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G “A framework to improve the outcomes of water related emergencies™

Key Resilience Issue — Pipe Leaks

*Pipe break/leak is one of the most frequent types of failures in water
networks worldwide.
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Prototype Implementation

Integration of Multiple Resources

*Leverages dynamic data from multiple information sources including loT

Goals and Overview

Water is a precious resource and lifeline *Prevent water service failures by ldentlfylng
service to community worldwide. *Develop methodologies to understand operational degradation in aging

operational performance and resilience infrastructures.

*Recent reports from agencies (Los Angeles Dept. of Water/Power, o
*The critical infrastructures have been

Washington Suburban) indicate that communities are experiencing an issues for real-world communitv water _ _ _ . _ _
unusualgincrease in pi|)3e breaks and leaks. P ° developed over decades (centuries infrastructures y *Improve speed and accuracy of damage sensing data, geophysical data, human inputs, and simulation engines.
sometimes) and become complex and ' estimation in natural disasters and human- .Creat imulation-data int ti latf
- Extreme weather and heavy rainfall (e.g. Hurricane Sandy, El Nino 2016) vulnerable to failures. -Explore solutions to problems in made hazards. reateé a sensor-simulation-data integration platiorm.

can stress already weakened pipes to the point of causing major breaks.

{ ‘ ‘ ‘ «Compared with the single
1 | leak detection, multiple
--scenaric1  PIPe€ failures is much

more complex to locate.

cyberspace before instantiating them into
a physical infrastructure.

-Reduce service restoration time in the event *Pipe failures often lead to changes in pressure heads and flow rates.

of large hazards.

*Pipe breakage is one of the most frequent
types of failures that often causes
community disruptions.
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*The chance of water main breaks rises significantly in the event of
extremely cold weather.
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Human reports on leak events can identify the potential damaged region.
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* A large-scale pipeline failures or a pipe burst may cause severe flooding.
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in a set of highly

> | correlated observations. i R
. | | | -e-scenario3] * Difficult to follow a

Cascading Events —
Incorporate flood modeling
and prediction to capture the

- Damage Detection . e
- Select Data Sources - Fault Estimation - Community Notification
. —> .. i ) —| - What-if Analysis

- Data Collection - Simulation Engines

- Machine Learning
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(299 nodes and 316 pipes) \\ commercial grade hydraulic
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with the support for loT
sensors and failure modeling.

Geophysical Data — Integrate
NOAA to supply information
pertaining to the state of the

A Composite Leak Identification Algorithm

Experlmental Study

. - i . ' . : : 1 - —orvations atmosphere including weather

A two p_hase_a}ppr_oach enables an accurate and timely leak Prop_osed a hybrid sppr_oach .Comparison of multiple Machine Learning (ML) “E10% loT Observatio sp g

events identification. HybridRSL, a combination of RF and : : : cer oy 008/ 1 08 warning and forecasts.

SVM via LR techniques for single leak event identifications 3 5

*Phase | - the profile model is generated offline. Phase Il - ' using full and 10% loT observations on EPA-NET %™ 2" - .

additional observations are integrated with the predicted *Remain robust with decreasing water network. £ o £ O Lea ks Ident|f|cat|on Workﬂow

results from the profile model when the live data coming in. number of loT devices . . Toz2) T 0.2

13(\)/‘3" Ia|_1rd zF can I_(eep a better performance with o & _ ol 1 - The initial implementation of AquaSCALE is designed as a workflow based

Algorithm 1 Training Profile Models o lol observations. e AL Based Techniques S L Based Techniques system comprised of multiple components.

 In Phase |, the objective is to train a set of

1: Input water network topology 7°, IoT measurements X, Single Leak Detection

Multiple Leaks Detection

i t(l;uet 1eik£ventsﬁ}/,,, an(cll cila}ssiﬁ?; fo fgrl;;}e 1% classifiers to generate a robust profile 1 ! - WSSC-SUBNET is used in following results. *Scenario Generation Module enables providing meaningful and diverse
: Output the profile model f = {f, v 008" 008" . | ] ] : : : .
3. Objective update f, to best fit training samples model. A - : 30 o— 5 +With a lower percentage of loT observations, RF water contexts to the framework by generating a range of situations
4 for v in U do « Use an extensive amount of measurements ‘é’,“ ‘§,°'6 ' yields a higher score compared with SVM. -Sensor Data Acquisition Module enables gathering of real-time field
fo fit(T, X, Y,) collected in water infrastructures g 0.4 N E 0 T T " «With more loT data available, SVM improves the information and projecting the effects on the simulation outcomes.
5: end for : § | - RF § ¢~ _ . - RF ’ i . ces . .
IO.ZT ““““ ‘ som IO.ZT “““ ol ssm . score more quickly. - Analytics Module is used to plug and unplug specific information at will
f—nybon m—y I'I . .gpn . .
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1-g(;::)ut wa;rer;l:ti/ork to;:::;y o — In Phase |l, multiple data sources are 01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07 s 0s 1 <HybridRSL has the best performance. depending on the specific context of applications
x, profile model /. leak Rrobal;igty aue to frozen  Sequentially aggregated to infer leak rrecentage tlel Ohservaions () e ot The efficacy of -Decision Support Module enables users/operators/analysts to interact.
Pov eak|freeze) and human inputs - - - . . mk - | | | |
2 851;)11:. an updated s%t[o]f lak lncations 5 locations from combinations of information. loT Data|| | Plotted suface shows how ¢  incorporating with Analysis Tools
3: Objective minimize E[y] in I - 1 * - |
- loT measurements and ambient : : ° - | human inputs decrease -
4: /+ Pipeline—level Identification =x/ . %o-s | the hammlng score varies 8 ..... 'th th T tt - - - - .
5. P fpredict proba(T,x): S — f predict(T, x) temperatures are relatively stable data . with the percentage of [oT G 07 —"rg— — & — —s— — = — - ‘é‘"t e coarser Twitter Flood Prediction
6: for v in V do T ’ - - £ 04 ) < T, A...... ata.
vn sources compared with human inputs. : observations and the E 0.65 = Anal
A e oy b Srifhey oo ' ’ e elapsed time slots 5 0 --loT Only T * Adding temperature e -
" pg(l)g = Ilm_n{l,(%,(l) + Py (leak|freeze) } - Use loT and temperature streams for y P - £ *° - loT + Tomperature / g temp — Phase I: Profile Generation TS
;S =8U v} i pu(1) > pu(0) pipeline-level predictions. " .l -With time elapsing, more  ** mior. Human + Temperature information can keep Acquisition i
t1: end if - U dditi I h . ts f T op et human reports may be "0 30 60 9 120 150 the score higher and sater
12: end for Se additional numan Inputs 1or %,«,%(o/: 0 o0 received + (meter) relatively stable Human Inputs Agency
13: /* Incorporate Subzone-—-level Information =/ Incorporatlng Sszone-IeveI |nf0rmat|0n. . GScenariO Ph II: Leak Detecti
R . . _ o . 0.9 ‘ ‘ ‘ ‘ ‘ ‘ i i eneration loT ase lI: Leak Detection .
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16: if 3v € S for Vv € ¢ then ﬁ} los mtgg;atmn C.)f temp_eratléres 0.8 . ' 1oT data is sensitive to | C|I=ipef|_eaks
: d,. =0, Loe L . entification Wat
i';: nd 16 0, break = fan ; uma.n Inlpu:(S IS robust (,8,07Q }~ .. the maximum number Net:we):’k
19: if @, # 0 then W o TOF ete_tcr::lngl eak events 2 N Acreebernn.g _:_- : 'I of leak events. Topology Database
20: v* = argmax,c. H(yy) . even witn a lower Eos N0 e .
- it Hiy,.)>T then . AL percentage of loT §  [=ioTony * The aggregation of L -
o Por(1) =1, po-(0) =0, § =S U} : |=® loT + Temperature additional information nformation
2. end if P~ observations or less human %5 .17 Tempe e
24: end if >\ o4 inputs mm [0T + Human + Temperature T can OUtPUt a better
. end for . “ 2 3 4 5 & 7 8 result.
Maximum Number of Leak Events
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