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Motivation and background

Building energy impact

@ Building energy consumption accounts for an important part of the total global
energy consumption.

@ Learning precise models for building energy predictions is critical for decreasing
energy usage. )

Building energy prediction

@ Predict a model of the building energy consumption using information about the
structural characteristics of the building or past patterns of energy usage.

A\
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Motivation and background

Approaches to building energy prediction

@ Physical energy models (i.e., white box),
@ Data-driven models (i.e., black box)
@ Hybrid models that combine characteristics of the previous two (i.e., gray box).

Data-driven models

@ Linear regression

@ Decision trees and random forests
@ K-nearest neighbours

@ Neural networks
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Motivation and background

Neural network approaches to building energy prediction

@ They can exploit non-linear dependencies between the input variables.

@ Difficult to find an optimal set of hyperparameters and define the model
architecture.

@ Neural architecture search (NAS) can be used to find improved architectures.

NAS methods and neural network representation

@ Coarse-representation: The NN components are grouped into modules and NAS
searchers a combination of modules.

@ Code-based representation: The NN is represented with a more fine-grain (e.g.,
layers, activation functions, etc.) encoding of NN components.
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Objetives

@ To evaluate neuroevolution for searching neural network configurations that
improve the models’ accuracy for building energy prediction problems.

.

Neuroevolutionary approach

@ Encode the network architecture and hyperparameters as a list with the NN
specifications.

@ Directly translate the lists into Tensorflow2 code for NN evaluation.
@ Apply genetic operators to the NN list encodings.

\,
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Neuroevolutionary approach

Figure: Evoflow architecture for NAS.
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Neurovevolutionary approach

NN components and genetic operators

[ Weights-init | Act. func. [ Other  [[ Gen. operators |
xavier indentity | batch norm. layer_change
normal relu dropout add_layer
uniform elu del_layer

softplus activ_change
softsign weight_change
sigmoid

tahn
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Neuroevolutionary approach

Algorithm 1: Neuroevolutionary algorithm for MLPs.

Set t < 0. Create a population Dy by generating N random MLP descriptions;

while halting condition is not met do

Evaluate D; using the fitness function;

From Dy, select a population D,S of Q < N solutions according to a selection
method;

Apply mutation with probability pm to D,S and create the offspring set O;.
Choice of the mutation operator is made uniformly at random;

Create D¢ by using the selection method over {D;, O;};

t<=t+1;

end while
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Problem scenarios

First scenario

@ A set of building designs is available.

@ Each design includes a number of variables that characterize the design (e.g.,
surface area, wall area, roof area, etc.).

@ The heating and cooling loads obtained from simulations of the building
specification.

@ Problem: Predict the cooling and heating loads from the variables that the
describe the buildings designs.

.
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Problem scenarios

Second scenario

@ Focused on a single house with multiple rooms, and lights and appliances in
each room.

@ Recordings from sensors within the house and information about weather
conditions in the surrounding area.

Information about the energy consumption data of the lights and appliances.

@ Problem: Predict the energy consumption of lights and appliances given the
variables that encode the sensors recordings and weather conditions.

.
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Problem scenarios

Data-driven approaches to the problems
@ Both problems can be addressed as the regression of two target variables.
@ Mean squared error (MSE) is used as a measure of the prediction accuracy.
@ We consider multi-layer perceptron model (MLP) that simultaneously predicts the
two target variables of the problem.

Evolved neural networks for building energy prediction
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@ To investigate the capacity of neuroevolutionary algorithms to improve the results
of building energy prediction models.

@ |Investigate the behavior of the algorithm along generations.
@ Compare with other machine learning approaches.
@ Evaluate the performance of the algorithms for a varying size of the training data.
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Experimental framework

Table: NN parameters for each scenario.

[ Scenario | DB size | batch size | n.epochs | max. layers [ max. neurons |

1 768 10 30 8 8
2 19735 50 10 8 8

Parameters of the NE algorithm

@ Population size: 50

Number of generations: 40

Mutation probability: 0.8

Elitism: The best solution in each population is passed to the next
Number of experiments: 20

Data split: Test: P percent of data; Train: 100 — £ Validation: 100 — g

R. Santana, I. Prol-Godoy, A. Picallo-Pérez, I. Inza Evolved neural networks for building energy prediction



Results for the first scenario

Heating and cooling load Heating and cooling load
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Figure: Best and best (normalized) MSE value in each generation for
the Heating and cooling load problem.
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Results for the second scenario
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Figure: Best and best (normalized) MSE value in each generation for
the Energy consumption problem.

R. Santana, I. Prol- A. Picallo-Pérez, I. Inza

Evolved neural networks for building energy prediction



Results for the second scenario

Mean MSE found for each problem Absolute lowest MSE found for each problem
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Figure: Mean and Best for solutions in the final population.
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Load prediction E. consumption prediction
Percent 20 40 60 80 20 40 60 80
ENN 020 0.16 0.14 0.13 | 0.69 0.52 0.43 0.37
LR 0.19 0.13 0.16 0.20 | 0.69 0.53 0.53 0.53
RFR 0.05 0.06 0.08 0.09 | 159 090 0.62 0.61
KNNR | 0.11 0.09 0.10 0.10 | 0.75 0.56 0.46 0.41
DTR 0.06 0.06 0.08 0.09 | 191 144 089 0.77
ETR 0.06 0.06 0.08 0.09 | 1.12 065 0.52 0.52

Table: Comparison with other regression approaches
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Conclusions

@ The combination of architectures and hyperparameters optimization can improve
the accuracy of NNs for building energy problems.

@ Gains are not of the same magnitude for all the problems and more NN
evaluations can be required for some problems.

Neuroevolution can be costly in terms of computational time.

@ Nevertheless, once the best performing models have been learned they can be
used multiple times.
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