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And even bigger complaints and expenditure

Raw Sewage Flooded Their Homes. They Jli Severn Trentin plea as firm attends

. 3,000 reports of sewer flooding or
Fma”y Know Why ' blockages in last fortnight

Fatbergs can cost millions to remove each year.

‘Horrendous’ - Villagers unable to take bath after
sewer floods road
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loT and ever-growing data flow
brings great opportunities for
better management of your
wastewater infrastructure
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So, what if you could continuously foresee critical
situations and make desired outcomes happen?



Make accurate predictions
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Anticipate demand

and changing conditions



Bring together good data & Al to get ahead of events..

..tackle changes before they become problems



Good data & inputs

TIME RANGE ©
HISTORY FUTURE
Start date End date
Good level data can be Level 42020 B wusz00  #
used as inputs to Al
models

= Accurate data
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= Patterns become
evident in the data

Level hourly




What
happened?

Descriptive
Analytics

Why did
it happen?
Diagnostic
Analytics

How can we
make it happen?

Prescriptive
Analytics
What will
happen?

Predictive
Analytics

Difficulty
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Neural networks..

Neural networks are
able to combine the
historical data,
catchment wide data &
rainfall to produce
predictions

= Predictions drive
Insights

predicted
true

e outlier

0.683 Cl
0.954Ci

0997 Ci




b

-

~ Al deployed on good data...
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Anomaly Detection
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— Crest level

Level anomaly

29 Apr 20 30 Apr'20

Date

Level hourly @ Anomaly of level 2.3% - 97.7%

We have developed an
algorithm to state:in real
time if sewer levelis
abnormal. This detects

= Up/downstream
blockages

= Sensor fallure



Anomaly Detection

£
£
=
=
)
-

Level anomaly

Date

Level hourly @ Anomaly of level 2.3% - 97.7%

We have developed an
algorithm to state in real
time if sewer level Is
abnormal./ This detects

= Up/downstream
blockages

= Silt build-up

= Sensor failure



Anomaly Detection

Overflow discharge

Take action before
there is a problem
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— Discharge spill




Spill prediction

A further algorithm is
able to predict the level
In sewers for the next
48 hours.

= Early warning of
pollution events
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Prediction of level 97.5%

Level prediction

12:00 8 May 20 12:00

Date

Prediction of level 2.5% Prediction of level 50%

Level @ Precipitation
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What does this mean for you?

= Better understanding of wastewater network, with
reduced spills / flooding

= Ability to pro-actively warn stakeholders & take
preventative actions

= Catchment wide thinking, planning & actions
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Agquasuite Azure Architecture

FTP Server

Web API

Data Sources

API Services

UnitEvent
APl Management Logging

UnitEvent
Processing Store
-
&

Functions
loT &
i J
AuthN service

Auth? service loT Hub
i J

h - "1

Alarm

-
CosmosDB

&

<o

L*®
&

Store Raw
Y L J

Functions Event Hub

<

Calculations

Functions

<

. )
—»

. )
Tahle Storage

e

Table Storage

Data Factory

Functions

<

¥

ML Training ML Data

Functions

<

A

(mIm
bl _Juil o ]
il |

Container

Blob Storage
Data Lake Gen2

docker '

Functions

»

Functions

<

v
Functions

P - A
Algorithm A

repo

Azure ML
Formalisation

MNormalisation

Transformation

Model
Compute

management

Processing

Functions

Alarm
Store

CosmosDB

&

Predictions

. )
Table Storage




How to contact us

Aquasuite®.

a product of Royal HaskoningDHV

Tom Woolley Christof Lubbers General contact info
Business Development Director Product Manager Wastewater

aquasuite@rhdhv.com
tom.woolley@rhdhv.com Christof.lubbers@rhdhv.com Www.aquasuite.ai



