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Objective:
Sizing under multi-year weather and price uncertainty considering
* Long samples of data

Objective:
* Minimise the cost of operation and carbon emissions of

Objective: Objective:

Develop data-driven predictive controller that can
handle the unknown disturbances and longer horizons

a building taking into account building dynamics and Find a solution such that the constraints are satisfied for every uncertainty.
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* Data-driven control e Higher cost of operation
» Dissatisfaction of occupants

* Unsatisfactory ‘off the shelf’ data-drivenapproaches

* "Segmented-horizon data-driven predictive control for systems with

e Control co-design
* Robust control

unmeasured disturbance"

* “Integrated system and control design under uncertainty in closed

loop operation”
Improvements from proposed methods: pop

Reduced modelling effort

Higher efficiency

Better performance

Robust closed-loop operation

Robust operation in worst-case scenarios

* “Approximate local reduction methods for optimal control”

Collaborations
WP3, WP8, WP5
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