From data to decisions: How can Al and big
data support decision-making in resource
recovery from waste?
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1.- Introduction

* A wastewater treatment plant (WWTP) involves multiple complex
processes that need to be operated seeking for optimal effluent
qguality and energy efficiency.

* The integration of knowledge from mechanistic models into online
operations enables operators to improve overall plant performance in
real-time. -
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Motivation & Background
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From Waste to Value

.- Influent

.- Grit Chamber

.- Primary Treatment
.- Secondary Treatment
.- Clarifiers

.- UV Desinfection

.- Effluent

.- Sludge Line

.- Anaerobic digestion
10 Dewatering

11.- Power Generators
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Technical Strategy

Mechanistic models and Al-driven data models are combined to create hybrid systems that enable accurate
predictions of key variables related to influent, effluent, sensor readings, and biomass dynamics. This
integrated approach leverages the physical understanding of mechanistic models with the adaptive learning
capabilities of Al.
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Data Adquisition
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Software: WEST
Configuration BSM2
Data Frequency: Hourly
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Influent Scenarios: 6 celt
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Mechanistic
Models

Data Adquisition =
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Y Past Presle ¢ Future

Influent (1)

I,qset Influent in past period

ly,e? Influent in a future period

i) E,.: Effuent in past period
: : : E;: Effuent in a future period
Operational | >~ = " 0D, Operational data in past period
Data (OD) L — 0Dy, Operational data in a future period
_ : : 2 I : Bio Biomass constant
Biomass (Bio) | : i oo C,.s¢: Consumption of resources in past period
: Gy, Consumption of resources in a future period

Consumption (C)
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Controls and Influent - Part 2
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ML Model R

Graphical Comparison

Mechanistic
Models

Simulation
Database

_____________

DNN

For a future recommendation system, DNN is a good choice as
it achieves the lowest errors (MSE) and high R? values, making
it stable and accurate model. LSTM is a strong alternative if
the system needs to capture time-based dependencies, as it
handles sequential patterns effectively. TFT, while
interpretable, shows higher errors and lower R> compared to
DNN and LSTM.

LSTM
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No No
A\ 4
Stablish . Create the
Input pr—] . pr— Predict ' .
Setpoints Yes Yes Recommendation
From @ to 7 days Setpoints 1, 2, 3 ROM Model European Applying an
before actual moment: and Recirculation (LsS™™) Restrictions for optimization
Inflow(H20),COD,NH4, N Rate Effluents algorithm
03,TN,TP,TSS, COD < 125, NH4 < 1, to look for a
Temperature, TN <7, TP < 0.4, good solution
Recirculations, TSS < 130
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Mechanistic

Models .

DSS I OOI Strategy simulation : :
Database i :

B :

i : DSS TooI ¥

Final Optimization Prohlem

min F(u) = [-EQI{u), OCI(u), —CHsu)]

1. Effluent Quality Index (EQI)

EQI = E (2. (t) - (2- TSS(¢) + COD(¢) + 30 - TKN(%) + 10- NO3(¢
1DDD{;1 ) (t) () (t) ()
- t— = 1, caew 24: EfﬂrECEISt harizon in hDUI’S:l

2. Operational Cost Index {(OCI) . Q [tjl Effluent flow [m /]

24
1 .
OCT — > Z (AB(#) + 3 - SP(£)) « COD(#), TEN(t), NOs(2), TSS(¢): Effluent pollutants [g/m?]
t=1 »  AE(t): Aeration cost [€/h]
3. Methane Production (CH,) * SP(#): Sludge cost [€/h]
*  (J...[t): Biogas flow [m*mh]
CH, = 1E'Pa.trn an.s[t)'.pCHdH 535{ :]
B.-T, — Fra ; *  Constants: Y
ceit
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DSS Tool - Strategy

Examples for first results representation

Recommended Setpoints for the next 8 hours

6,00
5,00
4,00
3,00
2,00
1,00
0,00

Control_1.y_S

Control 2.y_S

Control 3.y_S
Valve_1.f QinWWTP

Control_1.y_S

/

1 2 3 4 5 6 7 8
0,50 3,00 3,00 3,00 3,00 3,00 3,00 3,00
2,00 0,17 3,00 3,00 3,00 1,00 3,00 3,00
0,00 0,00 0,00 0,00 0,00 0,50 3,00 0,00
5,00 5,00 1,50 5,00 5,00 5,00 5,00 5,00

Control 2.y_S Control 3.y_S Valve_1.f QinWWTP

1,00
0,98
0,96
0,94
0,92
0,90
0,88
0,86
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3.500.000,00
3.000.000,00
2.500.000,00
2.000.000,00
1.500.000,00
1.000.000,00
500.000,00
0,00
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Mechanistic
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DSS Tool - Strategy
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Input ( 7 days) Predict Optimization Good Results
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Benefits

* DARROW aims to build and demonstrate an innovative, optimised,
modular, and flexible data-driven Al solution to make existing WWTPs
more autonomous, more energy efficient and better prepared for
their transformation into WRRFs.

* Practical use: energy savings, process stability, resource recovery.
e Simpler decision-making, less trial-and-error.
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