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Abstract

Calibrating dynamic building simulation with sub-
hourly data involves comparing a high number of sim-
ulated and measured values. The predictability and
informativeness of each value taken separately may
be limited. Thus, dimensionality reduction, by trans-
forming the simulation output data to a space of lower
dimension while retaining significant features, has the
potential to improve the computational efficiency of
calibration. This contribution aims at investigating
the use of linear and nonlinear dimensionality reduc-
tion techniques for the calibration of dynamic build-
ing simulation models involving uncertainties pertain-
ing to both building and heating systems. Two cal-
ibration cases are considered. The techniques used
for dimensionality reduction are principal component
analysis on the one hand, and on the other hand
nonlinear feature extraction based on artificial neu-
ral networks. A Bayesian calibration method is then
applied to the outputs with reduced dimension, and
its performance is assessed with synthetic data. The
results show improved performance in comparison to
calibration based on daily average values.

Key Innovations

• Use of dimensionality reduction techniques for
more efficient calibration of dynamic simulation
models

• Encoding simulation results into a vector of low
dimension by training neural networks on the su-
pervised problem of retrieving simulation input
parameters based on simulation results

Practical Implications

Dimensionality reduction techniques may allow dy-
namic simulations with high resolution outputs to be
calibrated more efficiently.

Introduction

When attempting to calibrate dynamic building sim-
ulation with subhourly monitoring data, one may be
faced with a high number of simulated and measured
values, whereby the predictability and informative-
ness of values at a single time step may be limited.
This contribution argues that dimensionality reduc-

tion, i.e. transforming the simulation output data to
a space of lower dimension while retaining significant
features, has the potential to improve calibration by
making it more computationally efficient and by al-
lowing it to operate on features with a higher degree
of predictability than the original data. The contri-
bution investigates the use of linear and nonlinear
dimensionality reduction techniques for the calibra-
tion of dynamic building simulation models involving
uncertainties pertaining to both building and heating
systems.

Related work

Calibration of dynamic building simulation
models

Calibration of building performance simulation is a
key approach for ensuring high-quality models and
an active area of research. Calibration approaches re-
ported in the literature have been applied to various
temporal resolutions, from monthly to daily, hourly
and subhourly values. The growth of advanced energy
metering in buildings, which is supported by various
legislations (Ahmad et al., 2016), makes the chal-
lenge of dealing with high-dimensional output data
increasingly relevant (Chong et al., 2017). A review
of calibration techniques in the context of building
energy models (Coakley et al., 2014) distinguished
between manual and automated calibration meth-
ods. The amount of data associated with calibra-
tion at subhourly time steps increases the difficulty
of visualization-supported trial and error and repre-
sents an additional argument for the use of automated
methods.

A popular approach to automated calibration is to
formulate it as an optimization problem, minimizing
a discrepancy measure, typically the mean squared er-
ror between simulation and measurement data, which
is a function of calibration parameters. This approach
suffers from the characteristics of such functions,
which are typically nonsmooth and expensive to eval-
uate, and accordingly difficult to optimize (Wetter
and Wright, 2004). Moreover, such calibration op-
timization problems generally suffer from underde-
termination, meaning that the number of uncertain
parameters is too high for them to be tuned based
on monitoring data (Sun and Reddy, 2006). Accord-
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ingly, low discrepancy values between simulation out-
puts and measurements do not necessarily imply that
input parameter values are close to their true values.

Bayesian calibration, as introduced by Kennedy and
O’Hagan (2001), acknowledges the remaining uncer-
tainty in calibrated models, aiming at calculating an
updated (posterior) probability distribution of the
parameters rather than to fit them to punctual val-
ues. This approach makes it possible to account for
various sources of uncertainties, including those re-
lated to model inadequacy and measurement errors,
as expressed in Equation 1, where the measured val-
ues y are expressed as a “true” function ζ of known
inputs x plus some measurement error ε. ζ in turn is
the sum of the model function η and of a discrepancy
function δ.

y(x) = ζ(x) + ε = η(x, θ) + δ(x) + ε (1)

In Equation 1, θ is the vector of “true” value of cal-
ibration parameters. Its posterior distribution p(θ|y)
given measured values can be calculated on the basis
on Bayes theorem, as expressed as Equation 2, where
p(θ) is the assumed prior probability distribution of
calibration parameters.

p(θ|y) = p(θ)p(y|θ)/p(y) (2)

However, in most cases, this cannot be solved analyti-
cally and the posterior is approximated using Markov
chain Monte Carlo (MCMC) methods (Higdon et al.,
2008; Chong and Menberg, 2018). These methods
require a high number of model evaluations, which
can only be achieved efficiently through the use of
surrogate models. The need to train surrogates for
all simulated and measured values makes Bayesian
calibration with high-resolution data computationally
expensive (Chong et al., 2017). To address this issue,
Chong et al. (2017) reduced the size of the output by
selecting a representative subset based on methods of
information theory. Similarly, Tian et al. (2016) used
correlation analysis and clustering to identify “infor-
mative” subsets of monthly energy data, whereby in-
formativeness was defined based on the ability to infer
the true values of unknown parameters in a Bayesian
approach. Remmen et al. (2019) reported a massive
reduction in computational costs when performing
Bayesian calibration of building simulation on statis-
tical indices rather than using whole time series, but
noted that not all parameters could be calibrated with
this method. Beyond the domain of building simula-
tion, dimensionality reduction has been suggested as
a way to deal the challenge of Bayesian calibration
with high-dimensional output (Wilkinson, 2010).

Dimensionality reduction

Dimensionality reduction consists in mapping high-
dimensional data into data of lower dimension while
preserving features of interest in the data. This can
be useful in a range of applications, including data vi-
sualization (Venna et al., 2010), compression (Theis

et al., 2017), or as a preprocessing step before algo-
rithms suffering from the “curse of dimensionality”
(Bishop, 2006).

In linear dimensionality reduction, a linear map-
ping is used from a high-dimension space to a space
with lower dimension (Cunningham and Ghahra-
mani, 2015). The most widely used method for linear
dimensionality reduction is principal component anal-
ysis (PCA) (Cunningham and Ghahramani, 2015).
PCA can be defined as the linear projection that
minimizes the mean squared distance between the
data points and their projections onto a lower dimen-
sional space (Bishop, 2006). This subspace is gener-
ated by the so-called principal components, which are
eigenvectors of the covariance matrix with the largest
eigenvalues.

Linear dimensionality reduction is especially use-
ful in cases where observed data lie close to a
low-dimension linear subspace of the original high-
dimensional space. If this is not the case, nonlin-
ear dimensionality reduction may be more useful. By
definition, nonlinear dimensionality reduction uses a
nonlinear mapping from the original high-dimension
space to a space with lower dimension. According to
Silva and Tenenbaum (2003), nonlinear dimension-
ality reduction techniques aim at recovering “low-
dimensional structures hidden in high-dimensional
data”.

There exists a variety of nonlinear dimensionality re-
duction techniques, many of which can be seen as ex-
tensions of linear dimensionality reduction techniques
(Bishop, 2006). Nonlinear dimensionality reduction
techniques may be divided into local and global tech-
niques (Silva and Tenenbaum, 2003).

In other domains, linear dimensionality reduction has
been proposed to make Bayesian calibration more ef-
ficient. Wilkinson (2010) used principal component
analysis to obtain faster emulators for Bayesian cali-
bration. Higdon et al. (2008) used linear dimension-
ality reduction in combination with Bayesian calibra-
tion of models with high-dimensional output. In the
context of building performance simulation, where
high-dimensional outputs are frequently found, previ-
ous applications of dimensionality reduction have in-
cluded visualization, weather data analysis and fault
detection (Kent et al., 2020; Lam et al., 2010), but
not output dimensionality reduction for calibration.

Methods

Objectives

The previous section has established that high-
dimensional data make it challenging to calibrate dy-
namic building simulation models at short time steps.
It has also presented dimensionality reduction tech-
niques, which are used in a variety of applications
to map high-dimensional data into lower-dimensional
spaces while preserving interesting information. The
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current study aims at investigating the usefulness
of dimensionality reduction techniques to calibrate
building energy models at subhourly time steps in
a Bayesian setting. While dimensionality reduction
might also be applied in an optimization-based cali-
bration methodology, this possibility is not pursued
here.

Proposed workflow

The proposed workflow mainly differs from otherwise
proposed methods for Bayesian calibration of build-
ing performance simulation models, e.g. (Chong and
Menberg, 2018), by the dimensionality reduction step
described in the next paragraph. Accordingly, the
main steps are:

• Collection of monitoring data. In the validation
experiments presented in this paper, synthetic
simulation data are used in lieu of monitoring
data.

• Parameter screening. Sensitivity analysis should
be performed to identify the most influential un-
certain parameters.

• Creation of simulation data by running a number
m of simulations.

• Application of dimensionality reduction to the
resulting simulation data.

• Training and validation of computationally
cheap surrogate models for the outputs of re-
duced dimension.

• Sampling of posterior distributions using Markov
Chain Monte Carlo (MCMC).

• Checking of convergence and results.

• Use of the calibrated model.

The Bayesian calibration method is applied to the
outputs with reduced dimension, which differs from
the approach of Wilkinson (2010), where the outputs
of surrogate models with reduced dimensions are pro-
jected back onto the original output space. Such in-
verse projection would presumably not be possible
with the chosen nonlinear dimensionality reduction
technique. For each calibration parameter, a normal
prior distribution with standard deviation equal to
0.2 times the range defined in Table 1 is assumed.
The model discrepancy and measurement error terms
are neglected in this paper, where the method is ap-
plied to synthetic data. Feedforward neural networks
with 2 hidden layers of 50 units each are used as sur-
rogate models. These surrogate models were found to
perform better than the more usually used Gaussian
processes on the present use case.

Dimensionality reduction

Each simulation run results in a matrix Y ∈ Rnt×nq of
simulation results, where nt is the number of output
time steps and nq the number of considered quanti-
ties. The m simulation runs result into a simulation
data matrix of size m × (nt × nq), to which dimen-
sionality reduction is applied. Two dimensionality re-

Input nt × nq

Conv1D

MaxPool1D

Conv1D

MaxPool1D

Conv1D

MaxPool1D

Output 1× 1

Figure 1: Architecture of the neural network learning
to map simulation results to input parameters.

duction techniques are used: a linear and a nonlinear
technique. Before dimensionality reduction, the sim-
ulation results are scaled per quantity to take values
between 0 and 1, so as to facilitate comparisons and
ensure more equal contributions to the results from
each quantity. In addition, the mean value across all
runs at each time step is subtracted for each quan-
tity. Principal component analysis is used for linear
dimensionality reduction.

For nonlinear dimensionality reduction, an ad-hoc
technique described as follows is used. Simulation
results are encoded into a vector of low dimension
by training neural networks on the supervised prob-
lem of retrieving simulation input parameters θ based
on simulation results. In other words, neural net-
work regression is applied to solving the calibration
problem. While the regression itself does not succeed
with high accuracy (if only because of the underde-
termination of the calibration problem), the method
produces nonlinear mappings from the space of sim-
ulation outputs (nt × nq dimensions) to a space of
dimension equal to the number of calibration param-
eters nθ. These mappings are expected to yield values
which are informative with regards to the calibra-
tion parameters and can then be used for Bayesian
calibration. One-dimensional convolutional networks
with three successive convolutional layers are used
to this aim, as illustrated in Figure 1. Such neu-
ral networks have been shown to allow time series
with regular time intervals to be processed efficiently,
with less overfitting risk than densely-connected neu-
ral networks (Goodfellow et al., 2016).

Simulation use case

The proposed method is illustrated with the calibra-
tion of simulations of a single-stage heat pump serving
a residential radiator heating system, as schematized
in Figure 2. This system is modelled in Modelica
using the Modelica Buildings Library (Wetter et al.,
2014) version 6.0 and simulated with Dymola for a
period of 7 winter days, with a time step of 5 minutes
(thus nt = 2016 time steps). Two simulation and cal-
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(a) (b)
(c)

(d)

Figure 2: Diagram of the simulated system with heat
pump (a), buffer tank (b), three-way valve (c) and
radiator heat delivery (d).

Table 1: Summary of calibration parameters.

Symbol Description Min Max

ach Air change rate per
hour in h−1

0.5 0.60

Troom,set Room temperature
set point in ◦C

21 23

Aintmass Area of internal
mass surfaces in m2

200 400

τshade Solar transmissivity
of exterior shade

0.60 1.00

xrad Scaling factor to
scale radiator power

0.80 1.00

ibration cases are considered, differing in the extent
to which control signals are part of the simulation:

• “open loop” (OL): heat generation control sig-
nals (heat pump on or off) are assumed to be
known and fixed and the response of building
and storage components is calibrated.

• “closed loop” (CL), heat generation control sig-
nals are part of the simulation and also subject
to calibration.

In closed-loop control, the heat pumps cycles on and
off based on the temperature of a buffer tank. Simula-
tion outputs used for calibration are heat pump sup-
ply (Thp,sup) and return (Thp,ret) temperatures, buffer
tank middle temperature (Tsto) in ◦C and, in the
closed-loop case, heat pump electric power (Php,el)
in kW. Thus, nq is equal to 4 in the open-loop case
and 5 in the closed-loop case.

The same 5 calibration parameters are considered
in both cases. They are summarized in Table 1.
m = 200 simulation runs are used for each of the
two simulation cases.

Calibration experiments

The proposed method of using dimensionality re-
duction to calibrate dynamic simulation models is
demonstrated with controlled calibration experiments
using synthetic ground truths.

The two dimensionality reduction techniques pre-
sented above are used: linear (LDR) and nonlinear

Table 2: Summary of calibration experiments. The
compared quantities are obtained by daily aggrega-
tion (DA), linear dimensionality reduction (LDR)
and nonlinear dimensionality reduction (NLDR).

ID Calibration
case

Compared
quantities

CL DA closed loop 7 daily integrals of
Php,el

CL LDR closed loop 7 first principal
components (LDR)

CL NLDR closed loop nθ = 5 parameter
indicators (NLDR)

OL DA open loop 7 daily average
values of Tsto

OL LDR open loop 7 first principal
components (LDR)

OL NLDR open loop nθ = 5 parameter
indicators (NLDR)

dimensionality reduction (NLDR). As a simple base-
line to compare against these dimensionality reduc-
tion techniques, simple daily aggregated (DA) val-
ues are used: daily averages of buffer tank temper-
atures in the open loop case and daily electrical en-
ergy consumption of the heat pump in the closed loop
case. The performance of the proposed method is
assessed with synthetic data. Each experiment is re-
peated with several (10) ground truth parameter sets.
In each case, the ground truth is excluded from the
training set for surrogate modeling.

Implementation

The method described in the previous sections is im-
plemented in the Python language, making use of
existing libraries and frameworks. PyTorch (Paszke
et al., 2017) is used to implement artificial neural
networks for nonlinear dimensionality reduction (1-
D convolutional networks) and for surrogate models
(multilayer perceptrons). Pymc3 (Salvatier et al.,
2016) is used to perform Bayesian inference with
Markov chain Monte Carlo using an implementation
of the No-U-Turn Sampler (NUTS) (Hoffman and
Gelman, 2014).

Results

Dimensionality reduction

In the presented experiments, the applied dimension-
ality reduction techniques reduce the original data in
several thousand dimensions (nt × nq: 8064 in the
open-loop case and 10080 in the closed-loop case) to
data in 5 (in the nonlinear case) or 7 (in the linear case
and in the baseline daily aggregation) dimensions.
Principal component analysis can be interpreted by
looking at the first principal components. Each prin-
cipal component corresponds to a deviation from the
mean values which can be visualized, as in Figure 3.
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Figure 3: First 2 principal components in the closed
loop case displayed as curves (full lines) added to the
mean values for all runs (dotted lines).

Table 3: Variance explained by the first 7 PCA com-
ponents in the closed loop (CL) and open loop (OL)
experiments.

Explained variance
Component CL OL

1 0.136 0.978
2 0.103 0.015
3 0.070 4.6e-03
4 0.060 1.2e-03
5 0.053 4.6e-04
6 0.043 2.9e-04
7 0.034 2.0e-04

In the closed loop case, principal components corre-
spond to oscillations with varying amplitudes and fre-
quencies around the mean value over all runs, which
itself varies rather smoothly in time. Also of interest
is the proportion of explained variance with increas-
ing numbers of components, which is summarized in
Table 3. With open loop simulation, a low number
of components suffices to explain a high proportion
of variance. By contrast, the proportion of variance
explained by the first components in the closed loop
case is much lower. One may relate this to the fact
that closed loop on-off control results in a nonlinear
and even chaotic behaviour, where small changes of
parameter values result in large effects as observed
from each time step.

Figure 4 shows correlation coefficients between the (5
to 7) reduced values obtained for all runs, in each of
the three compared cases. In the case of daily averag-
ing, a high correlation can be observed, whereas linear
dimensionality reduction results in values of zero for
distinct components, and the nonlinear dimensional-
ity reduction technique results in limited (both posi-
tive and negative) correlations. High correlation co-
efficients suggest redundant information in the daily
average values. Such redundancy appears to be lim-

DA, MAV 0.89 LDR, MAV 0.00 NLDR, MAV 0.23

1.0

0.5

0.0

0.5

1.0

Figure 4: Matrix of correlation coefficients between
the indicators obtained for all runs with each of
the three techniques: daily aggregation (DA), linear
(LDR) and nonlinear dimensionality reduction. The
mean absolute value (MAV) of correlation coefficients
(excluding the diagonal) is reported for each case.

CL_DA
CL_LDR

CL_NLDR

OL_DA
OL_LDR

OL_NLDR
Experiment

0.7

0.8

0.9

1.0

R

Figure 5: Pearson’s correlation coefficients of surro-
gate models with the exact simulation values in the
six experiments.

ited or avoided with the proposed dimensionality re-
duction techniques.

Bayesian calibration relies on surrogate models for ef-
ficient sampling, and can only be successful if those
models are accurate enough. The accuracy of surro-
gate models is assessed with five-fold cross-validation.
The correlation coefficients between surrogate pre-
dictions and true values, displayed in Figure 5, are
highest for the daily aggregated values and lowest for
principal component projections (linear dimensional-
ity reduction). With nonlinear dimensionality reduc-
tion, they are very high in the open-loop case but not
in the closed-loop case. The difficulty in predicting
dimensionality-reduced values appears to be a bot-
tleneck of the method. The performance of surrogate
models in predicting projections on certain principal
components is so poor that these projections cannot
be used for calibration.

Calibration results

An example of prior and posterior distributions with
the corresponding true parameter values is shown in
Figure 6. In this illustrated case, the posterior distri-
butions can be seen to be closer to the ground truth
than the prior distributions. This is especially the
case for parameter Troom,set, and less so for parame-
ters ach and Aintmass.

The root mean squared errors (RMSE) of parame-
ter distributions against the corresponding true val-

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
1995

 
 

https://doi.org/10.26868/25222708.2021.30778



0.450 0.475 0.500 0.525 0.550 0.575 0.600 0.625 0.650
ach in 1/h

0

5

10

15

20

25

Pr
ob

ab
ilit

y 
de

ns
ity

ach

293.0 293.5 294.0 294.5 295.0 295.5 296.0 296.5 297.0
Troom, set in K

0.0

0.5

1.0

1.5

2.0

Pr
ob

ab
ilit

y 
de

ns
ity

Troom, set

100 150 200 250 300 350 400 450 500
Aintmass in m²

0.0000

0.0025

0.0050

0.0075

0.0100

0.0125

Pr
ob

ab
ilit

y 
de

ns
ity

Aintmass

0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2
shade

0

2

4

6

Pr
ob

ab
ilit

y 
de

ns
ity

shade

0.70 0.75 0.80 0.85 0.90 0.95 1.00 1.05 1.10
xrad

0

5

10

15

Pr
ob

ab
ilit

y 
de

ns
ity

xrad

Figure 6: Prior, posterior and true values of param-
eters for experiment CL NLDR.

ues (after normalizing them to take values between
0 and 1) are used to score the quality of prior and
posterior parameter distributions. The scatter plots
of Figure 7 offer a comparison of these prior and pos-
terior RMSE for all calibration experiments and pa-
rameters. In these scatter plots, the lower below the
diagonal a marker lies, the more successful calibration
was for the corresponding parameter. It appears from
these scatter plots that certain parameters are gener-
ally easier to calibrate than others. This is especially
the case of Troom,set.

Average values of RMSE over parameters and ground
truth sets for the different experiments are displayed
in Figure 8. Linear dimensionality reduction yields
worse results than the baseline in the closed loop case
but the best results in the open loop case. Nonlinear
dimensionality reduction performs significantly bet-
ter than the baseline in both case. Calibration per-
formance can be seen to depend on the parameters.
Good calibration results are achieved for Troom,set in
most experiments. For τshade, calibration yields con-
sistently good results with NLDR and not with daily
averages. The air change rate parameter seems dif-
ficult to calibrate in most cases, which may be ex-
plained by its narrow range (0.5-0.6 h−1), but good
results are achieved in the OL LDR experiment.

Discussion

The results of the synthetic calibration experiments
shown in the previous section show benefits to the
proposed method. The high-resolution data with re-
duced dimension and the chosen baseline of daily ag-
gregated values have similar dimensions (between 5
and 7) and require similar runtimes for surrogate
training and calibration. In each of the two simu-
lation cases, at least one of the two dimensionality
reduction techniques leads to posterior distributions
significantly closer to the ground truth than with the
baseline.

Values obtained from dimensionality reduction are
likely to be less easily predictable than values aver-
aged over days and thus lead to a lower accuracy of
surrogate models (as is the case in the present exper-
iments). However, they are also more informative, as
demonstrated by the better calibration results. This
may be related to the fact that they are much less
interdependent, as compared to e.g. daily averages
on different days, which are quite strongly correlated.
On the other hand, dimensionality reduction could be
shown to lead to more predictable values in compari-
son to values at shorter time steps. Especially in the
closed-loop case, hourly or subhourly values would be
too unpredictable for surrogate models to be success-
ful and thus for Bayesian calibration to be carried out
based on them.

A drawback of the use of dimensionality reduction is
that the “reduced” values may lack interpretability.
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Figure 7: Scatter plots of prior versus posterior RMSE to true values in all experiments.
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Figure 8: Average values of prior and posterior
RMSE to true values in the six experiments.

This is especially the case with nonlinear dimensional-
ity reduction. This lack of interpretability also makes
it difficult to specify meaningful priors for model dis-
crepancy and measurement error, which have been
neglected in the present contribution.

In this contribution, the proposed use of dimension-
ality reduction for calibration of dynamic simulation
models is demonstrated on the case of a residential
hydronic heating system. It can arguably be ap-
plied to other building simulation cases. In partic-
ular, the ability to handle multivariate time series i.e.
values from multiple sensors makes it more general
than other approaches. While any temporal resolu-

tion could be used, dimensionality reduction is pre-
sumably more useful when the number of time steps
is high, as in the present case. Despite the generality
of the approach, better results may be expected by
adapting the dimensionality reduction technique to
the characteristics of particular cases. In particular,
it has been shown here that linear dimensionality re-
duction may apply well to some calibration problems,
but is less suitable in others. In this paper, a nonlin-
ear dimensionality reduction technique based on su-
pervised inverse learning of simulation parameters is
shown to give promising results in the case where lin-
ear dimensionality reduction based on principal com-
ponent analysis fails. However, other dimensionality
reduction techniques may give yet better results.

Conclusion

This contribution investigates the use of dimen-
sionality reduction techniques for the calibration of
dynamic building simulation models in a Bayesian
framework. Sets of values resulting obtained with
dimensionality reduction techniques are shown to be
more informative than sets of values of the same size
obtained by aggregation at regular intervals. Non-
linear dimensionality reduction is shown to give the
most promising results, especially in the case where
closed-loop control makes simulation outputs at a
given subhourly time step unpredictable. In such
cases, nonlinear dimensionality reduction makes it
possible to extract information from high-resolution
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data which otherwise could not be used for calibra-
tion.
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