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Aims of smart water/sewer treatment works ~

Environmental
sustainability

Process

digitalisation

Cost-
effectiveness

Autonomous
operation



DT for WWTP overview S

Real Plant Optimized O&M

Less energy and
chemical

consumption

Actions: aeration,
dosing, etc. Less manpower

Decision supportt J

. Modeling 3 - ﬁ. /_W

Prediction

Digital virtual
assistant

Data Analytics



Data communication S/

Features:

+  OPC UA compliance real-time data communication
» Supports MQTT for loT devices

+ Alarm data monitoring and analytics

Real-time data communication with SCADA and loT devices




Data analytics — cleansing V4

Problem: Sensor blockage/malfunction,
measurement drifting, communication errors

- COD Blue is original data,
Yellow is after cleansing _—
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Performance Indicators:

— > False negative rate < 2%, false alarm rate <
A 6%, detection delay < 5s, accuracy = 90%,
and F1-Score =2 90%.
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Data analytics — cleansing S/

Solution:
latent
« Anomaly detection (identify anomalies) —— s —

input layer 1 sparsity sparsity
layer penalty 1 penalty 2

decorder
Iaycr 2 decorder
layer | output

« Data imputation (filling back)

KL KL
Diver- Diver:
> Gence > Gence >
Features: 1ol

* Single variable + multi-variable algorithms @

» Supports both online (clean as data arrives) and offline
(batch clean historical data)

* Unsupervised machine learning to navigate unlabeled
data (PCA, clustering, SAE, Transformer)

Benefits:

« Continuous monitoring of data quality (raise alarm if many anomalies from a sensor)
* Quality data support for simulation and operation optimization

* No need for manual labelling of anomalies

Multi-variable data cleansing combining unsupervised learning techniques




Data analytics — forecasting

/

Problem:

» Lacks proactive operating support using influent forecast feed forward

— Inherent influent quality fluctuations

— Sudden changes due to abnormal operating conditions such as heavy rain, high temperature, etc.

— Instantaneous feedback control doesn’t work that well due to large process delays.
* Lacks capability to support WWTP prescriptive analytics of “what-if” scenarios

Influent quality data
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Influent variation is common. How to deal with it?

Forecast

Mean absolute percentage

Horizon Parameter error (MAPE)
Influent flow rate 6%
Influent COD 20%
Influent Total Nitrogen 10%
Influent Ammonia Nitrogen 10%
Influent Total Phosphate 20%
Influent pH 2%
4-hour ahead |Influent temperature 1%
Influent flow rate 25%
Influent COD 25%
Influent Total Nitrogen 15%
Influent Ammonia Nitrogen 15%
Influent Total Phosphate 25%
Influent pH 5%
72-hour ahead|Influent temperature 2%




Data analytics — forecasting

Solution:

* Deep-learning neural network for multi-step ahead
forecasting (customized Transformer, Informer, GRU-
attention mechanism)

Features:
* Supports long-, medium- and short-term forecasting
» Supports multi-variable forecasting

Benefits:
» Better effluent compliance

» Better support for emergency planning and future
upgrading (predictive analytics)

Deep learning multi-step, multi-resolution time

series forecasting
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Influent flow rate forecasting

Influent total nitrogen forecasting Mape-gnart 3 35%
MAPE-Long 4 73%
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Twining — modelling

Problem:

» Design-oriented models are computational heavy and lacks DT

integration

* Model calibration very challenging + auto-calibration requirement

Biochemical Differential
Model Reactions Equations
ASMA1 8 13
ASM2 21 19
ASM2d 21 21
ASM3 12 13

T T
—— Manual calibration

Al self—calibration
Ground truth
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long time operation
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Model auto-calibration is
required for operation over
long period
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Twining — modelling

Solutions:

» Hybrid black-box white-box modelling for point and interval Z:
prediction S oss

* Deep transfer learning based model self-calibration gw i

Features: ot

Works with mechanistic models
Deterministic and stochastic predictions

Surrogate model for fast simulation/optimization

Benefits:

uncertainties
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Better long-term model accuracy + robust interval prediction 10
Support for (fast) operation optimization + robust against

_n
e

Value

Hybrid modelling + model auto-calibration for accurate long term prediction and fast

optimisation
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Twining — prescriptive analytics S/

Problems:

» Lacks accurate analysis/preview of plant operation scenarios (e.g., shock influent, equipment
availability, etc.)

Solution:
« Combines influent forecasting and accurate process model to support “what-if’ scenario simulation

Benefits:
» Better insights into different plant operating conditions supporting operations and plan upgrade

Operation “scenarios”

Influent forecast /

scenarios Effluent prediction

Dynamics model of the bio-reactors

“What-if” scenario analysis support

»
»
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Twining — prescriptive analytics

/

Process Model Auto Calibration
» Mechanistic model calibration
» Dynamic activation

[~

Reducés iffodet-error-—

—————— L

Influent Forecasting

« Short-term: 4-6 hours

« Medium-term: 8-48 hours
« Long-term: 48-72 hours

Proactive handling of
influent fluctuation

ive prediction input

through accurate point
prediction

GPR based Stochastic Simulation & Optimisation
= Stochastic interval prediction
» Robust aeration optimisation

—

Stochastic interval __—*
_fpjglictioneﬁﬁh,ces ‘
scenario analysis P -
Robust aeratiofi -
 optimisation under
uncertainty

“What-if” scenario analysis support

What if Scenario Prescriptive Analytics

« Scenario simulation
- What the influent will be?
- What the effluent will be?

- Confidence of simulated results

« Scenario optimisation
- How aeration should be adjusted
- Ensure effluent compliance

- Consider simulation inaccuracies
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Decision support — optimisation S/

Problem:

* The objectives of a WWTP usually include (conflicting goals):
Ensure effluent quality
Minimize operating costs

« The optimised decisions need to be robust against uncertainties

Solution: | Single object: tracking

* Al and MPC empowered single and multi-objective optimization
algorithms (combing meta-heuristics, swarm intelligence and

optlmal control theory) 2. KB Paretofii it
* Robust optimization based on deep learning stochastic prediction - Multi-object: Pareto front
Benefits: g i
* Reduces energy and chemical costs
« Improves effluent compliance oo
» Supports robust optimisation ;..,

7.80E400 SbR LN . ..

» Supports multi-objective Pareto optimization

7.70e+00
0.00E+00 1.00€-01 2.00E-01 3.00E-01 4.00E-01 5.00€-01 6.00E-01

KR i

Reduce human knowledge reliance, improve operation efficiency.



Decision support — optimisation /

_ _ Robust aeration optimization: minimize energy usage
lllustrative example of energy savings el —

' Mean of predicted NH4

. . . . . * ' Measured NH4
1ot Y limi
achieved through Al aeration optimization :
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~20%-40% energy savings, 97% effluent compliance

Reduce human knowledge reliance. Reduce energy usage while keeping effluent compliant.



Real-time control — controllers S/

PrObIem . Main: Asafion Pipe Aeration Branch Pipc ‘
« PID control of the blower and valves lacks performance et = fertplie goesion Hos
optimization | o 1Ty
BHer VYT Yy w9
y ¥ ¥ ¥ ¥ ¥ ¥
Solution: - ® Y Y YVYY VY
. Y Y ) 4 ) RS Y Y
* Advanced optimal controller for blower speed and valve e O VIV VYV VY
. . . . s $ %Y ¥ ¥ Y Y
opening for precision aeration = A
@ AR L S ) ) S
Benefits: System configuration
» Better tracking of decision from the optimization layer
* Further reduces energy consumption (~2%-5%) Y s~ e [ N

Aeration Valve

Operation JEIS MPC opening Aeration
optimisation controller system - ;
Blower cEE . b ey
speed e . -
H —' — e h 1 ._;;,,
Optimal actuator control for closed-loop — | k

implementation

Performance comparison with PID




Digital assistant — integration with DT ~

Problem:

« Lacks natural language interface to gain insights into the
plant’'s operation

« Cannot utilize expert knowledge effectively

Solution:

* Integration of a DVA empowered by local knowledge
base and access to DT functionalities through MCP
servers

Benefits:

« Better operating knowledge management

» Real-time access to DT’s functions, including prescriptive
analytics, operation optimization, etc.

» Integration with root cause analysis of operating
conditions (such as effluent violations) for better decision
making

* An innovative training platform

OpenAPI

|

MCP Server

[ Database J [ Statistics J

A

A 4
R

MCP Client

;‘_/

4

Y

 S—
Agentic LLM

[
A 4

Natural language interface for access to DT functions, more versatile utilization of the DT
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Digital assistant — integration with DT ~

-

wWoN -

Start Time: 202¢-05-15 01 00-00
End Time: 2024-0%-15 03 00 00

Let me know the details for your simulation, and |'ll execute it for you. For example;
"I want to run an AAO offline simulation from 2024-05-15 01:00-00 to 2024-05-15 03: 00- 00 with cleaned data and a
forecast step of 5

Would you like to proceed with a specific simulation?
You: | want to run an AAD offline simulstion from 2024-03-15 01:00,00 to 2024-05-16 01:00:00 with cleaned data

AL
The AAO offiine simulation has been successfully completed for the time range from 2024-08-15 01 00: 00 to 2024~
0516 01 00. 00 using cleaned data.

Next Steps:

If you'd like to query the simulation results from the database, let me know the specific variables or data you're
interested in.

if you need further analysis ar visualization of the results, just ask!

Would you like to proceed with any of these options?

You: | want to query the variables aao infiuent 1.1 tp ted and aao_influent 1_1 _franhx_tkn _ted

Here are the results for the variables aso_s orus) and

1_1_tp_ted (Total Phosph

aa0_intluent _{_{_trankx_tin_ted (Free Ammonia Nitrogen) from the AAD
Preview of Data
Timestamp TP (mg/L) Free Ammonia Nitrogen (mg/L)
2024-05-15 01.00:003 476 0577
2024:05-15 03:00:003.624 0603
2024-05-15 05:00003.772 05718
2024-05-15 07:00:003.918 0808
2024-05-15 0900002138 0379
Total Rows: 12
Next Steps:
The full data is saved in 3 JSON file at: static\dd_results\db_offline simulstion_dste a0 2
0516 01-00~00, json.
Wousld you like to
Visualize this data (e.q, plot trends over time)?
Perform statistical analysis (24, fit a model to the data)?
Query additional variables?
Let me know how you'd like to proceed!

ne simulstion:

4-05-15 01-00-00_202¢-

You: Visuatize this data and Perform statistical analysis

.

Al

Here's the visualization and statistical analysis of the variables sao_ant Luent _ted (Total Phosphorus) and
2a0_wriluser ) | trenhw tkn tod (Free Ammoenis Nitrogen) from the AAO offline simulation:
1. Statistical Analysis

Total Phosphorus (TP)

Max: 3919 ma/L

Mins: 1,443 mg/L

Mean: 2.471 mg/l

Variance: 0.882

Standard Deviation: 0.929

Skewness: 0646 [slightly right-skewed)
Kurtosis: -1.493 (platykurtic distribution)
Best Fit Model Polynomial (5th degree)
R2: 0,884 [highly predictive)

Free Ammonia Nitrogen (TKN)

Max: 0.735 mg/l

Min: 0379 mg/L

Mean: 0.612 mg/L

Variance: 0.008

Standard Deviation: 0,091

Skewness: -.342 (Ieft-skewed)

Kurtosis: 3,559 (leptokurtic distribution)
Best Fit Model: Polynomial (5th degree)
R*%: 0.650 {moderately predictive)

2. Trend Plots
Total Phosphorus (TP)

aac_influent_1_1_tp_ted - poly @& (RT=0 884)

404 —— FiEaR

amo_inf lent_1_1_to_ted




Digital assistant — O&M support /

Problem:
 Difficulty in effective identification and
utilization of O&M manuals for O&M

support —— WaterBot

POWERED BY STRIDETECH

Your knowledge management and skills development
assistant for wastewater treatment plants.

Solution:

+ DVA empowered by agentic RAG
technique

hu I

Password*

Login

Benefits:

+ All O&M documents can be integrated
into the DVA digitally

* Instance access and search through
all O&M documents for relevant

solutions to O&M problems « Autonomous agents for smart evidence gathering and
» Great personnel training platform recommendation.

* Predefined workflows for stability and reliability.

Better knowledge management, personnel training, and real-time support




Customizable Ul: 2D or 3D
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Tech summary

Data-driven

Decision support &

control

Data
imputation

Advanced
analytics

- forecasting
- modelling

- calibration

Digital assistant

Two-layer architect
- Upper-layer robust

|f|:::| optimisation El::j
- Lower-layer optimal

control

Analysis Q&A

- Real-time QA

- Knowledge
management

- DT integration

Visualization

- 3D BIM- Statistics

- Data plots

- Alarms

Process (plug-and-play)

From AUTOMATIC

to

SMART operations

digital + intelligent platform

Empowering data-driven operation optimization and intelligent control of industrial processes

and smart city applications
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Wuhan case study -

Modeling results using data from January 1 2022 to April 17 2023
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Wuhan case study

The plant:

A WWTP in Wuhan
1#AAO (200k m3/day)

Requirements:

Effluent NH4<1.5mg/L

Decision variable:

Aeration rates

Duration:

2022.07.07-2023.01.20 (A
total of 198 days)

Aeration (m3/d)

Savings (%)

Plant actual

481334201.654

Optimised

377047473.249

21.67
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Hong Kong case study

RAE

Drainage Services Department
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PST: Primary SedimentationTank L
BR: Bioreactor
FST: Final Sedimentation Tank



Hong Kong case study

* Operation optimisation

Aeration Optimization

,/ """"""" s, Depends on '/ """""
. 1 .

E Experience !operator skills i Over

! based : > aeration

i aeration | | occurs

\ ’} \

| ———

Digital twin
4 ™ Utilizes Al '4 i
1 80 1 . 1
! Dlgltal | algorithms 1 precise
! twin based >l .
: . | i aeration
I aeration ) ;
\ / \
_____________ e N

—----\

I High I
| enersy |
| costs I

J

‘.-----D

—----\

y ! 1
i I Low [
i_>= energy |
| | costs I
/ J

‘.-----D

Decision support
Supervised operation

~10% energy savings

25



coproject Preview [NetMode: Standalone] (64-bit/Windows)

Digital Twin for Sb_gk Wu Hui
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Welcome! Super Administrator 2024/7/%7  11: 22 Settings Param Report Quit

Digital Twin for Shek Wu Hui STW

Rasic Mode

Project overview X ©» Design specifications (effluent)

Ll

<30 mgn — <0.4 ma/L
= ph=m
TR - :
Final Sedimentation Tnnk! Ji= i m m

<12 won

@ Total sewage water intake
i . Total plant effiuent

B —
Aerated Grit
- -‘ Mechamical Bar Sa

. 28078.12 - - - AL Wi G 2879477 -

Parameter Measured  Pradicted

’ ™ d Predicted
CoD 108,54 18388 mag/L

coD 931 608 / mg/L

NH3-N 27.13 ma/L
- 2 NH3-N 10.05 mg/L

TN 3859 30.42 mg/L
TN k 1027 mg/L
P 9 3.20 mg/L

TP 5 017 mg/L
sS 448498  mg/L
SS 010 1 mg/L
PH 6.70
X 000 mg/L
0.54

Reset alarms

— Real-time influent — Predicted influent — Simulated effluent ——- Predicted effluent




Digital Twin for Shek Wu Hui STW

Online Mode

Welcome! Super Administrator | ) 2024/2/17  11; 22 Data Settings Param Report

Project overview gn specifications (effluent)

k Wu Hui S Treatment Works H Online Simulation
peration for more than 30 years, treal £30 man
SV mg
age from Sheung Shui, Faniing and a
The sewage treatment plant is des : 1. Simulation configuration 2. Simulation results 2 mon

)00 cubic meters per day. The

or treatment and ultraviolet disit
12 mgn

3 A tes the W arn i 5
harged to the Wutong River * Aeration parameters (Aeration control) Dissolved oxvaen parameters (DO control

<> Total sewage water intake Use raw data
— )l plant effluent

Aerobic Zone 1 mg/L

o Simulation in progress
mg/L

e / 28078.12 - e A ' 28794.77

Aerobic Zone 3

P. M d Predicted Aerobic Zone 4 mg/L

coD 108,54 183.88
NH3-N 27.13 Dosage | mg/L
N 3042 ma/L
320 o S Gl PN ; mg/L
4484.98 MR B ohad sy el L Sl | mg/L
6.70 SAS (surplus activated sludge) flow rate - Q mg/t
mg/

30.54

SAS (surplus activated sludge) flow rate - Q
Reset alarms

Start Simulation




* B4 danE

D@talTwmforSlukWuHmSTW

Welcome! Super Administrator 2024/7]17 11: 22 e > Semngs Param Report Quit

Onlme Mode I

@ Project overview r gn specifications (effluent)
v —

ek Wu Hui Sewage Treatment Works Online Optimization

peration for more than 30 years, treal

£30 mgrt _& <0.4 moL
sewage from Sheung Shui, Fanling and 3
eas. The sewage treatment plant is des , 1. Select algarithm 2. Set objectives 3. Select variable 4. Optimization results 5. Result comparisor 2 eant <20 moit

00 cubic meters per day. The O | ¢ 'S

ter after treatment and ultraviolet disit 12
Pl morL

harged to the Wutong River
Select the decision variable to be optimized

@» Total sewage water intake il plant effiuent

Aeration rate OR DO setpoint

| 28794.77

Measured Simulsted  Predicted

SAS (surplus activated sludge) flow rate - Q

MLR (mixed liquid return) flow rate - Q 931 6.08 8.67 ma/L
009 1003 1017 mg/L

RAS (return activated sludge) flow rate - Q 6 1025 1038 mg/L
017 0.19 ma/L

448498

6.70 PAC (Polymeric Aluminum Chlonde) dosage 0.10 0.10 mg/L
0.00 0.00 mg/L

3054
- Swing Zone Aeration/Anoxic State

Reset alarms

Previous step ¢+ Stop online optimization




M-.uwmm
D‘m‘ TWI!I for Slnk wu Hu' SIW Data Settings Param Report Quit

- — Offline Mode —— =

Project overview .
Treatment Works | Offline Optimization X

30 mon

rmore thar yea real _A \O Ll ma/l
sewage from Sheung Shul, Fanling and &

e treatment plant is des ® Selection data Set objectives 4 1y 5. Optimization results . <20 ma/L

il (. e ® ¥e Y 3

Welcome! Super Administrator | 2024/7/17

gn specifications (effluent)

ek Wu Hui Sewag

Nm?*/ 12 mg/L
. Im3/d
Raw data — Simulated data

Total sewage water intake
~g - il plant effluent

'/' 3198750 - = | ' 29948.02

Parameter Measured 2 Y
Measured Simulated

10431 1229 mg/L

006 mg/L

380 mg/L

2
-
<
f)
5
"
3
4
o
-

069 mg/L
mg/L

mg/L




Water treatment plant optimisation

/

Multi-pump operation scheduling

fixed-speed

Py

G

fix ed

@

d-sp

o

P, Supply pressure

ns

Ps

Clean water
reservoir

P4

QEHOEEOE

Objective: choose pump speeds n;, nz, Nz, N to supply the fluctuating
demand Q(f) while holding the supply pressure at the setpoint P,

Demand Q(f)

IAVAVAVS
(fluctuating)

Distribution
network

System
+ Mixed fixed-speed and VFD pumps
« Combined discharge supplies the
distribution network
Control objective
Match the fluctuating customer demand
* Hold supply pressure at the setpoint
« Minimise total energy consumption
Decision variables
» On/off status of fixed-speed pumps
» Continuous speeds of VFD pumps
Constraints
* Flow balance
* Pump characteristics
Why it's hard
* Mixed-integer nonlinear problem
* Multiple local optima
« Continuous demand fluctuation
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Water treatment plant optimisation S/

Pump Station

Upload SCADA Data

I © upioad
2  Screen
3 FitCurves
Click to upload CSV
4 Schedule

5 Real-Time

o Settings




Water treatment plant optimisation /

1:::["""'] Flow Contribution by Pump ®F @F @ P @ P @D,
800 * More balanced
600 utilization of
400 gy kg pumps

. o
a0 b | 2 | 8 1(?Aa energy
0 il 1| ‘ - | | ] savings
2020-02-23 12:43 2020-02-23 16:23 2020-02-23 19:56 2020-02-23 23:29 2020-02-24 03:02 2020-02-24 06:35 2020-02-24 10:08 2020-02-24 13:41 2020-02-24 17:14 2020-02-24 20:47
2 P —— : g —— e — — Autongmous
operation
Power (kW] + e
180 Estimated Power Consumption B8 % . Allows manual
120 take-over when
% necessary
60
30

0
2020-02-23 12:43 2020-02-23 16:23 2020-02-23 19:56 2020-02-23 23:29 2020-02-24 03:02 2020-02-24 06:35 2020-02-24 10:08 2020-02-24 13:41 2020-02-24 17:14 2020-02-24 20:47
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