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Machine Learning: , How, Where?
What is Machine Learning? ey ket
WEAR THAT MASK?,

» A Data-Driven computational process
to develop patterns and relationships

» A calculation without an equation or
model

» Can provide tremendous and 7S K
instantaneous predictive power .

= @R
« Computational engine behind a Digital ' N\ \Q
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Machine Learning: What, How, Where?

What Machine Learning IS NOT2

1. Something that will take away jobs

2. Software that costs tons of money

3. Ablack box and you have no idea what it's doing

4. So difficult that only a select handful of academics
and technologists can do it

5. Inaccessible to the average water or wastewater
practitioner

6. Neural networks eventually become sentient and
create hostile armies of robots

7. The ML feeds all your confidential data to someone
else’s central Al

Image coutesy of Marvel Studios.

Machine Learning: What, How, Where?
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How Does it Work?

Feed-Forward Neural Network: Discrete
Events, Asset Management
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Install Soil Break Yeal eak Yeal Age of M
Breal
Decade Corrosivity | Days > 90 F [Days < 32 Failure | Pr
9258 Cast Iron 1940s No None 16 24 N/A 110
10603 Cast Iron 1930s Yes High 17 46 82 84
20433 Cast Iron 1970s Yes High 18 20 39 38
52160 PVC 1980s Yes High 9 32 27 31
57359 PvC 1970s No Low 16 24 N/A 70



https://www.accesswater.org/?id=-10100500
https://www.accesswater.org/?id=-10100500

Machine Learning: What, , Where?

How Does it Work?
Long-Short Time Memory: Time Series Forecasting

How many Timesteps ~ g—i
to Look Back at Input
Parameters

Batch Size
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Machine Learning: What, How, ?
Where to Apply Machine Learning?

* “I'd like more certainty in where to dispatch staff in big storms.”
* “l'know there’s a pattern in the data but | can't find it.”

* “l' have data gaps to fill in.”

* “I'need answers but | can't collect data everywhere.”

* "I need answers but a traditional model would take years.”

* “I'need answers in real time.”

+  “Actually, I need answers a few hours ahead of real time.”

+ “Did | say hours? | meant days.”
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Example 1: Citizens

Energy Group




Example #1: Citizens Energy Group Plisz 3
Citizens Energy Consent Decree Projects Micke2 &

(O e

Phase 2

+ Phase 1: Digindy Tunnel
~ 9 Miles, 80 MG

+ Phase 2: Digindy Tunnel
~ 17 Miles, 1770 MG

Phase 2
Can we predict inflow the T
event happens? ﬁlphases

* Machine Learning to predict Inflow
+ Link to 72-hour NOAA forecast
* Present Forecasts in Power Bl . oo

SouryroRr Awr Phase 1
[ suackaventcn p— 250 MGD

300 MGD

Example #1: Citizens Energy Group
ML Tool Development: Dig Indy Tunnel Phase 2

+ 2016 — 2019 Modeled Dataset s o
« Rainfall, Evaporation, Inflow 2 o °
o oo
« Total Volume within 1% g
2 ‘et
Automated Parameter > o
Sensitivity s .t
£ o o
Total Rainfa!l | ] . p8% o
Peak intensity [N B ool
Antecedent Dry Days [l = i’
previous Day Rain [l S
Evaporation | a0 InfoWorks Modeled Inflow Volume (MG)
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Case Study: Citizens Energy Group
L
Architecture: Fully Housed in Citizens’ IT Environment egend

Azure Synapse Notebook
Automated by Pipelines

Actual Rainfall & Meter Data ‘ Master Table

— - Machine
Animation Rainfall Data Learning Model [ Bl Apps
Dashboard

Predicted Rain I

(72 hrs)

Rain and Inflow
All Events

[ eackaveaten sk v on 2025 A1 s Reserved

Predicted
Inflow (72 hrs)

Azure Data Lake Container




Example #1: Citizens Energy Group

Tty 4, It's not your fault
m Forecast Rain (in) Gauged Rain (in) Forecast Inflow (MG) Metered Inflow (MG)
8/9/2022 1.48 1.54 75 95
LIPILES 1.81 1.25 55 56
2/9/2023
3/3/2023 2.92 2.24 120 188
22202 3.04 2.30 57 57
1/28/2024
3/31/2024 - 4.27 3.87 114 117
4/3/2024
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Example #2: Garcitas
Creek
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Example #2: Garcitas Creek
Gage height, ft @

Garcitas Creek near Inez 20,17 - Jul 09,2021 08:00:00 P COT
USGS 08164600 b |

+ Drainage Area: 91.7 Square Miles
* Flood stage:
« Action Stage: 10 feet
+ Minor Flood: 20 feet
+ Major Flood: 24 feet
« Station collects Stage, Flow,
e




Example #2: Garcitas Creek

USGS 8164600 Gardtas Creck: Measured Stage and LSTM Predicion

LSTM Neural Network
* Flood Events Predicted

« Action Events
Predicted

« No False Positives
* No False Negatives

+ Several Near-false
Positives

+ Predicts ~ 16 hours
into the future

Stage (1)
fall (i)

Example #2: Garcitas Creek

USGS 8164600 Garcitas Creek: Measured Stage and LSTM Prediction

How does 2022- B
2025 Look?

Measured stage

For more information: — s stage

P

Stage (1t)

[ suackavearon
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Example #3: Indian

Creek, Kansas



https://www.linkedin.com/posts/christopher-ranck-p-e-bcee-d-wre-env-sp-5b6b7a13_machinelearning-lstm-neuralnetwork-activity-6912031440578732032-8LH1/?utm_source=linkedin_share&utm_medium=member_desktop_web
https://www.linkedin.com/posts/christopher-ranck-p-e-bcee-d-wre-env-sp-5b6b7a13_machinelearning-lstm-neuralnetwork-activity-6912031440578732032-8LH1/?utm_source=linkedin_share&utm_medium=member_desktop_web
https://www.linkedin.com/posts/christopher-ranck-p-e-bcee-d-wre-env-sp-5b6b7a13_machinelearning-lstm-neuralnetwork-activity-6912031440578732032-8LH1/?utm_source=linkedin_share&utm_medium=member_desktop_web

Example #3: Indian Creek

Process

Focus on peak events,

events reaching Flood stage

or Monitor Stage T K T

+ Data Sources: -

Rainfall and Stage data from

StormWatch

Daily temperature from NOAA

station at MCI

+ Temperature data will be
converted to evaporation
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Example #3: Indian Creek
Results: Station IN15 i U
« Parameters |I ”l' I i ‘ ! ik f "
« Input: Rain from INO7,INO9, IN15 . | .. 1

« Input: Daily evaporation
« Offset: 4 hours

« Batch size: 72 hours

« Nodes: 25

+ Dropout: 10% f
« Peak Stage 0

+ No False Positives or Negatives

« July 2024 Peak Stages ~ 1.5'High = J_|__Il_

Us‘wm \ ‘L VIR
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Example #3: Indian Creek
Results: Station INO9

» Parameters

Input: Rain from INO7, IN09, IN15
« Input: Daily evaporation

« Offset: 4 hours

« Batch size: 60 hours

+ Nodes: 50

+ Dropout: 10% HJ
« Peak Stage - ll WU ——

+ No False Positives or Negatives

« July 2024 Peak Stages ~ 1’ Low

[ suacxaventen




Example #3: Indian Creek

Results: Station INO7 Incian Creck sttion INO7

red Stage and ML Prediction

+ Parameters T T I
« Input: Rain from IN07, INO9, IN15
« Input: Daily evaporation
« Offset: 4 hours

'I

+ Batch size: 72 hours
+ Nodes: 25

« Dropout: 10%
* Peak Stage

+ (Near false positive 8/11/2024)
+ July 2024 Peak Stages within 1'

- No False Positives or Negatives L U J L‘.MJ\LLL § H

Example #3: Indian Creek

Potential Architecture

Cloud Tools

Legend

Script / Program
Script Output
Master Table

Stormwatch
API Bl Apps
LRore] Dashboard
NOAA Forecast
StormWatch
Forecast Rain & RredicedStage .
Temperature Email / Text
Measured and Alerts?
Predicted Stage
Observed Stage Inundation
Cloud Storage Mapping?
B suacksvearcn JrS— s
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How to Get Started
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How to Get Started
Before Getting Started, Consider:

Who needs to see this?

How will they use the predictions?

What do you want to predict?

What data can you get to generate the predictions?

o~ wnN =

How often do you need to refresh the predictions?

How to Get Started

» Commercial Software
not necessary
Available via Microsoft,
Google, Amazon
Environments

Can Deploy at any scale
and within Existing IT
Infrastructure

If all else fails, ask
ChatGPT

We then complle the model using the *mean,
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Discussion

+1 317 288 3985
ranckcj@bv.com




