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Intended Audience -

This presentation is
meant for:

Key Considerations
General Workflow
Helpful tools
Common Challenges

« Starting a ML project
 Beginners in ML ;
« Curious about the

abilities of ML

Preface Background Experiment Findings Conclusions Future Steps Questions



systems that Benefit from ML/AI

Difficult to Determine Optimization:

. Highly Non-Linear Behavior
. Hard to model mechanistically
. Multi-Dimensional

. Temporal Dependence (daily,
seasonally, yearly)

D W DN PR

Preface -) Experiment Findings

Conclusions

)y College of Engineering

Future Steps

A\ Oregon State University

(o

Questions

4



systems that Benefit from ML/AI

Trends captured with sensing
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Project Discussed = for——

Use data collected from a bench-scale physical coagulation

flocculation basin to create a model that can forecast effluent
turbidity eventually control coagulant dosing with machine

learning (ML).

% & =

DEEP LEARNING Al CLASSIFICATION AUTONOMOUS ANALYZE

Machine Learning
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Project Schematic 5 Colleg ot Engicering
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Value in Bench Scale Flow Reactor Collgeof nginerig

Advantages of doing bench scale flow reactor:

1. Ability to change influent
— Conditions Model Experiences

— Water quality parameters
2. Flexibility in Design
3. Allowed to perform poorly

4. Next level from jar test
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Sethacks of Bench Scale A

Disadvantages of doing bench scale flow reactor:

1. Model creation is highly individualized

2. Difficult to replicate in full scale

3. Lack of historical data
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General Experimental Rpproach -

‘ 1. Sensing Upgrades for Process of Interest

‘ 2. Real-time connection between sensing and model

' 3. Data collection, organization, and formatting

‘ 4. Build model, train and test
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Experimental Setup - Sensing
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PID Controller
Controller Or M.L. Model
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Experiment: Live Gonnection + Data College of Engineering
Manual Interface (Built Using Google Gemini)

& OSU Coagulation Flocculation Basin Controller- 1.0 - o ®

File Tools Hardware Help

Me file selected

Timer: 00:00/00:00 Start Simulation Reset Timer & Graphs

Level Sensor (in): 0.00

MANUAL CONTROL MANUAL & PID HYBRID CONTROL PID ML

Sensor Data Water Pumps (Pre-Flight)
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Start Sensor Test|  Stop Sensor Test Clean (P1)  Dinty (P7)
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FLOW MASS FLOW NTU (Overall) NTU (Effluent Zoom) pH COND Temp

System Flow

—— Btal mUmin
004 —=— Clean (Pump_1) mimin
—— Dirty (Pump_7) mlimin
e Alum (Pump_3) mimin
| —+= NaOH (Pump_5) muimin

mUmin

-0.04 -002 0.00 002 004

Tiens (raind

_-) Findings Conclusions ) Future Steps) Questions

19



Oregon State University

College of Engineering

Experiment: Live Connection + Data
PID + Manual Interface

@ 05U Coagulation Flocculation Basin Controller- v1.0 o X

File Tools Hardware Help

Nofile selected
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PID Interface
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& OSU Coagulation Flocculation Basin Controller- v1.0
File Tools Hardware Help
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Experiment: Planning Cogeofngiesing
Experimental Planning:

1. Set influent turbidity

3

2. Set pH .
3

Alternate Alum Dose 3
3

2

3

3

04/29 7.3 50 30 2

04/29 7.3 50 50 3

04/29 7.3 50 70 3
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Experiment: Data Organization Colkgeof ngineeig

Originally Collected Data

(real time)
A
[ |
Time Turbidity Time Turbidity
(HRT) (Forecasted) | (Forecasted)
0 0
0.5 0
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Originally Collected Data Same data but in the
(real time) future

Time

Turbidity

(Forecasted) | (Forecasted)

This example is a
Forecast 1 HRT in the
future

5.8
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Prediction Based on

Original data in Historical Data

Real time data future A

Time | Turbidity Time Turbidity Time Turbidity
(HRT) (forecasted) | (forecasted)] (predicted) | (predicted)
0 0 1 1.0

0.5 0 1.5 2.5

1 1.0 2 3.7

1.5 2.5 2.5 4.2

2 3.7 3 5.8 3 5.7
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Experiment: Reactor Consideration Collgeof nginerig

GEELGIMET =Y Continuous Flow Stir Tank Plug Flow Reactor Hybrid/Non-ideal Reactor
Reactor (CFSTR)

Changes Almost immediately 1 HRT Observed
Detected at
Effluent
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Combined pH
—— Influent
Effluent
W——'&,_ e et e et ™ N\ N
!
25 50 75 100 125 150 175

Shift = 5 mins
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Neural Network — Backpropagation &

MAKING Al SIMPLE

Inputs (real time data): Output:

Influent & Effluent Turbidity nput Layer Hidden Layer Output Layer Forecasted Effluent Turbidity

Influent & Effluent Conductivity o -
Influent & Effluent pH WS

Temperature

Total Flow Rate

Mass Flow chemicals

© machinelearningknowledge.ai
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Input:

influent + effluent real time values; flow rates; mass flow

Tree 600

No action

Alkalinity >
100 mg/L

Alkalinity >
50 mg/L

(...) Prediction 600

Average All Predictions

-

Random Forest | _ _ . .
P bk = Qutput = Forecasted Effluent Turbidity
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Model Training and Testing

B

Model 1 Model 2 Model 3

ANN Digital Twin: Effiuent Turbidity Forecasting ANN Digital Twin: Effluent Turbidity Forecasting ANN Digital Twin: Effluent Turbidity Forecasting
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Model Training and Testing
Model 6

ANN Digital Twin: Effluent Turbidity Forecasting
R?:-2.559 | MSE: 2.697

Overall Accuracy Forecast Timeline (S-Minute Horizon)

— Actual Reality
== ANN Ferecast

*=

8

7

-
S

s

E)

.

Effluent Turbidity (NTU)

I

w
\
s
N\
w

Model missing key information here

s &0
Actual Future NTU Time (Minutes)

Added additional training data similar to

MOdEI 7 this testing data.

ANN Digital Twin: Effluent Turbidity Forecasting
R?:-0.637 | MSE: 1.241

Forecast Timeline (5-Minute Horizon)

Improved model as a result

4 H a 60
Actual Future NTU Time (Minutes)

32



Oregon State University

College of Engineering

Model Training and Testing

Persistence Model

Baseline Persistence Model: Effluent Turbidity Forecasting
R*:0.755 | MSE: 0.186

‘Overall Accuracy Forecast Timeline (S-Minute Horizon)

ASSUME CURRENT
PERSISTANCE = TURBIDITY VALUE IS SAME
5 MINUTES IN FUTURE

ince Predicted NTU (y_ntu)
- w

-
-
.
-
z” ° o d
- o8 &

&y o°
-y
S

o

srec

Effluent Turbidity (NTU)
-

Py S
iﬁ;:v-u\-ﬁ

2

4 B
Actual Future NTU {y_ntu_shifted)

i
6 ° 20
ANN Digital Twin: Effluent Turbidity Forecasting

The model was built with
R?: -0.637 | MSE: 1.241
S too short of a forecast.

’/,n‘ ﬁ Jﬁ‘ }mﬂmﬁh\mﬁ M’& » e '.

Could not outperform
persistence

4 H 60
Actual Future NTU Time (Minutes)
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Persistence Model ANN Model

Baseline Persistence Model: Effluent Turbidity Forecasting ANN Digital Twin: Effluent Turbidity Forecasting
R?:0.755 | MSE: 0.186 R -0.637 | MSE: 1.241
Overall Accuracy Forecast Timeline (5-Minute Horizon) Overall Accuracy Forecast Timeline (5-Minute Horizon)
[ 61 = Actual Reality v 7 — Actual Reality
—— persistence Forecast ,V#‘A h" , —— AN Forecast
(
. ‘ Ry
Rl s g
El H 5
: . gs :s
3. £a Z g
2 - 0 £ 3 £
- 37%3 3
J - ®, o T z Ea ’: 4
-~ @, H H H
i, o7 "qn By 5
H L B 3 3
SR8
L ;o
2 ’l’ ' 2 2 2
2 4 5 6 o 20 40 60 80 100 120 2 3 4 6 7 o
Actusl Future NTU (y ntu shifted) Time (Minutes) Actual Future NTU

Random Forest Model

Digital Twin Validation: Effluent Turbidity Forecasting
R?:-0.159 | MSE: 0.878

Overall Accuracy Forecast Timeline (5-Minute Horizon)

- — Actual Reality
6 - 61 —— RF Forecast
o
2 o W | ot
h
hi
i

oo ﬁ‘-'”
, R - s
° e H
g & - g
- z
j: - z
o -~ 3
[ gl— . {.
& op o - L
3
H 956 -~ ]
H e H
3 ’_“’ 3
—"’

-

-

r"
2 - 2

4
Actual Future NTU

34



paN: .
B8 Oregon State University
College of Engineering

SCADA Data
Flexibility Preparation

Sensing

Data Space

Model Type

Questions
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What's Next? B e

Collect More Data

e Train model that can forecast further into the future

e Create rich data space to work with

e Train different types of models (RNN, Linear Regression,
etc...)

Forecast ML model integration into PID controller

e Shift into feedforward control
e Improvement in stability
e Decrease tendency to over-dose

- preface  Background  Experiment  Findings  Conclusions [ FutureSteps | Questions

36



A2 _
B8\ Oregon State University
College of Engineering
Thank you

Perry Wilson — wilsoper@oregonstate.edu
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