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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract

Modern smart meters in heating systems offer building energy data of high temporal resolution. Compared to the annually 
aggregated readings used for conventional billing, the continuous information flow from these smart meters can be made available 
as time series data containing monthly, daily or even hourly aggregated values. In this paper, the effect of different temporal 
aggregation levels of commercial smart meter data on building energy model (BEM) calibration is investigated. Four different 
aggregation levels of a training data set were applied for calibration of six BEM input parameters to set up a Gaussian process 
emulator of the physical system. The performance of the emulator was subsequently tested on an unseen validation data set. Results 
reveal a systematic pattern of increasing predictive accuracy as a function of increasing training data resolution.
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1. Introduction

Setting up a valid building energy model (BEM) is often a difficult task, e.g. in the case of modeling an already
existing building stock where one, to some extent, have to resort to conjecturing about construction details, type of 
materials and their state of condition. The uncertainty embedded in such BEMs may be dealt with by means of 
calibration [1, 2] where parameters are fitted to metered energy use data; however, depending on the level of 
uncertainty in the model, it can be difficult to find a deterministic best fit of model parameters. Probabilistic calibration 
is suitable for incorporating and quantifying this error, as one does not have to rely on single-value estimates, but can 
allow noisy data and the uncertainty of unidentifiable parameters to be propagated through the model.

In recent years, a plethora of Bayesian-based calibration techniques have been proposed and demonstrated, e.g. [3, 
4, 5, 6, 7, 8, 9]. These references all offspring from the original emulator-based framework proposed by Kennedy and 
O’Hagan [10] and Higdon et al. [11] utilizing Gaussian process (GP) regression to match BEM evaluations with 
observed data by fitting calibration parameters. The emulator-based Bayesian approach enables probabilistic 
calibration of uncertain inputs for a given BEM using a limited number of evaluations from the building model. 
Implementing prior information about uncertain input parameters further enables the modeler to bias or even constrain 
the posterior inference – an option that can be reasonable to use when a limited amount of observed data is available 
for calibration. The calibration efficacy of the Bayesian framework has previously been studied under different levels 
of uncertainty [6] and different training set sizes [8]. However, it remains unclear how the temporal data resolution of 
the observed training set affects the posterior parameter inference and overall model accuracy. 

In this paper, we investigate the issue of training data resolution by presenting a study on how different temporal
resolution of metered district heating (DH) data affects the predictive accuracy of a BEM of a detached single-family 
house. We compare the posterior estimates of the calibration parameters and the predictive capabilities of the posterior 
model as measures of this effect. As such, this paper advances our understanding of how the temporal resolution of 
currently available DH smart meter read data affects calibration quality. This knowledge is valuable in many situations, 
for instance when modeling existing buildings for retrofit decision making under uncertainty, and for the future design 
of building energy management systems.

2. Methods

In the following subsection, we shortly outline the Kennedy and O’Hagan calibration formulation [10] in the 
context of BEM and point out changes made for the purpose of this study.

2.1. Emulator-based Bayesian calibration framework

The building-physical system used to generate 𝑖𝑖𝑖𝑖 = 1,2, … ,𝑛𝑛𝑛𝑛 observations of building energy use 𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 at observed 
settings 𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖 and unknown observation error 𝜀𝜀𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖𝑖𝑖 is represented as

𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 = 𝜁𝜁𝜁𝜁(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖) + 𝜀𝜀𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖𝑖𝑖                           i = 1, ... , n, (1)

where 𝜁𝜁𝜁𝜁(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖) denotes the true energy-consuming process. The observable setting xi consists of a p-dimensional vector 
of explanatory design points 𝒙𝒙𝒙𝒙 ∈ ℝ𝑝𝑝𝑝𝑝. In this study, we took p = 2 by letting 𝑥𝑥𝑥𝑥1 index the outdoor air temperature and 
𝑥𝑥𝑥𝑥2 index the insolation. The inclusion of a Gaussian distributed noise-term 𝜀𝜀𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖𝑖𝑖~𝑁𝑁𝑁𝑁(0,𝜎𝜎𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜2 ) allowed for different 
observations of 𝑦𝑦𝑦𝑦 at identical settings of 𝒙𝒙𝒙𝒙, hereby accounting for the very stochastic nature of the energy-consuming 
process, e.g. occupant behaviour.

Using a BEM to represent the energy-consuming process, the observations were statistically modeled as

𝑦𝑦𝑦𝑦𝑖𝑖𝑖𝑖 = 𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖 ,𝜽𝜽𝜽𝜽) + 𝛿𝛿𝛿𝛿(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖) + 𝜀𝜀𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖𝑖𝑖                 i = 1, ... , n, (2) 

where 𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖 ,𝜽𝜽𝜽𝜽) denotes evaluations of the BEM at the p+q-dimensional input vector (𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖 ,𝜽𝜽𝜽𝜽) comprising observed 
design points 𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖 and additional calibrated parameters 𝜽𝜽𝜽𝜽 ∈ ℝ𝑞𝑞𝑞𝑞. In this study, we selected q = 6 BEM input parameters 
for calibration based on a Sobol sensitivity analysis on the model as demonstrated by Kristensen and Petersen [12].
They were U-value (windows), Infiltration@50Pa, Thermal mass, Heating temperature set point, Occupant density
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and Appliances heat load. Because no model is perfect, a stochastic model bias was introduced through 𝛿𝛿𝛿𝛿(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖),
independently of 𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖 ,𝜽𝜽𝜽𝜽), to account for discrepancy between the BEM and the true energy-consuming process 𝜁𝜁𝜁𝜁(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖).
The true or best achievable calibration parameters 𝜽𝜽𝜽𝜽 were inferred in the calibration process and thus unknown. We 
represented them in the simulations in terms of our prior estimates 𝒕𝒕𝒕𝒕 ∈ ℝ𝑞𝑞𝑞𝑞.

For a fixed set of 𝑗𝑗𝑗𝑗 = 1,2, … ,𝑚𝑚𝑚𝑚 BEM simulations, we obtained simulated data 𝑦𝑦𝑦𝑦𝑗𝑗𝑗𝑗∗ = 𝜂𝜂𝜂𝜂�𝒙𝒙𝒙𝒙𝑗𝑗𝑗𝑗∗, 𝒕𝒕𝒕𝒕𝒋𝒋𝒋𝒋∗�. Using the combined 
data set Ɗ of n observed data points 𝑦𝑦𝑦𝑦 , and m simulated data points 𝑦𝑦𝑦𝑦∗ , a statistical surrogate model of 𝜂𝜂𝜂𝜂 was
constructed to emulate the BEM at untried input settings of (𝒙𝒙𝒙𝒙, 𝒕𝒕𝒕𝒕). For this purpose, a GP specified by a constant mean 
function at zero and a squared exponential covariance function was used. The bias term was likewise modeled as a 
GP to account for discrepancies between the emulator and the observed data. Formally, the two GPs were trained by 
simultaneously learning the posterior densities of their hyperparameters 𝝋𝝋𝝋𝝋 and the calibration parameters 𝜽𝜽𝜽𝜽 that map 
the GPs to the observed data through the following regression formula:

𝒟𝒟𝒟𝒟 =

⎝

⎜⎜
⎛

𝑦𝑦𝑦𝑦1
⋮
𝑦𝑦𝑦𝑦𝑛𝑛𝑛𝑛
𝑦𝑦𝑦𝑦1∗
⋮
𝑦𝑦𝑦𝑦𝑚𝑚𝑚𝑚∗ ⎠

⎟⎟
⎞

=

⎝

⎜⎜
⎜
⎛

𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙1,𝜽𝜽𝜽𝜽) + 𝛿𝛿𝛿𝛿(𝒙𝒙𝒙𝒙1) + 𝜀𝜀𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,1
⋮

𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙𝑛𝑛𝑛𝑛,𝜽𝜽𝜽𝜽) + 𝛿𝛿𝛿𝛿(𝒙𝒙𝒙𝒙𝑛𝑛𝑛𝑛) + 𝜀𝜀𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝑛𝑛𝑛𝑛

𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙1∗ , 𝒕𝒕𝒕𝒕1∗) + 𝜀𝜀𝜀𝜀𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚,1
⋮

𝜂𝜂𝜂𝜂(𝒙𝒙𝒙𝒙𝑚𝑚𝑚𝑚∗ , 𝒕𝒕𝒕𝒕𝑚𝑚𝑚𝑚∗ ) + 𝜀𝜀𝜀𝜀𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚,𝑚𝑚𝑚𝑚 ⎠

⎟⎟
⎟
⎞

. (3) 

To ensure numerical stability of the model, a small Gaussian distributed white-noise error-term 𝜀𝜀𝜀𝜀𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚,𝑗𝑗𝑗𝑗~𝑁𝑁𝑁𝑁(0,𝜎𝜎𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚2 )
was added to the emulator. The multivariate Gaussian likelihood model of the data Ɗ then became

ℒ(𝒟𝒟𝒟𝒟|𝜽𝜽𝜽𝜽,𝜎𝜎𝜎𝜎,𝜎𝜎𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚,𝝋𝝋𝝋𝝋) ∝ 𝚺𝚺𝚺𝚺𝒟𝒟𝒟𝒟
−12𝑒𝑒𝑒𝑒𝑥𝑥𝑥𝑥𝑒𝑒𝑒𝑒 �− 1

2
(𝒟𝒟𝒟𝒟 − 𝜇𝜇𝜇𝜇𝑰𝑰𝑰𝑰𝑛𝑛𝑛𝑛+𝑚𝑚𝑚𝑚)𝑇𝑇𝑇𝑇𝚺𝚺𝚺𝚺𝒟𝒟𝒟𝒟−1(𝒟𝒟𝒟𝒟 − 𝜇𝜇𝜇𝜇𝑰𝑰𝑰𝑰𝑛𝑛𝑛𝑛+𝑚𝑚𝑚𝑚)�, (4) 

where the (𝑛𝑛𝑛𝑛 + 𝑚𝑚𝑚𝑚) × (𝑛𝑛𝑛𝑛 + 𝑚𝑚𝑚𝑚) covariance matrix 𝜮𝜮𝜮𝜮𝒟𝒟𝒟𝒟equals

𝚺𝚺𝚺𝚺𝒟𝒟𝒟𝒟 = 𝚺𝚺𝚺𝚺𝜂𝜂𝜂𝜂 + �𝚺𝚺𝚺𝚺𝛿𝛿𝛿𝛿 0
0 0� + �𝑰𝑰𝑰𝑰𝑛𝑛𝑛𝑛𝜎𝜎𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜

2 0
0 𝑰𝑰𝑰𝑰𝑚𝑚𝑚𝑚𝜎𝜎𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚2 �. (5) 

Applying Bayes theorem, the joint posterior distribution, conditional on the data, became

𝑒𝑒𝑒𝑒(𝜽𝜽𝜽𝜽,𝜎𝜎𝜎𝜎,𝜎𝜎𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚,𝝋𝝋𝝋𝝋|𝒟𝒟𝒟𝒟) ∝ ℒ(𝒟𝒟𝒟𝒟|𝜽𝜽𝜽𝜽,𝜎𝜎𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜,𝜎𝜎𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚,𝝋𝝋𝝋𝝋) × 𝑒𝑒𝑒𝑒(𝜽𝜽𝜽𝜽)𝑒𝑒𝑒𝑒(𝜎𝜎𝜎𝜎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜)𝑒𝑒𝑒𝑒(𝜎𝜎𝜎𝜎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚)𝑒𝑒𝑒𝑒(𝝋𝝋𝝋𝝋), (6) 

which was found using the Metropolis-Hastings Markov chain Monte Carlo (MCMC) algorithm. We ran four auto-
tuning MCMC chains in parallel with randomly selected starting points until all parameters, and the combined log-
likelihood, converged using a warm-up period of 50% of the chain length. Convergence was assessed using the 
potential scale reduction factor (PSRF) [13] that accounts for within-chain and between-chain variance, hereby 
simultaneously evaluating both the mixing and stationarity of the chains (convergence criterion: PSRF < 1.1).

2.2. Observed data

A randomly selected detached single-family dwelling constructed in 1992 in an urban area in Aarhus, Denmark, 
was used as case building. The total floor area is 173 m2 divided between two floors. Of these, 92 m2 make up the 
ground floor and the remaining 81 m2 make up the first floor. The house has no basement or heated attic, it is made 
of brick walls with cement stone roofing, and uses district heating (DH) for space heating and domestic hot water 
(DHW) preparation. All known information about the building was obtained from the publically available Danish 
Building and Dwelling Register. 

DH energy use for space heating and DHW preparation was gauged using a Kamstrup MULTICAL® smart heat 
meter with a manufacturer-calculated accuracy, cf. European standard EN 1434 of maximum ± 5%. The meter value
displaying accumulated energy use in kWh was digitally read off once every hour (reading resolution = 1 kWh). 
Climate data consisting of the outdoor air temperature and the insolation was measured from a local weather station 
located within a 5 km radius from the building.

The hourly data was logged from January 1, 2015, until June 31, 2016. The entire year of 2015 was used as training 
data, and the first five months of 2016 as validation data. Four different aggregated temporal resolutions of the data 
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were considered: 1) six-hourly, 2) daily, 3) weekly and 4) monthly. The lowest resolution investigated was six-hourly
and not hourly due to the low reading resolution of the data.

2.3. Simulated data

The building was modeled as a single-zone rectangular box with dimensions based on simple rules applied to 
known information about the floor area and number of floors, and our prior beliefs about the length-to-width-ratio and 
floor height (see [9] for further information). The four façades were assumed to face the four cardinal directions 
(North, East, South, West) while the unknown window area in each façade was allowed to vary based on our prior 
beliefs.

Energy use for space heating was modeled using the simple hourly dynamic model of ISO 13790:2008. The fully 
prescribed calculation method incorporates the thermal inertia of the building mass in hourly time steps by modeling 
the thermal resistances and capacitances, as well as the internal and solar heat gains, in an equivalent three-node 
resistance capacitance network (5R1C model). Energy requirements of the Danish Building Regulations in force at 
the time of construction (BR85), historical surveys of the Danish building stock and our educated guesses were used 
to set up prior estimates of the technical and occupation-related inputs required to run the model. Internal heat loads 
from occupants were modeled as a scalable day profile for the activity level constructed with a variable period without 
any presence, and ventilation was assumed a mix of infiltration and opening of windows. Airflow through the windows 
was modeled hourly as a percentage of maximum design airflow using a logistic transformation of a linear regression 
on the outdoor temperature [14]. Energy use for DHW was modeled using a simple linear model proportional to the 
consumed amount of hot water under the assumption that the rate of consumption was approximately constant 
throughout the year. For each of the four scenarios, the BEM was simulated m = 500 times.

3. Results and discussion

The posterior estimates of the six calibration parameters 𝜽𝜽𝜽𝜽 generally demonstrate the same behavior across the four 
scenarios with some variation present (Figure 1).

The largest overall deviation seems to be between the posteriors of the scenarios with daily and weekly values.

Figure 1. Prior (orange) and posterior (blue) probability densities of the six calibration parameters θ.

This shift in the posteriors is most obvious for the Thermal mass parameter, which we find more skewed for the two 
scenarios with lowest temporal resolution, but also parameters U-value (window), Temperature set point and 
Appliances heat load seem to be affected. This effect may be explained by the fact that these two scenarios represent 
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the largest temporal difference (seven days per one week) compared to e.g. the difference between the scenarios with 
6-hour values and daily values (three 6-hour values per one day).

As the posterior estimates of the hyperparameters 𝝋𝝋𝝋𝝋 – including the parameters governing the stochastic model 
bias 𝛿𝛿𝛿𝛿(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖) – reveal no noteworthy difference (𝐸𝐸𝐸𝐸[𝛿𝛿𝛿𝛿(𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖)] ≈ 0∀𝒙𝒙𝒙𝒙𝑖𝑖𝑖𝑖), we have omitted them from the paper. However, we
must emphasise that the hyperparameters contain important information about the behavior of the GP emulator and 
hence influence the trueness of the six physics-based parameter estimates 𝜽𝜽𝜽𝜽 to some unknown degree. 

The model fit (Table 1) of the GP emulators was assessed using four goodness-of-fit (GOF) measures: 1) the 
coefficient of determination (R2), 2) the mean absolute percentage error (MAPE) and, following ASHRAE Guideline 
14 [15], these were supplemented with 3) the normalized mean bias error (NMBE) and 4) the coefficient of variation 
of the root mean squared error (CVRMSE). For the training set, a scenario with data of monthly resolution (ntrain =
12) obviously ensures a better fit than a scenario with 6-hourly resolution (ntrain = 1460) as the model has to fit a much 
smaller data sample. However, in order to assess model fit justly and ensure comparability between the four calibration 
scenarios, GOF measures should be based on the predictive performance assessed from an unseen validation set of 
the same temporal resolution – here in the form of 6-hourly data from the first five months of 2016 (nvalidation = 500). 
GOF measures of the validation set reveal a systematic pattern of increasing predictive accuracy as a function of 
increasing temporal resolution of the training data (Figure 2). The model trained using data of monthly resolution 
yields an NMBE of more than 10% in average, while the model trained using the same data, but with a temporal 
resolution of 6-hour values, yields an NMBE of less than 2.5% in average. Similar trends are seen for the other GOF 
measures. The results hereby indicate that the applicability of a model to perform out-of-sample predictions is highly 
influenced by the temporal resolution of the training data available. These results are obviously influenced by the case 
data at hand – especially dynamic phenomena such as occupant behavior and weather conditions. However, we find 
no arguments for not expecting similar trends and effects when using other data sets. 

Table 1. Goodness-of-fit measures of the mean posterior emulator estimates.

Training set (January - December, 2015) Validation set (January - June, 2016)
Resolution n R2 MAPE NMBE CVRMSE Resolution n R2 MAPE NMBE CVRMSE
6-hourly 1460 71.8 % 25.8 % 0.0 % 25.4 % 6-hourly 500 54.0 % 16.3 % 2.4 % 19.8 %

Daily 365 82.2 % 18.4 % 0.0 % 19.4 % 6-hourly 500 45.5 % 19.0 % 2.5 % 21.5 %
Weekly 53 91.1 % 11.0 % 0.4 % 13.0 % 6-hourly 500 29.7 % 19.4 % 9.6 % 24.5 %
Monthly 12 99.7 % 2.4 % 0.1 % 2.4 % 6-hourly 500 15.0 % 20.9 % 10.5 % 26.9 %

Figure 2. Goodness-of-fit measures of the four models using the validation set (6-hourly resolution).



282 Martin Heine Kristensen et al. / Energy Procedia 122 (2017) 277–2826 M.H. Kristensen et al. / Energy Procedia 00 (2017) 000–000

4. Conclusion

A Bayesian emulator-based calibration of the ISO 13790 hourly dynamic building energy model was conducted 
using training data from four different temporal resolutions. Results suggest that the temporal aggregation level of 
training data has a significant influence on the calibration quality in terms of both the estimated parameter values and 
the predictive performance of the calibrated model. Information about important thermodynamic processes seems to 
be leveled out or even lost with decreasing temporal resolution of the training data. These findings support the 
promotion of commercial utility data meters with high temporal resolution (≤ 1 hour) and high reading resolution (0.1 
kWh) for more accurate model calibration and parameter inference. 
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