a continual process having a time step
between each receiving step, with the correcting and calibrating steps

repeated from each time step.

15 7. The method according to any one of the preceding claims, wherein the
sénsor output includes data from virtual sensors, said data from said virtual
sensor determined by a method comprising steps of:
providing historical output from a temporary sensor;
comparing historical output with output from at least one permanent sensor;

20 determining a correlation between said temporary sensor and permanent
sensor output then;
receiving subsequent output from said at least one permanent sensor and,;
determining data from said virtual sensor corresponding to the temporary

sensor using subsequent output and correlation.



11. The nethod according to claim 10, wherein the step of determ ning said
virtual sensor output at the first node uses a data inputation technique to
conbi ne twe 20mvo3edzat i on and t he subsequent output. 34 p2T1/Eceomebiésad

according to claim11l, wherein the data inputation technique is Gaussi an
Process Regression. 33

8. The method according to any one of the preceding claims, further including
receiving transmission data including reservoir elevations and pump flow,
said transmission data used with said sensor output for correcting the

simulation pressure and flow rate data within said demand zones.

5
9. The method according to any one of claims 2 to 8, using the corrected

simulation data for a cycle corresponding to a time period corresponding to
said predicted data.

10 10. A method of determining the output from a virtual sensor, the method
comprising steps of:
providing output from a first sensor at a first node;
comparing the output from the first sensor with output from at least one
permanent sensor; |

15 determining a correlation between output of the first sensor and the at least
one permanent sensor, then;
receiving subsequent output from said at least one permanent sensor and
consequently;
determining the virtual sensor output at the first node corresponding to the

20 subsequent output and the correlation.

11. The method according to claim 10, wherein the step of determining said
virtual sensor output at the first node uses a data imputation technique to

combine the correlation and the subsequent output.
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12. The method according to claim 11, wherein the data imputation technique is

Gaussian Process Regression.



