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Background and motivation

Ly Head variation due to transient

operations:
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Background and motivation

ALVKARLEBY, SWEDEN
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Obijectives of this pilot-project

* Overall objective

o Explore Al/ML applications for Swedish
hydropower industry

 As a pilot project
o Machine learning = model turbine operational
performance

o Start up phase, design optimal control method -
stable head operations

o Optimizing PID parameters with machine learning
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Method (1): Machine learning model

* Machine learning turbine model: Artificial neural network (ANN)  /=h(n,
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Method (2): optimal control design
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Optimizing the pump operations for the Vattenfall test facility
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Some results: model
w1 h=h(n,, a, dn,/dt, de/ dt)
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Some results: control

Head from ML + optimal PID control
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Head from tests (PID control)
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Control for case no. 56

| Head from ML + optimal PID control
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Control for case no. 57
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Future work:

Head Water Level
Head
Tail Water Level
Discharge
Guide vane opening
Hill Chart Boundaries
Lifetime prediction Tool

Maintenance strategy

Maintenance costs »
-

Rotor dynamics

Residual flow

Hydropower Digital

Sediment Transport .
Twin

Environment

Fish migration

Restrictions

Climate change

Social issues

Hydropower digital twin

System demand
Input

Power Demand

Power Output
Output

Lifetime assessment
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Frequency Containment Reserve
(FCR)

automatic Frequency
Restoration Reserves (aFRR)

manual Frequency Restoration
Reserves (mFRR)

Power demand [MW]
Time series

Power supply [MW]
Time response

Mechanical fatigue

Sediment erosion

Cavitation erosion

A PostDoc by Chalmers AoA Energy (2023-01 - 2024-12)
+ Skelleftea Kraft AB and Vattenfall AB

* More partners to help with data...
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