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prediction

with ANN

Measurements of

real building data
results of the IDA 

ICE simulation
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 Printing presses contribute significantly to 

the temperature increase

 The recooling unit works accordingly when 

the printing press is running

 Room temperature more influenced by 

presses than by outside temperature

 Increased use of night cooling possible





variable parameters for the IDA ICE simulation

 cooling system (heat pump, compression, 

geothermal energy)

 location (Bayreuth, Munich, Brussels)

 shading

 cool setpoint

 internal load

 storage of the cooling system



create a test plan



modelling the different cases and simulate

results of the IDA ICE simulation


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Data generation:

 Modelling of a detailed simulation model based on real measured data and building parameters

 Validation of the model based on measurements of the energy demand of the cooling system

 Implementation of a parameter variation based on defined scenarios
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Data processing:

 Parameters and simulation results of the cooling demand serve as training data for the ANN

 Mathematical Model calculates energy demand as an output

 Output accuracy can be improved with more and more data (e.g. from simulations)

Mathematical Model

weighting

Comparison of results and adjustment of weights 

ANN vs. training data



•

•

•

•

•

•

•

•

Prediction:

 ANN can be used to predict energy demands, even for unknown input parameters.

 The result / output is the most probable cooling demand for the given input parameters. 

 The trained model can be used for predictions of cooling demand with a minimal knowledge.



 12 neurons inputlayer

(Denselayer)

 25 neurons first hiddenlayer

(Denselayer, activation: ReLU, activity regularizer: L2(e-4)

 20 neurons second hiddenlayer

(Denselayer, activation: ReLU)

 1 neuron outputlayer

(Denselayer)

 Early stopping (1e-3)

 Batchsize: 10

 Max. epochs: 2000
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%

 RMSE for unknown data : 3.2%




