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Abstract
Statistical surrogate models, or meta-models, are
used to emulate building simulation models. Their
key advantage is the reduction of computational cost.
This in particular matters if building design analysis demands to explore a large number of different
building designs options as in optimization or uncertainty analysis problems.
To derive a surrogate model, a data set consisting of
simulation in- and output data is generated. This set
is then used to train the surrogate. This process of
collecting simulation data may be time intensive and
a building designer has to wait until surrogate model
is available.
In this study we construct a global surrogate model
using adaptive sampling to speed up the data collection. In comparison to static sampling, it balances
both exploration of the design space while exploiting
the iteratively growing information of simulation outcomes. The advantage of adaptive sampling is not
only that it can cut simulation time, but also that it
rapidly provides a preliminary low-accurate surrogate
to the building designer which is sequentially improved while he/she is working with the low accuracy
model already.

Introduction
With a 40% share in global carbon emission and
36% share in global final energy consumption, the
building sector is a key element for policy makers to
address climate change and foster energy efficiency
(IEA, 2017). Many policies aim to improve the design
of new and existing buildings, or their systems.
Architects and engineers are key to put those policies, often encoded in compulsory annual energy
consumption targets, into practice. Therefore, they
may either use their own experience on sustainable
building design, third party design recommendations or run physical building performance simulation
(BPS) tools. In theory, BPS should be the best
option. It not only enables to asses the finalized
building design but rather to explore a large variety of
design options. On the other hand, setting up a BPS

model and exploring the design space by multiple
simulations can be labour intensive and even more
computationally costly. This may cause building designers to rather avoid instead of integrating BPS into
their design processes (Petersen, 2011).
Surrogate models are a promising option to remove
the barrier of computational cost in BPS (Ostergard
et al., 2018). They are used to approximate original BPS models with a statistical machine learning
model that is trained on BPS in- and output data
(simulation samples). A surrogate is computationally significantly cheaper to evaluate (e.g. 106 designs in 1 sec. Ostergard et al., 2018) and enables to
return design performance estimates almost instantaneously. Nonetheless, the cost of collecting simulation samples remain and some authors consider the
surrogate model approach to only ”shift simulation
time” to prior to the design process. Indeed, reducing the sampling time (hours) in the surrogate
derivation process is crucial and outweighs surrogate
model training (minutes) and evaluation (seconds).
Using an optimum sampling plan, also called design
of experiment, the information gain per simulation
run can be maximised. Two different paradigms for
selecting simulation samples exist. In static sampling
all samples are chosen in one shot. In this case the
individual design inputs (sample) are picked to fill
the space of possible design options homogeneously.
In adaptive sampling as shown in Figure 1 samples
are picked sequentially to adapt the sampling plan
depending on simulation outcomes. This enables to
balance space exploration with exploitation of simulation outcomes. For example, exploitative sampling
may be used to identify complex, non-linear regions
in the simulation outcomes. It has been observed,
that adaptive sampling may outperform static sampling schemes by lowering the number of samples
required to achieve a certain level of accuracy of a
surrogate model to approximate a high-fidelity simulation model (Garud et al., 2017).
In this study, we implemented the LOLA-Voronoi
adaptive sampling algorithm. We identified three key
advantages:
• maximise information gain per sample
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Figure 1: Adaptive sampling with the LOLA-Voronoi algorithm.

• allow online surrogate derivation
• no initial choice of no. of samples required
The advantage of the LOLA-Voronoi algorithm over
other adaptive sampling schemes, is that can be used
in combination with any of the popular surrogate modelling techniques in the building simulation domain
and is not bound to Gaussian Process models like
other adaptive sampling schemes. We applied the
algorithm to fit a surrogate model to a simulation
model of a small 5-zone office building. We quantify
sampling efficiency to reach a certain level of accuracy
and benchmark the results against Latin Hypercube
sampling (LHS), the most popular static sampling
scheme (Burhenne et al., 2011).

Surrogate Models
The use of Surrogate Models for building
design
Surrogate models, or metamodels, have been successfully applied to different types of building performance analysis. Either they are leveraged to study
large number of samples as for example in sensitivity
analysis (Rivalin et al., 2018), uncertainty analysis
(Hester et al., 2017), and optimization (Wortmann,
2018), or used to provide rapid performance assessment to building designers during the early design
stage where many different designs are considered
(Geyer and Schlueter, 2014). In particular for optimization purposes surrogates have lead to time savings
of up to 80% compared to BPS based optimization
(Prada et al., 2018).
Surrogates may be either trained to be globally
(whole design space) or locally (parts of the design
space) accurate. While the former serves as a full replacement of a simulation model, local surrogates are
often derived in optimization schemes where only specific parts of the design space are out of interest. The
latter cannot be reused in subsequent analyses. In
this study we focus on sampling for global surrogates
given their general range of applications.

Sampling for building simulation surrogate models
In the following we introduce one static and one
adaptive sampling algorithm. Static latin-hypercube
sampling is one of the most popular sampling

method in surrogate modelling research (Ostergard
et al., 2018). We use it as a benchmark for the
adaptive LOLA-Voronoi sampler. LOLA-Voronoi has
proven to outperform LHS on test functions before
(Crombecq et al., 2011) and is widely applicable as
it is not tied to a specific surrogate model type or
certain number of variables.
Latin-hypercube sampling
Latin-hypercube sampling (LHS) is a stratified
sampling scheme. In stratified sampling, the design
space is divided into multiple subintervals from
which samples are drawn. This reduces the risk
of clustering or gaps in the sample set as found in
random sampling schemes Garud et al. (2017).
LHS divides each dimension of the design space into
K equal bins resulting in K N hypercubes, where N is
the number of samples. K sample points x are listed
in a sampling matrix L = [x(1) , x(2) , ..., x(K) ]T where
the columns represent the different design parameters
and the rows the sample points. In LHS the samples
are chosen in that way that in each column there are
no two samples that fall in the same bin. Hence the
number of bins equals the number of samples drawn.
In Figure 2 the initial seed of samples (red dots)
where determined using an LHS design with K = 15
samples.
Hence, both the window-to-wall ratio
and the solar-heat-gain coefficient are binned into
15 equal bins. Each bin is represented by one sample.
LOLA-Voronoi sampling
The LOLA-Voronoi adaptive sampling strategy was
developed in (Crombecq et al., 2011). Like other
adaptive or sequential design strategies it is designed
to balance the exploration and exploitation objective
for exploring a design space.
Exploration aims at filling under-sampled parts of
the design space. This is very similar to the idea of
most common static sampling schemes like LHS. Exploitation focusses on finding interesting or complex
parts of the design space. In surrogate model derivation, exploitative sampling capitalizes simulation
outcomes to identify complex (e.g. high gradient) regions in the model outputs. If adaptive sampling is
integrated into an optimization scheme, exploitation
rather aims to pick samples which are interesting with
regard to the optimization objective.
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Different metrics are used for balancing the exploitative and explorative value of sample candidates and
a list is provided by Garud et al. (2017). Sample
candidates are either picked around existing samples
with a high sampling score, determined randomly
throughout the design space, or they are actively
picked using an optimization approach.
In the LOLA-Voronoi algorithm, existing samples are
assigned with a hybrid sampling score H.
H =V +E

(1)

where E, the local-linear approximation (LOLA)
score, quantifies if the region around a specific sample
is non-linear and V if it is under-sampled in comparison to the other samples. Once H for each of the
existing samples is calculated, the sample with the
highest score serves as a reference to pick additional
simulation samples around it. This is done by taking
its Voronoi cell, i.e. the region consisting of all points
closer to that sample than to any other, and randomly
pick a sample inside that Voronoi-cell.
The LOLA score of each sample is computed by
fitting a local-linear hyperplane through the simulation outcomes of its neighbours. The length of
the normal of that hyperplane serves as non-linearity
estimate. Determining the neighbouring samples
among all existing ones is crucial to receive accurate
non-linearity estimates. A detailed explanation can
be found in (Crombecq et al., 2011).
The Voronoi cell size of a certain sample, V , is large
if the neighbouring samples are far away where the
distance among points is quantified using the Euler
distance. Consequently, the larger V , the lower the
density of points. Computing the actual cell size is
not straight-forward and usually done by Delauny
triangulation. In the LOLA-Voronoi algorithm is is
estimated to lower computation cost. Therefore, a
random set of points is generated within the overall
design space. Subsequently, the number of points
closest to each individual of the existing points are
counted. Samples with the lowest number of assigned
points have the lowest density and hence, are undersampled.
Once the sample with the highest hybrid score H is
found. One of the points assigned to that sample
during Voronoi cell estimation, is picked as new simulation sample. Here, we limit the number of new
samples to one per LOLA-Voronoi iteration but this
can be modified.
The LOLA-Voronoi sample selection process is illustrated in Fig. 2 which shows the three samples
with the highest exploration (a), exploitation (b) and
hybrid score (c). The red dots show initial simulation samples. The blue lines are generated from
a Gaussian Process surrogate model trained on this
initial set of simulation data. The surrogate was then
evaluated at the intersection of the blue lines. To
simplify the visualization, this surrogate model was

Table 1: Considered parameters, their Morris coefficient and their value range.
Parameter
Solar heat gain
coeff.
Equipment gains
Window-to-wall
ratio
Lighting gains
U-value window
Infiltration
Conductivity wall
Thickness wall

µ∗
8.4 ∗ 108

Range(min, max)
(0.1,0.9)[ ]

3.5 ∗ 108
4.6 ∗ 108

W
(10,15)[ m
2]
(0.1,0.9)[ ]

W
3.3 ∗ 108
(10,15)[ m
2]
1.8 ∗ 108
(0.1, 5) [ mW
2K ]
3
]
1.0 ∗ 108 (10−4 , 2 ∗ 10−3 ) [ m
m2
7
W
2.9 ∗ 10
(0.02,0.2) [ mK ]
2.1 ∗ 107
(0.1,0.5)[m]

fitted to annual energy demand simulations given two
inputs only (window-to-wall ratio and solar heat gain
coefficient).
Here, the three samples with the highest corresponding score are encircled with a green line. If
only the exploration score is considered, the samples
are chosen as reference samples with the closest neighbouring samples being far away. If only the exploitation is considered, those samples with a high
gradient in the surrounding region are picked. By
summing up both scores a balance between the two
objectives can be found (c).
Experiment
We applied LOLA-Voronoi sampling to derive a
surrogate of a whole building simulation model
of a small office building with five thermal zones
(Small Office, new construction 90.1-2004; see Deru
et al., 2011). The output of the surrogate is total
annual energy demand of the building and the inputs
are chosen by looking at previous literature where
similar surrogates were constructed (Ostergard et al.,
2018) and by conducting Morris screening to filter
the candidate inputs (features) by their sensitivity
(Tian, 2013). The remaining eight most sensitive
parameters are shown in Table 1. Morris screening
was conducted with five value levels using the SALib
library (Herman and Usher, 2017).
Note that, parameter distributions affect the samples
collected using static sampling (here LHS). Here all
distributions were chosen to be normal with the min
and max value serving as 95-percentile.The distributions implicitly consider which design choices are
the most likely to happen or are the most common.
While static sampling uses parameters distributions,
adaptive sampling with the LOLA-Voronoi algorithm
is independent to parameter probabilities.
To take the influence of problem size into account, we
conducted two experiments with four and eight design
parameters. In case of four design parameters only
the four most sensitive ones were considered. Here
we sequentially trained a neural network model. However, LOLA-Voronoi sampling can be used together
with any type of surrogate model. The architecture
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Figure 2: Exploitation, exploration and hybrid score based selection of regions for further samples.

In either case we collected enough samples to reach
an accuracy of larger than R2 ≈ 0.95. Note that all
reported accuracy scores were achieved with crossvalidated (5-fold) and optimized neural network
models. Due to randomness in sampling and model
fitting we repeated the process twenty times. The
orange dashed line shows the mean results achieved
with adaptive sampling and the blue line shows the
results for LHS. The band shows the maximum and
minimum values found. The lowest x-axis entry
corresponds to the initial seed of samples for adaptive
sampling.
First, we can see that LOLA-Voronoi is more sampling efficient than LHS sampling in case of four
design parameters. Not only the mean accuracy
is higher but also the band of observed accuracies
is smaller. In case of eight design parameters the
performance of both schemes is rather similar.

Figure 3: Results. Neural network surrogate model
accuracy per number of simulated samples in problem
with 4 (top) or 8 design parameters (bottom) were
trained.
of the neural network model and its hyperparameters
(number of hidden layers, number of samples) were
optimized in a grid search and cross-validated.
We quantify the performance of LOLA-Voronoi for
building simulation surrogates by plotting the surrogate model accuracy achieved for a given number
of samples. The model accuracy is quantified by the
coefficient of determination R2 and is computed on
a separate test set of 100 randomly selected samples
in either of the two experiments. We benchmarked
the results against Latin-Hypercube sampling (LHS),
which is a popular static sampling approach for surrogate model derivation (Forrester et al., 2008).

The results can be discussed with regard to accuracy
and implications on the applicability of adaptive sampling during early building design are given in the
following.
Accuracy: On first sight the results of the presented experiments indicate that static and adaptive
sampling using the LOLA-Voronoi algorithm provide
similarly accurate surrogate models with slight benefits of using adaptive sampling if the number of
parameters is small. With increasing number of parameters this benefit appears to vanish.
Based on the given results, if one aims for a model
with high accuracy using as little simulation samples
as possible, adaptive sampling may be a better choice
than static sampling. Definitely, further experiments
with more number of samples are required to confirm
these findings.

Results and Discussion
The results of the two surrogate model fitting
experiments are shown in Figure 3. In the top plot
the result of fitting a surrogate with four design
parameters (inputs) and in the bottom plot of a
surrogate with eight design parameters are shown.

Applicability: The given results in Figure 3
outline the advantage of LOLA-Voronoi to adapt
sample selections depending on the already existing
set of samples to increase surrogate model accuracy.
This enables to provide a preliminary surrogate after
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an initial set of simulations was conducted and then,
constantly updating that surrogate while it may be in
use already. Looking at Figure 3 (bottom), a building
designer can use a surrogate trained on 20 samples
which may have an accuracy of roughly R2 ≈ 0.90
(lower end of the band). While he uses the model for
first building performance analysis, further samples
can be acquired and after some time his surrogate reaches an accuracy of more than R2 ≈ 0.95. In static
sampling all samples are selected in one-shot. To add
further samples, one could only rerun the static sampling scheme to increase the sample density within
the design space. No information on the design space
complexity would be integrated in this case.

Conclusions and Future Work
This study contributes with an experiment on
adaptive sampling for global surrogate model derivation in the building performance domain. A first
comparison of static and adaptive sampling is given.
The results show that none of the two sampling
schemes clearly outperforms the other. However, the
tendency is found that adaptive sampling is more
sampling efficient if a high surrogate model accuracy
is required. Apart from that, we saw the potential
that adaptive sampling helps for fast preliminary surrogate derivation whose accuracy is improved while it
is already applied by building designers for building
performance analysis.
This study is a first step to study the potential use of
adaptive sampling for building simulation surrogate
models. The scope of the experiments should be extended in future. For example, further adaptive and
static sampling algorithms could be considered and
the number of design parameters increase to more
than eight variables. Furthermore, LOLA-Voronoi
currently only accomodates continuous variables and
has to be modified such that it can also be used with
discrete variables.
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