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Motivation

Scalable modelling processes are essential for
scaling our impact on sustainable building
design




Fast Machine Learning
Building Energy Simulation
Surrogate Models




‘A lifetime’s worth of wisdom’
- Steven D. Levitt, co-author of Freakonomics
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The example of the chess player

Find next move in seconds



Building performance design
Fast and Slow

I

Find building energy performance in seconds




Building performance design
Fast and Slow

Machine learning model - “Surrogate” Physics-based model

as System 1 as System 2
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Find building energy performance in seconds




Surrogate modelling

Building description file
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Westermann, P, and Evins, R.. "Surrogate modelling for sustainable building design-A review." Energy and Buildings (2019).
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Surrogate modelling
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Westermann, P, and Evins, R.. "Surrogate modelling for sustainable building design-A review." Energy and Buildings (2019).



Use of climate data




Generalization of surrogate models:
Weather file as surrogate model input

Building description file |
(1) — Building simulation

Simulation outputs
software (e.g. heating demand)

Annual hourly climate

|
(.epw) !
|
Training/ I
validation labels :
Surrogate model ||~~~ b
(feed-forward neural net) Estimates

Westermann, P, Welzel, M., and Evins, R.. "Using a deep temporal convolutional network as a building energy surrogate model that
spans multiple climate zones." Applied Energy (2020).




The climate file

~150’000 values

>

Climate variable (17)

Hour of the year (8760)

Westermann, P, Welzel, M., and Evins, R.. "Using a deep temporal convolutional network as a building energy surrogate model that
spans multiple climate zones." Applied Energy (2020).




1D - Convolutional kernels

(i) 2D convolutional kernel on image data (ii) 1D convolutional kernel on time series data

16

et=g = b + 2 Xi t=0Wj

1=0

Westermann, P, Welzel, M., and Evins, R.. "Using a deep temporal convolutional network as a building energy surrogate model that
spans multiple climate zones." Applied Energy (2020).




The convolutional neural network (CNN)
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Z. Wang, W. Yan, T. Oates, Time series classification from scratch with deep neural networks: A strong baseline, in: 2017 international

joint conference on neural networks (I/JCNN), IEEE, 2017, pp. 1578—158b5.



Performance on Canadian Climates

Training Performance

Testing Performance
(unseen designs and locations)

Feature set R? nMBE MAPE RMSPE R? nMBE MAPE | RMSPE
No Weather Data 0.3223 0.84 % 4337 %  81.01 % <0 -13.83 % 74.95 %
HDD Only 0.9931  0.07 % 2.25 % 3.78 % | 0.9852 - 3.82 % 13.62 %
Engineered 0.9966 -0.10%  3.22 % 8.77 % | 0.9951 - 0.96 % 7.10 %

Learned 1.93 %

2.60 %

0.9971 - 043 % | 294 % 3.81 %

Westermann, P, Welzel, M., and Evins, R.. "Using a deep temporal convolutional network as a building energy surrogate model that

spans multiple climate zones." Applied Energy (2020).
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Performance
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Westermann, P, Welzel, M., and Evins, R.. "Using a deep temporal convolutional network as a building energy surrogate model that
spans multiple climate zones." Applied Energy (2020).
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Conclusion and
future research




Conclusion

* Concept of reusable surrogate models as building simulation 2.0
 Showcased large scale generalization potential

Geometry, materials,

: : Climate |
built environment

General
surrogate

HVAC systems




Ongoing and future research

* One “universal surrogate” to replace simulations
* Span the entire globe and more types of outputs (hourly!)

e Retrofit analysis of existing buildings
* Building model calibration

* Urban building energy modelling (UBEM)
* Urban retrofit analysis
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