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What Kinds of Operational Support Tools Exist For WRFs?

— -

9]
——

=

Advanced Advanced Machine Digital Twins
Controls Dashboards Learning Models

Hazen 2



What Can Operations Support Tools Do?

18 Give Optimize Maintain :
equipment | predictions insight operations Assets Train Staff

Example: a digital twin and ML model can control the aeration system, optimize operations, and train staff.

Hazen 3



Machine Learning is an Alternative to
Traditional Mechanistic Models

Get Data Train Model Improve

ML uses algorithms, assign
weights to independent variables,
then seeks to minimize error in
predicting a dependent variable

* Uses open-source computer , |
: Clean, Prepare Test Data
programmmg Ianguages & Manipulate Data
like Python

Feature importance in XGBoost Regressor

BZ2 1

BZ1 4

Plant B Aer SRT

RAS 5-8 Return Activated Sludge Flow
B MLSS §

B PETSS

B PE BOD
Plant B flow %

Inf TKN

Inf Amm

Inf TSS

Inf BOD 4

Flow

Temp +

B side DO

feature

0000 0025 0050 0075 0100 0125 0150 0175 0200 L ———
Relative importance {og ot B

Feature Importance Correlation Mafrix | Deep Learning Network
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The Difference Between ML and Mechanistic Modeling

e W

ML can make accurate predictions without
explicitly being programmed to do so.

Hazen 5



Early Endeavors with ML at WRFs

Predicting Effluent Ammonia
from an IFAS Plant

Predicting SVI

P

I l
!‘J l’ ;, ““il.l}l" ﬁ.ﬁ!‘ “‘ 'I!Ii .T‘ x‘l! ‘ ’
ik llh ' L\‘ LR kT T T | | |

N R ! '

.........................................

Explanatory variables: DO, PE TSS load,
F:M, aSRT, Temp, MLSS, # Tanks in Service

Explanatory variables: Airflow to each
IFAS grid; aSRT; RAS flow; MLSS; PE TSS
and BOD:; flow; influent TKN, amm, TSS,
BOD; temp, DO

Predicting Effluent Ammonia

from a Plant with Intermittent
Inhibited Nitrification

17
16
15
14
13
12 Predicted
11 Actual
10
9
8
. !
6
5
4
3
2
1
0

NNNNNNNNNNNNNNNNNNNNNN

/201
/201

mmmmm
NNNNN
S NSt S SU
W O R & o

—Actual —NTP-4 Predicted 3 day Lag

Explanatory variables: influent temp, pH,
alkalinity; PE COD, TSS, TKN, ammonia, TP,
OP; % RAS; aSRT; total SRT; HRT in AN,
AX, and AE zones



Those Early Experiences Led to More Challenging Projects

Predict Hourly Flow for the Next 72-

o e
hours for Wet Weather Planning Predict % TS in Cake

Retrospective Look at Model Performance at Varying Lead Times

Lead Time (hr)




Variety of Applications From Various Sectors of the Water Industry

Wet Weather Wastewater Treatment Predicting Collection System Pipe

RO Membrane Optimization

Plant Optimization Condition Of Uninspected Pipes

Operations Advanced Analytics and Computations

112 Sensor
Measurements per Hour | |
......... < —
m“/ >
i 5RO Trains
At Iy (111 T

Sensor Diagnostic Tool

ST —— st
1B Wmﬂy‘\\“!11’}’1“"*\"““‘*\ . g‘uto'::cv‘ndaw
.- SV " A o e

Jata Al

Water Supply Planning Using Sensor Fault Detection, Data
Timeseries Machine Learning Storing and Cleansing

B~ . Sensor
Measurements y Data Cleaning

Every 15 - azen : Rules & Sensor
min SOl Trigger Diagnostic
NO2-N ° / (Windows Task

NO3N Scheduler) on Virtual Pecos
NH3-N Machine
PO4-P

ction
\\u"‘ On-prem
|

Power BI Seven days

= Save the results to SQL average for
— |- erroneous

data

- |
Snowmelt Predi
I




Using Machine Learning to
Optimize Wet Weather
Treatment at the 75 mqgd
Neuse River Resource
Recovery Facility

Hazen



The NRRRF is Located in Raleigh, NC, Permitted To Treat 75
mgd, And Must Meet Strict Nutrient Limits

Annual Average, Load-Based TN
Allocation
Current TN Allocation: 687,373 Ibs/year
3 mg/L TN at 75 mgd

Quarterly average TP limit
2.0 mg/L

Monthly average NH3-N limits

1.0 mg/L summer / 2.0 mg/L winter
Stringent BODS limits Y
| Capacity - 75 mgd ADF
“9F Current ADF - 48 mgd
* Hydraulic capacity - 225 mgd
' Highest flow recorded - 184 mgd
EQ basin volume - 32 MG




NRRRF Realized $500,000/yr in Savings With Advanced
Process Controls

* Incorporated ABAC, SC guidance,
ammonia-base load EQ, nutrient-
paced chemical addition

' Electrical savings $300,000/yr

* Real-time process controls were

implemented in 2017
« Instruments - $124.000 ‘ Chemical savings $200,000/yr
* Integration - $191,000
- Engineering - $0 ‘ TN reduction from 2.2 to 1.8 mg/L
e Total investment - $315,000
* ROI<1year ‘ Nitrogen credits not used valued at $1.3M

Hazen



Then, Machine Learning Was Used To Develop a Model That
Predicts Influent Flow 72-hours in Advance

..\"\ —h *:
120
Rainfall Streamflow Past Influent Hour of Day Collection
Flow to System 100
NRRRF Improvements
80

Used python machine learning algorithms to train a
model to 6+ years of influent flow data as a function of
explanatory variables.

Challenge Only 30-60
Sustained flows meeting effluent minutes of
of 184 mgd TN and TP advance
experienced during wet warning prior to

weather events this project




All Storms Predicted with Good Precision by

the Model During Training

. 200
* 38 storms in 6+ years w0
160

140

* Accuracy is +/- 2.6 mgd 12-
hours in advance

Flow (mgd)
= =
o N
o o

(e}
o

D
o

 Largest storms are predicted
the best, which was the goal

B
o

N
o

o

0

200

400 600 800 1000 1200 1400 1600 1800 2000

Date

—UV flow (mgd)_12hrs_actual
---UV flow (mgd)_12hrs_pred




Data Architecture

Power Bl

Step 5: Power Bl Visualization
' l. (Hourly updates)
J— Azure Automated Workflow Pipeline
@ Step 3: Run ML Models

Step 4: Model Output to SQL

Web Data

Step 1: Hourly Rain and
Streamflow Data

)

2
3
2

A\ "4

Plant Data

Step 2: Hourly Ignition Data ° Deployed 1 2/1 9 |n teSt
mode

* Finalized 7/20




Model Prediction Screen — Updated Hourly

Data upda

= B Pages +— Bxport | Share [ Subscribe [ Comments & SharetoTeams r Favorite
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Hydrograph Incorporated into Dashboard for Plant Staff to Refine
Wet Weather Management Related Operational Decisions

RunName

Model.20.09.16_05h

Bar chart is the
hydrograph.

Each bar = 1 hour

BNR basins,
Primaries, and
Peak Flow to —
BNR Target
specified here

Hazen

DateTime Total Inflow Volume Above rojected Maximum
- ~

Reduce
target
flow until
no
orange

Green bars =
sufficient EQ

Projected

EQ
volume

j _aa | vs time

arget Max Flow (MG)

9/16/2020  9/23/2020

9/19/20 o
0:00 1758 122.9




Example of How the EQ Management Tool Works

Flow threshold set to 120 mgd.

There is adequate capacity. Strategy
is to divert flows when Q > 120 mgd.

Flow threshold set to 110 mgd.
There is insufficient EQ capacity.




Final Deliverable Has

16 Screens
Cover 9. Plant Ops
Inventory 10. USGS
Model 11. Precip
prediction 12 XYy

4 MOd?I- : 13. Timeseries
sensitivity
Secondary 15. InputWeights
clarifier 16. Inputs
guidance

7. Model
performance

8. Model QC

Predicted Inflow - Sensitivity 1o Precipitation [ [y Y i raleigh  Hazen]

nk 100.0 107.8

Select flow above which
to utilize EQ

ULl LG, ‘u o Lussd

\\1

grom

Monitor USGS Streamflow

Secondary Clarifier Guidance
Program to estimate # SCs
needed




Model Makes Great Predictions

250

* 8 wet weather events in 2020

* Blue — observed

200

* Yellow — predicted 12-hours in advance

V * Wet weather EQ used 5 times
150 * Volume ranged 12.6 — 26.8 MG
¢ Never exceeded 32 MG

Observed and Predicted Flow (mgd)

| | * Models errs on the side of being
. l )‘ ﬁ | } L\ , \ conservative
| | B T .
| _‘ ,.‘ f\ A 1l "\/W \’\ I )’W\j' )'NA 1A MJ\/ v W * Program operating 18+ months and
o | f \/ | / \/ () {\ lj still accurate

Observation No. (instead of time - all storms shown together)

—Observed Flow 12-hour Lead Time Prediction




Largest Storm in 2021 Was In February 129 mgd Peak Hour Flow
— Well Predicted

@
o
140
8
o4
=R :
£
E<2
100

© C

A Jan 30, 12PM Jan 31, 12AM Jan 31, 12PM Feb 01, 12AM Feb 01, 12PM Feb 02, 12AM




Rest of 2021 To Date Shows Good Predictions Continue

12 hours ahead

4 hours ahead




EQ Volume Never Exceeded

el f

5
0 VWMWMMWN W
Sep 2020 Nowv 2020 Jan 2021

Mar 2021




Dewatering Case Study



Exploratory Questions: Is it possible to predict the cake TS%
as a function of past data trends? What variables contribute to
this prediction?

®
y« Y
Identify Potential Evaluate/ Analyze Develop Iterate and

Parameters Parameters Predictive Tools Refine Tools




The journey sludge took to reach dewatering is very important

* Types of water associated with floc

* Floc bound water capacity
(g Water/g VSS)
* Associated with particulates

* Associated with colloidal material

* Free ion (divalent cations) composition
(charge and bonding capacity) @ .

* VS/TS ratio l
 Digestion chemistry

* Mechanistic modeling is still being developed ;

Polymer

(Sumo by Dynamita Process Modeling) 0
??
« Some needed data plants don’t usually collect Cake Solids

Hazen




Machine learning can use the history of
the sludge to predict dewatering

30.00 50

* We sought a dataset with
reliable historical data, f ¢ =
spanning many years, with 2500 ; . ’ .
significant variation in % TS

* Explored whether different
machine learning models could
be used to find an empirical
relationship between
explanatory variables and e
dewaterability

15.00

Cake Solids, % TS
Polymer Dosage, |bs/DT

5.00

0.00 -10
4/1/2012 8/14/2013 12/27/2014 5/10/2016 9/22/2017 2/4/2019 6/18/2020

@ Cake TS% @ Poly Dose [bs/ton




Exploration of Explanatory Variables to Predict %TS C)\

Parameters believed to potentially impact dewaterability

Current Values Trends also Important as Past

Actions Influence Solids Treatment

Polymer Dose Secondary System  7-day
* SVI
IanFulent: « MLSS * 14-day
* rlow * RAS Flow/Conc . 25.
i 25-day
+ BOD Solids Processing « 30-day
« TSS/VSS * Digester VSR . 40-da
* Temperature * HRT/SRT y
* Influent Load » Applied to all variables
« TPS/WAS Ratio except polymer dose

* CNash




We Considered Research and Mechanistic Models in our N
Approach to Variable Selection like C/N*Ash /\

A Novel Parameter Predicting Cake Solids of Dewatered Digestates

Researchers identified a

. . 40 +
correlation of carbon, nitrogen, -
and ash content to cake solids. S BT L A
z 30 + o ..o
Formula: P JPRRE) R
2~ 25 1 S e
C 22 % A -
N*Ash 2. 204 N A
5T A A
Carbon Ash Y -a;: 15 +
= %k et
Nitrogen N (as ¢ O) E 10 + All e THP A Conventional
=]
T
i - 1 y=478x+12.39 y=5.05x + 13.92 y=553x+7.14
Does .thIS theo.ry apply to our 5 R? = 0.65 R = 0.91 R = 0,03
machine learning model? 0 .r } .r | , , ,

1.0 1.5 2.0 2.5 3.0 35 4.0 4.5 5.0
C/Neash

O.K. Svennevik et al. / Water Research 158 (2019) 350-358

28




Random Forest Prediction was Most Accurate x

Parameter ‘ Unit
Mean Absolute Error ‘ % TS: +/- 0.4%




Key Variables Predicting Dewaterability and
Their Relative Importance

Relative Importance

Polymer Dose (day of) || GG
Digester HRT at 7 day Lookback |
Digester Load at 7 day Lookback |

Only 20%
MLSS at 25 day Lookback
of factors
[ C/N Ash at 40 Day Lookback |nﬂuenC|.ng
dewatering
Digester VSR at 40 Day Lookback [N are truly fixed
0 0.05 0.1 0.15 0.2 0.25 0.3
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Sensitivity Analysis on C/N*Ash Shows Expected x
Relationship that a Higher Ratio > Higher %TS

Adjusting C/N*Ash

24.00

23.00

\
22.00 "_ ‘
ok LA
21.00 %' vV ' \
\
19.00

0 50 100 150 200 250 300 350 400 450 500

20.00

—— 10th Percentile 50th Percentile 90th Percentile

The model predicts improved dewaterability with a higher C/N*ash ratio, which is consistent with research
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Model Also Shows that the Longest HRT - Higher %TS x

Adjusting Digester HRT

20.50 !

b, UM

0 50 100 150 200 250 300 350 400 450 500

Cake Prediction (TS%)

v

e (0th Percentile  ===50th Percentile  ===90th Percentile

Model developed at this plant suggest that longer HRT (potentially more volatile destruction) leads to
better dewaterability

Hazen




How Would This Tool be Used In Real Life?

Big Picture

Insights Planning Day-to-Day

Estimate annual
operating costs

Learn how your plant

behaves Predict %TS

Verify those

Identify potential
efficiency losses*

Optimize dewatering

conclusions are sound machine settings

lterate and revise
model until the
conclusions make sense

|dentify seasonal trends Increase Ib polymer/DT

if low %TS expected

*For example, %TS is lower than model predicts, HRT in digester is the same, but perhaps mixing
became less efficient, resulting in a change in state (the role/importance of HRT).

Hazen




Considerations for
Deployment



ML Project Lifecycle

———

 Data gathering and
visualization

 Data screening
» Variable selection

* Create the
model(s)

» Assess accu racy

* What is the
problem we are
trying to solve?

* Do we have
sufficient and
reliable data to
develop an ML

» Define data
architecture

* Connect all data
sources to model

for model output
* Create the

approach? .
PP « Refinel/iterate on automated
*Is ML an variable selection workflow
Improvement over
conventional

approaches?

* Build a visualization

* Create automated
workflow to run old
+ new data through
original model
training code

» Compare old and
new model results

* Human-in-the-loop
reviews accuracy

* Deploy best
performing model




Benefits of an Open Source Approach

programmine. | @8 pYthon Keras ¥ Tensor

Transfer
deployment to

Develop Deploy in test ot
desktop ML mode on Hazen c||$:;3£izounre
models using desktop or err)wironment
Python Azure space

or on-site/edge
server

Client can hire
any data
engineer for
subsequent
projects




Summary



Many New Operational Support Tools Exist For WRFs With Strong
Proofs Of Concept

Advanced Advanced Machine
Controls Dashboards Learning Models




Questions?

Will Martin: wmartin@hazenandsawyer.com

Katya Bilyk: kbilyk@hazenandsawyer.com

Micah Blate: mblate@hazenandsawyer.com

Hazen
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