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Data Science on Water Data



Analysis of water quality problems - a challenge

e Water Quality sensors,
Flow sensors

e Sensors of different types O e G e o
on different pipes. 4 R et ey :

e Unlabeled data.
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Tools

Python - Pandas, scikit-learn, jupyter notebook

Python - OSISOFT Pl Web API library (written by Marcos Loeff)

Elasticsearch + Kibana. Python code written to Export Pl to Elasticsearch



Correlate the Flow Rate & Temperature vs Dist (km)
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Correlate the Water Quality (Optical Refraction)

Distance - km /\/k

pearsonr = 0.0018; p = 0.93

correlation
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Site Name

Location FR-RLWG1
Location FR-RFMK1
Location FR-PNB_2
Location FR-PNB_T

Location FR-OWIR1

Site Name

Location FR-MOZSI

Location FR-MOZSI
Location FR-MOZSI
Location FR-MOZBG
Location FR-MOZBG
Location FR-MOZBG
Location FR-MOZBE2

Location FR-MOZB2

Units
milliv
milliv
milliv
milliv

milliv

Units
rad/s
radis
radis
rad/s
rad/s
radis
radis

radis

Min Value
153

227

name
MOR3
MNOR2
MNOR1
NOR3
NOR2
MNOR1
MNOR3

NOR2

Max Value

Max Value
0.023

0.013

Average Value

Average Value
0.005

0.003

0.01

0.002

0.002

0.001

0.014

0.006

mestamp per 12 hours

Timestamp per 12 hawrs

&
o

Site Mame

Location FR-F

Location

Location

Location

Location

Units
us/iermn
uSJerm
uSJem
uS/erm

usfemn

Min Value

Max Value

Average Value




Thanks!






Background

“Data Science”
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( Powered by the Pl System

Water Environment - Smart Technology



Our Inspiration - Existing “Real-Time” Map

://swdeu.com/vitens real time map production/




Our Inspiration — Amazon “Dash” (Dash Replenishment Service)

“Never forget an item again”



Our Inspiration — Amazon “Dash” (Dash Replenishment Service)

“Never forget a consumer’s telemetry again”



OSlsoft Edge Historian

Open Edge Module Beta Program

Open Edge ﬂ Open Source
gl Built on Linux

= n Micro Services

Come talk to us in the Networking Lounge!
2"4 Floor Mezzanine Foyer; Day 1 - 3

@osmm. EMEA USERS CONFERENCE 2017 - London © Copyright 2017 OStsof, LLC 54



W@ Conceptual Overview

‘Dash’ Button

Raspberry PI @ —

Non-invasive Sensor
(Smart Meter?)



Conceptual Overview
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Conceptual Overview - Expanded
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a4 &8 b

J. ﬁ




W@ AF Analyses — Calculation output determines when to collect

General Child Elements Attributes Ports Analyses Notification Rules Version

o o Name: DashMoniitor
e B @ Name Backfilling - Description:
@ f&®  DashMonitor Categories:
' Analysis Type: (@) Expression () Rollug
|  Evaluate |
Name Expression Value at Ev Value atl Output Attribute

MinutesAfterD| Int('*' - PrevEvent('Dash’,'*')) > 180 False False |Map &

CollectData |if NOT MinutesAfterDashOkay then true else EventCount('Dash’,'*- True True | Collect DatalOutput (%)
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W@ Acute vs Chronic Dashes
©
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W@ Overlay of “Dashes” on Water Network
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W@ Overlay of “Dashes” on Water Network




W@ Overlay of “Dashes” on Water Network
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Technology Stack

Hardware Data Historian Data Access Technology
Raspberry PI OSlsoft Edge Pl Web API

-
Windovil-oTCore ( OSlsoft Edge {} b *waEB-I (‘ Pl System

Connector Pl AF
Nneratine Svectem = : ~7 o :
Operating System Pl Web API Client AE Analyses
Win10 loT Core LY

M r

(.NET Core) Pl Vision

Edge 4 Cloud
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Live Demonstration
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Near Real-Time feedback for

customer as a “reward”. \

QG

Water Network Status

Your Street

Your City

Your Provence

Behaviour based messaging.

Your neighbours are
better than you.



AV

Water Network Status
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Enrich existing data with a new source of consumer feedback and
telemetry data.

Low cost and higher benefit to Vitens
- More rapid

- More consistent

- Less variable dataset

Modular and configurable based on where deployed in the water
network.

Mobile solution — can be deployed multiple times, moved around the
water network.



W@ Why Vitens should do this!

Customer Not easy. More attractive, easier than Simple, quick, easy.
3 JI T Time Consuming. phone call.
Reluctance/inconvenient. Convenient.
Some generations may
struggle with this approach. Feels more connected.
Physical presence.
Staff for call centre. Potential negative impact on  Instant feedback.
Flood or drought — in terms of calls. Vitens — social trending of
Variable/inconsistent feedback on issue. bad issues. Automated processing.
Semi-automated feedback Consistent telemetry data.
processing.

Variable/inconsistent
feedback on issue.




Why Vitens should do this!

“You are currently in a queue, please hold...
You are currently in a queue, please hold...
You are currently in a queue, please hold...
You are currently in a queue, please hold...”

Donald J. Trump W Follow

@realDonaldTrump

| This water tastes like & #vitens

11:50 AM - 22 Dec 2016

« 135244 W 15542



Why Vitens should do this!




PyVision

Advanced Anomaly Detection for Water Quality Monitoring



What

eReplace the monitor lizard

e Advanced Anomaly Detection at all
locations

e Automatically create alarms &
notifications

Searchlib$)d o083
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Why

eEnsuring reliable service

eEnabling faster
maintenance response

eReduce likelihood of false
alarms by combining
multiple sensors
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How

eHDBSCAN (hierarchical
density-based spatial oo [t ' .
clustering w/ noise) & el . ;/’
el ooking for spatial ﬁ :'. -
density-adaptive outliers in | 4“"“"’ i,
multiple dimensions - R



Production Site Noordbergum - conductivity
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2015-01-02 00:00 2015-07-21 00:00 2016-02-06 00:00 2016-08-24 00:00 2017-03-12 00:00 2017-09-28 00:00



Production Site Noordbergum — pH & turbidity

2015-07-21 00:00 2016-02-06 00:00 2016-08-24 00:00 2017-03-12 00:00 2017-09-28 00:00



Pl AF

File View Tools Help

a Database [ Query Date - ﬁ ‘o Back O |E./ Check In %) « @ Refresh ‘Ij New Element - =1 New Attribute

Elements

(¥ Configuration
(9 Vitens
=+ (3 Friesland province
(=} (3 01 Production sites

=~ (3 Production Site Noordbergum

(= (5 Distribution
H-- () Pipes
3 Pumps

9 Quality

9 Valves

(3 Production Site Oldeholtpade

Quality

General Child Elements Aftributes Ports  Analyses Notification Rules Version

Servers

 Search o
Collective: JUPITERDD1

[J JUPITERDOT  Primary

[ JUPITERD02  Secondary
Servers

] SATURND23

Tools

{
> o

03 Penpheral measurements Intelitect Intelisonde. Location FR-OWIR1.Qual_anomaly_trg <>

Retrieved: 40743

Row: Use client timezone

oo <]
[ Jef=]
Insde v]

Value

Event Time

» I o0 102604 n

1

7/10/2017 10:28:04 AM

1

7/10/2017 10:31:43 AM

[ 71072017 10:3227 AM

7/10/2017 10:33:18 AM

| 71072017 10:41.04 AM

7/10/2017 10:43:04 AM

=== =]a=]

7/10/2017 10:46:43 AM

.7110.'20]710:47:27AM

7/10/2017 10:48:18 AM

]DDDDDDGDDDE

]DDDDDDDDDDE
]DDDDDDDDDDEE

Filter Pl |
4 "|a Name Value Time Stamp @
B ] & Conductivity 501 pS/cm | 10/18/2017 10:45:09 AM
-] =1 Location Noordbe... 1/1/1970 12:00:00 AM
23] L] ¢ pH 7.75 10/18/2017 6:42:09 AM
. ] 4 Qual_anemaly_trg 0
B E] & Turbidity 0.18099... 10/18/2017 9:15:09 AM

Session Record

ANATANT A.INED A NCIDDAEUAC M ank a7 Dl Al Femotics mobuivim. £\ Desnrmon. Dlaat Dt aembninmcds M1 e maene ©ATH DAY 171 /014 12.00



Pl Vision Dashboard

- o X
® P Vision - quality_overy
€ 3 C | A Notsecure | ketps:/localhost/PIVision y_overview w o
O Pl Vision © New Display m ‘ OSIPROGHACK hacker23 ‘ @
@  qualiy overview Asset | Quaity+ ¥ + AdHocDisplay  [3f] v|
o} . . e - o X
Quality Anomalies @ P Vison - ntelisonde X
i s:can nano:station intellitect intellisonde  production sites < C' | A& Notsecure | hitps//localhost/PIVisio splays/3/inte le?starttime=-744h&endtime="&asset=%5C%5CSATURNOZ3%SCVitens... ¥ |

FR-MDKM NOORDBERGUM
FR-MFRI OLDEHOLTPADE
FR-MLAB SPANNENBURG

O PI Vision @ NewDisplay | [1] | osprocuacknacezs | @

@ intelisonde  Asset: | Location FR-OWIR1+ ¥ + Ad Hoc Display ED M | v
®  FR-OWIR

ﬂﬂ‘\ Name Value Units Trend

Locson FROWRICuaromatr g | o] B __|

Location FR-OWIR1|pH 7.66

pH
el

Location FR-OWIR1|Temperature 1280  °C

FR-MRSH

| 9/16/2017 5:32:40 AM | 10/17/2017 5:32:40 AM

/1612017 5:34:12 AM [ 10172017 5:34:12 M |
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OSlsoft EMEA 2017 Hackathon event

+  Vitens
9 1497.69 +512
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W point

Voice Simulator

or SSML. Learn more about supported SS|

SML tags

Hear how Alexa will speak a response entered in piain

For example: Here is a word spelled out: <say-

What is the water pressure in Spannenburg Pipe TR21

Service Simulator

nterpret-as="spell-out'=hello=/say-as=

dpoint: | arn:.

Listen ?J

west-1:141709047767:function:hackathonWaterQuality v

Use Service Simulator to test your HTTPS p S
ves, dialog model, customer permissions and customer account linking

pport testing audio player direct

Note: {0} does not currer

Text JSON

Enter Utterance

What is the water pressure in Spannenburg Pipe TR21

Ask OSlsoft UC EMEA Hackathon 2017 Reset

Service Request

s
8

"sessi {
"new": false,
"sessionld": “"Sessionld.3@2ad2@6-f@4a-4d3d-8z
"application": {
"applicationId":
%
"attributes":
"speechOutput”:
19
“user”: {
“userId":

“amznl.ask.skill.5b2ce34-

"The status of the pump at

"amznl.ask.account.AFIWFV2RUWDUFC

Echo Show Render Response (beta)

Service Response

jersion”: "1.0",
"response”: {

"outputSpeech": {

": "<speak> In the area noordbergum

¢ "SsmML"

"speechletResponse”: {
peech”: {
"<speak> In the area noordberg

"shouldEndSession”: true
»

Listen >



OSlsoft EMEA 2017 Hackathon event
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Who are we?

Marek

Jakub
Data Plumber Coder

Alexa

e 3lexa

Przemyslaw
Coder

5
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Gregor
The other

Y @ Connect
L .&“// Point
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Realtime
Detection
(Pi Analytics)

)

3

Machine
Learning /
Predictive
Analytics

(Azure)
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The challenge

ur DA

‘ Private households

Dashboard
Measurement /
Natifications
after review
Vitens

Operator ‘
Analyst ‘

Management ‘
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future

‘ Public
Dashboard
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When the data indicates an
issue that can cause a
problem, it is assigned to
the right work force and

affected parties are notified Int i f d
if required. nterventions are performe

to resolve the issue.

Connected system enabling learning cycles
Analytics in real time identify where gained knowledge can be apply to future
anomalies. Machine learning issue to detect earlier or resolve faster
analytics predicts by correlating
signals and past experience

Solutions are recorded.
Outage and incidents are
prevented and private
households dissatisfaction
Data is acquired and eliminated

transmitted to a central (/—\\ COIII‘IE Ct
location ’é)‘/ POiI‘It

)

o1 g1



= What we did
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Used technologies

Pl AssetFramework Data Analytics

- Tableau Desktop

-Analysis - Microsoft Azure Machine Learning Studio
-EventFrames - osaL

- PIOLEDB
Webtechnologies Extended Userexperience

- Alexa
-P1 Web API

- Alexa Skills Kit
-Realtime data (channels/websockets) - AWS Lambda Function (Node.js)
-Batch queries
/'_\
-EventFrames (fetch and acknowledge) ’Q\‘\/ Connect
5 »;J Point

TN
'&‘Vb}e.js + Vuestic
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Data Analytics (Cloud)

Pl Server
PI1

SOL Server

——————————-
> =)
X
t

Client Machine SQL Server
cL1 sqQL1

-P1 OLEDB Enterprise
-P1 OLEDB Provider

Experiment created on 10/16/2017

g corelationcsy
°

)| Compute Linear Correlation

3

!

\
)
[l ©))

Using data extracts via PI OLEDB. Visualizing the data with
Tableau or experimenting With Microsoft Azure Machine Learning Studio by

apply existing algorithms.

Experiment created on 10/16/2017 » Compute Linear Correlation » Results dataset

rows mr
7 7
- FR-PTW_-TR21FTO1- FR-PTW_-TR21PTO1- R-PTW_-TR22FTO
time
meetwaarde estwaarde neetwaarde
view as
s

0.067152

0.989764 0.11074
0.358 0.706651
0889336 0.108798

Properties  Project

4 Experiment Properties

RT TIME 10/17/2017 12:21:15 AM
10/17/2017 12:21:19 AM
Finished

None

Prior Run

4 Summary

Enter a few sentences describing your experiment (up to 140 characters).

FR-PTW_-TRZ2PTO1-

0989764
011074

0425814

0997557

FR-PTW_-TR23PTO1>
pectwaarde

FR-PTW_-TR23FT01-
meetwaarde

0.997557

0418971

0418971

e

@ Connect
W point



Data Analytics (Cloud-Integration)

MY EXPERIMENTS  SAMPLES

D NAME AUTHOR STATUS LAST EDITED & PROJECT el

ear correlation analysis Ruslan Sementsov Draft 10/18/2017 11:

0 AM

= 24 R
(=] Experiment created on 10/16/20... gregorbiering Firished 10/17/2017 1:21:12 AM Nene W AdminAneatherbipenia: 2
=] Correlation Matrix Yiin Allan Finished 10/17/2017 12:26:10 AM None
o Time Series Forecasting gregor.biering Finshed 10/17/2017 12:18:53 AM Nene B> Ureack Z“"’“‘,”“’““ -
Time Series Forecasting AzureML Team Draft 10/16/2017 6:19:50 PM None —_—
@l“ Apply SQL Transformaticn -
B select Calumns in -
Web service input & i
B Clean Missing Daw -
ﬁ AdminAndOtherExpenzaz=_.
B, Hormalize Data -
= L= L
3yl Compute Linear Carrelation ~ Fy| Compute Linear Carrelation -
R Execute R Script - *—\
l G Execue R Script - = comenacsy
N = Cometmesy
‘Web senvice output Web ez ut

Cuililicuy

Point




Data Analytics (Tableau)

Using data extracts via Pl OLEDB. Visualizing the data with Tableau or
Pl Server experimenting with Microsoft Azure Machine Learning Studio by apply existing
'y algorithms.

it
+++ableau )
+i+ ¢
SQL Server
I - licam -
L3 — '
Client Machine sQL Server = -
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-PI OLEDB Provider AF Server
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Data Analytics (Pl Analytics)

@ Trena - X
Start Time: [*-1w] =| | EndTime: [*+2d o -

® Vitens| Friestand province|02 Distribution sites| Reservoir Heerenveen| Distribution| Pipes| Pipe FR-RHRV-TR11|Flow O Vitens|Friesland province|02 Distribution sites|Reservoir Heerenveen | Distribution |Pipes|Pipe FR-RHRV-TR11|Flow prediction
34.1 138.893

10/19/2017 2:02:47 AM nn8ct
Add Attributes... | | Add PI Points Traces [
-




Consider all kind of data

< NOVEMBER »> , o PN 1497.69 1512
9821 o .
‘ V1,71 0.17

2017-08-18T11:00:00Z  2017-08-18T12:00:00Z  Quality Alarm 2 2017-08-18 12:00:00.000

By categorizing issues / anomalies not just to operative events but public events too (e.g.
football, vacation) is it possible to predict data anomalies by just checking the calendar?



How this will help W

e A connected system provides a better overview and enables a seamless workflow by having
systems integrated

eUsing existing powerfull tools to prevent implementation of things that already exists (e.g.
Cortana Intelligence Gallery)

eEnabling data exploration by using Tableau for vizualisation
elnteraction with the system in new way (Alexa)

eSaving costs predicting events faster and assigning field forces at the right time



Thanks




E.ON Climate & Renewables -
c.P Jal iga Software vendor and System Integrator specialized in
onnectReTrt="

Energy networks

The company is present in Poland and Germany with the team of
experienced professional in IT/OT integration and SW development

ConnectPoint started co-operation with E.ON Climate & Renewables in
2013 and since that time the company conducted above 20 projects in
areas like

50000 paclevar oo 100 ions o * Custom Software development
¢ System Integration in IT/OT area

* Business Intelligence applications development (e.g. OSlsoft PI)

E.ON Climate & Renewables (EC&R), headquarteredin Essen, Germany, is responsible for E ON's industrial-scale renewable energy actiities.

EC&R develops, build:







