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Let’s Solve Water

Neural networks:
teaching your
treatment works to
be smarter.



Xylem — A Global Water Technology Company Based in the USA

WE ARE A WATER INDUSTRY LEADER WITH GLOBAL REACH ...

 Leading global water technology provider

» Approximately 16,800 global employees

« Headquarters: Rye Brook, NY; ~350 global locations
» Doing business in 150+ countries on 6 continents

« $5.2 hillion in combined sales in 2018

...UNIQUELY POSITIONED TO HELP OUR PARTNERS
SOLVE THE WORLD'’S WATER CHALLENGES
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Sense Predict Act

* Sensor networks » Digital Twin » Decision algorithms
: & recommendations
« Data management * Al-enabled anomaly detection
. : * Visualization & control
» Structured / Unstructured data » Predictive modeling
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Wastewater Applications
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Objective:

Optimize energy and chemical usage while
Increasing compliance margins.



Efficiency of aeration

Atmosphere
20.753 kg O2

Reactor

Surplus oxygen
172 kg O2

Biodegradation*
6.791 kg O2

*without nitrification



Blue Infrastructure:

ako Control the urban water and wastewater
| system to Improve the environment while
savmg ratepayers money
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(4 Data-Driven Process Optimization

Advanced Sensing Machine Learning Dynamic Control

Digital Twin

Ammornium,
Nitrate, pH, Cond,
D.0., Turbidity,
€OD/TOCDOC/
BOD/SAC

nlet
pH, Cand, Ammonium,
COD/TOC/DOC/BOD/SAC

Real World

xylem
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Act: Optimize

Run 1000s of scenarios
Reduce energy/chemicals
Automatic/guidance mode
Increase compliance margin

Predict: Create Digital Copy

Assimilate last 12-36 months of history
7 Runreal time models
= a Recalibrate model on demand

== Sense: Turn On the Lights ™

=~ — Data Collection
. >/’ Real Time Alerts
& Full SCADA Integration

/!Let's Solve Water




Eisenhuettenstadt_TP_Wasser vom 08.07.2014 18:07:15 (Modell ID: 22-52198301-5383D7DA)
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Influent quantity

(4 Predict: Cognitive Process Modeling

v

Temperature

Loads

v

Total Solids

v

Aeration Intensity

v

v

Recirculation

Dosings

v
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ANN-Model

: Koeln_TP_Wasser_Verbund_P [Verbund_Modell] s

SLB1b6_Zu_PO4_dF_sim
20,75 ~kg/
SLB1b6_Zu_ALS_ratio
m 315.0 -
GKW_Zu_T_av_sim_SLB1bE_Ab
8170 =L
SLB1b6_R_HRAT
m 101.0
ZK7b12_Ab_FM_SMYV_P04_sim_1b8
KBI050  -IkgPDA

SLB7b11_Zu_P04_dF_sim @98 7662 %
Rie1.0 kg @ 0.161247

SLE7b11_Zu RLS_ratio
EBS,D -2
GKW_Zu_T_av_sim_SLB7b11_Ab
m 17.0 =
SLE7b11_R_HRT
315
ZK7612_Ab_FM_SMV_P04_sim_7b1
Rya1 5 ~IkgP04
SLB12b14_Zu P0O4_dF_zim
K410 —kg/
SLB12b14_2u_RLS_ratio
m B85.0 -%
GKW_Zu_T_av_sim_SLB12b14_Ab
17 0 -
SLE12b14_R_HRT ;
530.5 y
ZKTb12_Ab_FM_SMV_PO4_sim_12t84
830 “IkgPO4

EpI8,2786 x
& 31256

@p35,3128 x
& 358225

=101.x]

SLB1b6_R_PD4_qFabb

SLB7b11_R_PO4_gFabb

SLE12b14_R_PO4_oF abb

| {Modell-D: 21-B00S5-55829240

empirical, data driven

Degradation Rates
Effluent Concentrations
Energy Consumption

Efficiency

xylem
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BLU N Predict: Cognitive Process Modeling

Validierung fur Stufe2_ R CSB_gFabb_calc_sim_Stufe2
Eisenhuettenstadt_TP_\Wasser vom 08.07.2014 18:07:15 (Modell 1D: 22-52198301-53B3D7DA)
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BLU N Predict: Cognitive Process Modeling

Digital twin can
provide alerts when:

= Plant has abnormal
operation.

= Sensor has issues.

/xylem
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Input Data:
* Oxygen Demand

* Nitrogen
* Phosphorus

Setpoints:
» Aeration

* Recirculation
* Precipitant

* Flocculant

* Dosages

* a.s.o.

Real Plant

Effluent Data:

* Oxygen Demand
* Nitrogen

* Phosphorus

-

Simulation|(Artificial Neural Network)

Prediction:

* Oxygen Demand
* Nitrogen
* Phosphorus

(4 Optimize Process

xylem
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Eingénge:

o Zulauffracht

e Zulaufmenge
e Temperatur

o | eitfahigkeit
e pH-Wert

o TS-Gehalt

Yerbundmodell

v

StellgréBen:
e Bellfter BP

e Bellfter BA

e Startwert BelUftung Stufe 2

=

-
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Optimierer
N3

ZielgréBen:

)| o NH4-N
o NO3-N

e Denidauer

&
o

\

H
A 4

Ergebnis:
e Einhaltung Grenzwerte (NH4-N, ...)

e Minim. Energieeinsatz (Beltftung, ..

)

(4 Optimize Process

Genetic Algorithm
Runs thousands of scenarios
Selects the ideal control settings

Recommends incremental
changes

xylem
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Load-
Detection

Optimize Process

Load-
strategy

Saving-
strategy

B
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BLU \ Optimize Process
Key Performance Indicator: Specific Energy (kwWh/kg)

Before Optimization
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After Optimization
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" Optismierer GKW Koeln-Stammbeim

Zulauf EPW Schwachlastbelebung

Zulauf SLB

Qe EREEEN vor o (RS
Tre R csoimo R
B 14 [mgi
HeSen] Ngos [mg)

Povee S~ - I

Neuer Vorschiag!

Betriebsmodus

[ Datenerfassungsmodus J

Status

-

SLB1bis6 Beluftung 1sT Vorschiag Manuall

Nges-Fracht 196 [kg/h]

s 8 ) S o WO

Q [Vsec]
HRT 166 [h]
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Nges-Fracht 7b11 [kgh]

10 ler e

Q [Vsec]
HRT 711 0]
Rezi [Isec|

nrssasauate (o) [ S
B oo oo o NI SIS

n

SLB 12 bis 14 Bellftung 1ST Vorachlag
s o) R N N
—— 5 o
w2 e S S [
o S

a pssc] = e - -
HRTIZM (H toseassaute o) Y RS
St o] toes e o (S S DSOS

lerflenionlanier

FM-Dosierung BT Verscnisg Dosieratate
s s ot [N v+« STRESIEIS NONSIRI) 20
oo o SNTADN SISIK [ Zo

Potasbauats (o) TSRS SIOS) SIS

Customized for each plant objectives

Guidance mode / Automatic mode
Periodic learning makes model more accurate
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Which parameter is limiting
the success?

. Oxygen: -> Increase
aeration intensity
Retention time (HRT): ->
Increase aeration volume
Nutrient: -> Start dosing
of methanol (or similar)

. Acidification: -> Increase

retention time in hydrolysis

Possible Optimization Strategies for Wastewater Applications

Which effluent parameter
IS more critical?

. Ammonium: -> Increase

nitrification

Nitrate: -> Reduce
aeration intensity and
increase volume of
denitrification

Which boundary
conditions are in force?

Increased dissolved
phosphorous: -> Watch
02, NO3, PO4 in last
cascade -> inc. aeration

. Anaerobic growth of

sludge: -> Restrict sludge
loading

Which loadings are
expected (BLU-X
collection systems)?

Increase biodegradation
to establish buffers for the
event

Reduce use of resources
under dry weather
conditions

. Active control of collection

system.

xylem
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BLU N Case Study: Cuxhaven WWTP

Problem

Energy
Reduce energy consumption for Reduction of
aeration for 5 parallel biological tanks
while complying with legal effluent 26 3%
concentrations -

from peak
usage

elimination

aquatune Solution

Build models of the carbon-, nitrogen-
and phosphorous-elimination processes
to create optimization strategy.

Calculate the best setpoints for the 330,000€ J

aerators in each zone 186;\Lleld< f\f/t{/mh
; No situations of

reduction broken
compliance

Due to a lack of live sensors, create
“virtual analyzers” using ANN'’s to
calculate estimated incoming carbon,
nitrogen and phosphorous loads

/xylem
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Possible Optimization Strategies for Drinking Water Applications

Find optimum dosings Reduce losses and make Find optimal timing for Reduce water losses by
optimum use of tariffs and EERES leakage detection
of renewable energies

. Hydraulic losses are
proportional to flow
squared

. Activate pumps when
energy is cheap

. Activate pumps when
renewable energy is
available

. Manage levels of
elevated tanks according
to consumption
predictions

" xylem
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. Find the best . Use Neural networksfor
compromise between the fast detection of
productivity and energy unnormal situations (for
costs example leakages)

. Find the best timing for
chemical enhanced
backwashes (CEB)

. Optimize dosing of
coagulants

. Optimize dosing of
coagulation aids
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Intelligent process control by use of artificial neural networks (ANN) and

genetic algorithms during treatment of Danube river water
Rudi Winzenbacher?, Jérg Gebhardt?, Silke Miiller?

1 Zweckverband Landeswasserversorgung 2 aquatune— Dr. gebhardt & Co GmbH

d A
Background Conclusions/ Outlook
* The operation of coagulation-sedimentation plants used for river By use of an intelligent process control based on ANN modelling
water treatment is quite ambitious, particularly with regard to the a situation-specific full-automatic operation mode can be realized.
necessary dosage of coagulant (e g. Fe*)and coagulant aid (CA). Necessary prerequisite is that the modelling system is fitted close
* Typically the dosages are estimated according to the experience enough to real plant characteristics.
of many years and are corrected manually. This results inan Ahigher teatment efficiency is possible (potential savings of
excess consumption of treatment additives (preventive higher approx. 10 %).
dosing, ,human control inertia’) and in stress for the: operation Future works including ANN re-training has to be done to enhance
| CEW | system reliabiltiy for a wider range of operation conditions.
=

Pre-treatment of Danube river water at Langenau Waterworks

Coagulation-sedimentation in a compact flocculation plant

B ® WE
raw water
pavin [ 'ELIES |
Q=350 1150 Fe)

Fy
turkkdity
Raw water quality: =

turbidity = 2 ... 500 FNU
SAC-254=2__.30m"

ltalic » process control parameters

T e

» Treatment of approx.

30 Mio. m¥a
+ 11 control

parameters, e.g.
Bee (5 ... 18 g/m?)

and Bea (0.25 .

0.42 g/m®)
Outlet quality: * Costs of treatment
turbidity < 0.7 FNU additives (2011):
SAC-254 <6 m! 1,044 €t Fe

2 600 €/t CA

~

(4 Case Study: Langenau Waterworks

xylem
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(4 Case Study: Langenau Waterworks
4 ™

The way to an intelligent process control
Conventional control of the coagulation-sedimentation
step (until 2009) ...
e R N T
turbidity
sac-254 — Realization steps:
¥ + Compilation and analysis of process data (2005-2008)
+ Building, training and validation of ANN-models
+ Formulation of the optimization task interms of a
target function and constraints
» Analysis of crucial online parameters
irersc o + Test phase with ANN-re-tfrainings and alterations for
Fodowgn] s S0 improved consideration of model uncertainties
e
o]
... and new control system with ANN and genetic algorithms (since 2011)
onne-
—=_ § g T
turbidity | turbidity
SAC-254 W SAC-254
temp. ’o’ )
flow rate
Resuit:
E o Influent FS 1 = sac2s | :: E
2 ks [ = -y | 3 @
g 1 / L= W 20 g
3 st e ~1 s 10
° Rovmal Yomotooymretrctnanscbmeo. 0
£ * Improved fredbech [ | :"""" y
% 15 | scetrst L MEnBSY (APC). Langenii.. online.opt” (Geedpt)
T ’ 81 points. H
o
- 10 — atium vEo SAC 353 2
£ e | - = vy | 48 2 How it works: - Optimization server pemanently gets online-measured values
§ : seod ,_I"I""‘ e PO T e 1 g - TheANN which has learned plant behaviour from historical data
& 20 L e S 08 simulates the process with varying Fe/CA dosages
i-:\ ' & R A s R O ‘ - The best solution chosen by a genetic optimization algorithm
LA S S A A A A is issued to the supervisory control system

\ y xylem
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BLU N Results: Langenau Waterworks

Problem
Reduced

Determine the optimal of coagulant OpEX
(Fe®*) and coagulant aid (CA).

through
automated
dosing

aguatune Solution control

Create an online optimization system
for drinking water treatment system to
minimize consumption of chemicals and
maximize compliance.

No more
overdosings Significant

causing relief of
excessive operating staff

costs and

problems

28




B LU 'Q Contact Data

Contact:

Ruth Clarke

Ruth.Clarke@xyleminc.com

/xylem
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