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ABSTRACT 

To quantify the energy performance of a given 

building, the most uncertain and probably the most 

influent parameters are the dynamical parameters 

known as the occupancy rate, the weather data and 

the temperature set point. Users sometimes encounter 

gaps in these data, and techniques are needed to 

estimate variables when data are missing. To obtain 

most of the dynamic data, measurements are made at 

least during one year. These measurements are 

expensive and time consuming. In this paper, we 

proposed a methodology by means of statistical 

approaches to build a full year dynamic data files in 

order to fill gaps according to the measured data 

features. The methodology is based on statistical 

approaches, (Iman and Conover 1982) and on the 

methodology used by J. Goffart (2013) to generate 

weather data. Thus performance indicators are used 

to evaluate the methodology and its consequences on 

energy consumption estimation. An office building 

has been monitored and multiple sensors have been 

mounted on candidate locations to get needed data. In 

this paper a methodology to adress the problem of 

missing data in measurement data such as 

temperature set point data is proposed. 

INTRODUCTION 

A building energy performance is defined as the 

amount of energy actually consumed or estimated to 

meet the different needs associated with a 

standardized use of the building, which may include 

heating, cooling, hot water, ventilation and lighting 

(EU Directive 2002).  

To assess this performance, simulation tools and 

measurements are used. The simulation tools allow 

the user to represent the building in real conditions 

and to perform dynamic simulations (BES) in order 

to obtain the building behavior over a year. The 

physical phenomena, under which the building is, 

like the conduction, the convection, the solar 

radiations as well as its internal loads are all 

represented and linked together. To ensure that the 

results match the real energy demand, measurements 

are made to check if the model represents as close as 

possible the reality: this process is called calibration.  

Calibration consists of comparing measured and 

simulated data. This process is iterative and tends to 

improve the model and is making it more reliable. It 

consists of the comparison of the model outputs to 

monitored data to enhance the building model 

analysis of the results. The first difficulty arises with 

the intrinsic quality of measured data. It often 

presents missing data or data are only available on a 

short period or do not exactly corresponds to 

calculated ones. In order to analyze the differences 

between measurements and calculations, two 

different and complementary methods should be 

used: graphical and statistical. 

The statistical approach consists of calculating 

mathematical indicators that evaluate if BES results 

matches with measurements. According to ASHRAE 

guidelines, three indices can be used to describe the 

performance of a model: the coefficient of variation 

of the standard deviation (     ), the coefficient of 

variation of the root mean square error (      ) 

and the normalized mean bias error (      ) but for 

calibrated simulations, only        and      are 

used. 

The Normalized Mean Bias Error (      ), as stated 

in EQUATION 1, is a non-dimensional bias measure 

which shows how close the total energy uses 

estimated by the simulations match the real energy 

consumption on an hourly or monthly basis. 

However, this feature is affected by the cancellation 

effect, it is then necessary to compute another 

performance indicator. By evaluating the Coefficient 

of Variation of Root Mean Square Error (      ) 

of a data (EQUATION 2), one can determine how 

well a model fits the data. This indicator gives the 

offsetting errors between measured and simulated 

data and does not suffer from the cancelation effect. 

As stated by, ASHRAE guideline (ASHRAE 2002) 

and IPMVP (IPMVP 2002), models are admitted to 

be calibrated if they provide        and        

indices respectively within ±10% and ±30% when 

performing hourly simulations. 

     ( )        
∑ (     )

 
   

∑ (  )
 
   

 (1) 

       ( )       

√(∑ (     )
  ⁄ 

   )

 ̅
 

(2) 

Where    and    are respectively measured and 

simulated data points at each instance  ,   is the 

Proceedings of BS2015: 
14th Conference of International Building Performance Simulation Association, Hyderabad, India, Dec. 7-9, 2015.

- 2317 -



number of independent data points and  ̅ is the 

average of the measured data point.  

Sensitivity and uncertainty analysis are important 

steps to reach good results when doing a calibration 

procedure (Tian 2013; Macdonald 2002). Sensitivity 

analysis is used to identify the key variables affecting 

the building thermal performance and uncertainty 

analysis is used to represent the output and the inputs 

parameters data dispersion. Every physical quantity 

has an amount of uncertainty associated to its value. 

In order to obtain representative results one needs to 

consider all the associated uncertainties in line with 

the missing data points in the files. 

We talk about missing data when we do not have 

observations about a given variable at some periods 

in a data file. The presence of missing data is a very 

big issue and cannot be ignored when assessing a 

building performance and according to their 

proportions and types, different solutions will be 

used to encounter these gaps. The user can take out 

the variables with missing data in a file or develop 

methods to handle them. Various methods are used to 

deal with missing data in Building Energy Simulation 

(BES). The goal of this research work is to find a 

suitable methodology to fill the gaps by considering 

the impact on the energy consumption in order that 

the selected indicators (       and     ) are as 

low as possible and also to add a minimum of 

uncertainty to the data being measured. 

In this paper, the temperature data coming from a 

monitored building zone have been used for 

calibration purpose. Gaps are present in the data files 

and a suitable method is used to encounter the gaps 

in order to conserve the autocorrelation of the 

temperature data over the day and also the inter-

correlation between the four offices of the building 

zone. The content is organized as follow: in the first 

section is exposed the method used to fulfill the 

missing gaps. In the following section is presented 

the monitored building and the zone used for this 

research work followed in the last sections by the 

data analysis and the outcomes of the developed 

methodology. 

METHODOLOGY 

It has been said above that to evaluate a building 

energy performance, one need to perform a 

measurement campaign and to construct a numerical 

model. The comparison of the measurements to the 

simulation results helps to ensure of the model 

consistency. Then, by setting some parameters such 

as the weather or the temperature set point, the 

building performance can be evaluated. This 

confrontation step is essential.  

Encounter missing data points in a calibration 

procedure is a big concern in building sector 

nowadays (Coakley, Raftery, and Keane 2014). A 

very easy way to fill the missing data points is to take 

the mean of the available data by hour and by day 

type. This technique can give acceptable results but is 

not taking into account the variability of a dynamic 

data file which means that two filled data points with 

the same hour and the same day in different weeks 

would have the same value, which is not possible on 

a realistic point of view. 

The idea here is to find a consistent technique to fill 

the gaps efficiently by considering the variability in 

time of the temperature data (autocorrelation) and the 

space dependency of the temperature between offices 

(inter-correlation). It is known that dynamic data are 

auto correlated. Temperature at a moment   depends 

on the temperature at     and can be used to 

determine the temperature at time    . This 

relevant feature is used in the technique presented 

here, with other statistical features such as the mean, 

the data correlation and the distribution function at 

each time step to generate suitable data to fulfill the 

measurement files and perform the model calibration. 

The generation method used here is the Latin 

Hypercube Sampling (LHS). The LHS method (Stein 

1987) is a sampling technique which provides an 

efficient way of sampling variables from their 

distributions. The aim of this method is to parse the 

data into groups to do a representative sampling of 

the space parameter with a minimum of trials. The 

parameter range of variation is split into   intervals 

with the same probability. Then a value is picked up 

randomly within each interval. Even with a limited 

number of trials, the generated data will cover the 

overall parameter space (Iman and Conover 1980; 

McKay, Beckman, and Conover 1979). This 

sampling technique is used in this work because it is 

easy to apply and it offers the possibility to generate 

correlated data. 

To introduce correlation in the sampling data, we 

used Iman and Conover method (Iman and Conover 

1982). It introduces correlation among the variables 

by restricting the way variables are paired based on 

the ranked correlation of some target values. For 

example, to generate consistent dynamic files, 

Anstett-Collin et al. 2015 considered a random 

process  (   ) where   represents the time and   the 

stochastic part of the variable. The random process 

can then be associated to its mean quantity  ̅( ), to 

which can be added a random variable  (   ) such as 

stated in EQUATION 3. The mean value is supposed 

to be deterministic and the random variable is 

defined by the autocorrelation function and the 

distribution function extracted before (EQUATION 

4). Knowing that the mean value is constant for each 

hour, the generation of consistent data will depend on 

the generation of the random value   (J Goffart 

2014). 

  (   )    ̅( )    (   ) (3) 
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where  (     ) is the correlation function and  ( ) 

the distribution function at each time step  . To 
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generate the values associated to  (   ), one has to 

compute the Cholesky decomposition of the 

correlation matrix. Matrix   can be written as 

      where   is the lower triangular matrix. 

After having generated the matrix   with Latin 

Hypercube Sampling, one calculates the correlation 

matrix   of  . The objective here is to rearrange the 

generated values closed to the correlation matrix 

(Iman and Conover 1982). Then, the result is 

obtained by adjusting the elements of G according to 

its correlation matrix   in order that   and the prior 

data set have the same correlation matrix  (   ). The 

process is repeated until the user obtained a closed 

correlation matrix. 

Finally, a data point is picked up randomly among 

the generated data to fill the missing data points until 

all the gaps are fulfilled. 

BUILDING DESCRIPTION AND 

SIMULATIONS 

The monitored building is part of the Cerema lab in 

Angers. The building has been partially built in 1961 

(Figure 1). Since its construction, it has been 

extended and renewed, a second floor has been added 

in 2009. Due to the cost of measurements, the sensors 

have not been placed in the whole building, the 

building was split in different monitored zones.  

The monitored zone (Figure 2) is a part of the ground 

floor of this administrative building. It is constituted 

of 6 offices with a circulation area and a gross floor 

area of 102 m². This part of the building is made of 

concrete block and is isolated only at the roof. Most 

of the building occupancy occurs between 8:00 and 

18:00. The sensors have been fixed in all the offices 

to get the temperature data of the overall zone. The 

temperature data are collected during one year from 

January to December 2013 in each office with a time 

step of one hour.  

The average wind speed, horizontal solar radiations, 

and outdoor temperature are also measured each 

hour. Occupancy has been measured through doors 

and windows openings lightning and  plugs loads by 

the installation of infrared motion detection. 

Regarding the test-bed, each sensor is independent 

and works with batteries which allow them to have 

their own memory to record the data. The sensors 

have been placed on carefully chosen locations, on a 

half way up and away from openings (doors and 

windows). 

The building has been modeled in TRNsys 17 

(Trnsys 2000). The building geometry has first been 

drawn in Sketchup 3D and has been integrated in 

type 56 under TRNsys. The model zones was defined 

accordingly to the measurement process and took 

into account the airflow exchanges with Contam, the 

solar masks, the single flow ventilation system and 

the heat exchanges with the ground. The dynamic 

parameters such as the occupancy rate, lightning and 

plug loads have also been integrated to the model. 

 
Figure 3: Missing Temperature data in office 4, 5, 6 and 7 

DATA ANALYSIS 

In the measurement process, temperature, electrical 

Figure 1:  3D Representation of the monitored building 

Figure 2: The monitored zone 

GAP 
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data 

points 

before 

336 

data 

points 

after 

DATA 

SET 

Working 

days dataset 

Weekend 
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Figure 4: Dataset construction for LHS sampling 
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consumption and occupation data were missing at 

some periods, in the monitored area. Due to some 

concerns in the measurement process (occupant’s 

vacation period and for some unknown causes), we 

find out that data are missing in offices 2 and 3 from 

April to December and partially missing in the other 

offices. The missing data issue in the first two offices 

is due to measurement process and due to time issue; 

a suitable method was not been find yet to fill the 

missing data files in these offices. Then, the analysis 

which has been done is just focused on the 

temperature data in the office 4, 5, 6 and 7 (Figure 

3). In Table 1 is dressed the list of the intervals gaps 

in each office. Data are on hourly basis and a cross is 

placed in a case when data are missing in an office 

during the referred interval.  

The first step in this technique is to find all the gaps 

in the files. The offices 4 and 5 have 9 consistent 

gaps and the offices 6 and 7 have one bigger gap at 

the end of the year. To make the calculations easier, 

the gaps were homogenized in 10 gaps for all the 

offices and the gaps were filled only when the data 

are missing.  

Thus, for each missing data point inside each gap, we 

evaluate if the missing point is a working day or not 

in order to separate working days from weekends. 

Then, with the selected gap, we construct two 

temperature data files (one for the working days and 

the other one for the week ends) with two weeks after 

and two weeks before the gap in order to have a 

representative data set for the extraction of the 

statistical features (Figure 4). 

 

Table 2 

Inter-correlation between offices before data 

correction 

 Office 4 Office 5 Office 6 Office 7 

Office 4 1 0.7249 0.7310 0.6809 

Office 5 0.7249 1 0.8328 0.7894 

Office 6 0.7310 0.8328 1 0.8426 

Office 7 0.6809 0.7894 0.8426 1 

 

This data set will then be representative enough to 

extract the needed features. The features we extracted 

are the mean temperature    ; the standard deviation 

    and the autocorrelation matrix      at each time 

step (EQUATIONS 5,  6 and 7). This stage is 

essential so that with these features, one can generate 

daily random data files based on the selected period 

and their appropriate characteristics.  

 [        ] (5) 

 [        ] (6) 

Then, depending on the hour of the day, and with the 

extracted statistical features, one generates   

correlated data (EQUATION 8). 
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The above process is resumed in Figure 5. In the first 

try, we attempted to fill the temperature files of the 

offices separately but we noticed that the inter-

correlation was not well-maintained but data 

autocorrelation was intact. An example of 

temperature autocorrelation during a day in office 4 

is shown in Figure 6. The correlation is decreasing 

Date Number of data point Office 4 Office 5 Office 6 Office 7 

From 06/02 to 07/02  11 X X X X 

From 10/03 to 11/03  10 X X X X 

From 19/03 to 25/03 144 X X X X 

From 25/03 to 12/04 424 X X X X 

From 17/04 to 19/04 43 X X X X 

From 03/07 to 08/07 122 X X X X 

From 22/07 to 23/07 11 X X X X 

From 06/08 to 07/08 12 X X X X 

From 13/10 to 25/10 282 X X X X 

From 05/12 to 01/01 164   X X 

For each temperature data file, find the missing 

data 

For each gap, construct the datasets according 

to Figure 4 

Depending on the hour of the day, one 

generates data with Iman and Conover and 

LHS Sampling and this for each office 

A set of data point (inter-correlated data) is 

selected randomly with an uniform distribution 

to fill the gaps in each office. 

Figure 5: Missing data filling flow chart 

Table 1 

 The missing data points in each office 

 

Proceedings of BS2015: 
14th Conference of International Building Performance Simulation Association, Hyderabad, India, Dec. 7-9, 2015.

- 2320 -



and kept in the data during 5 hours. Correlated data 

in dynamic systems are usually correlated during few 

hours. Then, in the second test, the four offices gaps 

are filled simultaneously in order to keep the inter-

correlation (Table 3 and Figure 9). 

RESULTS AND DISCUSSION 

Visual verification of the generated data is not 

enough to affirm that the generated data are 

consistent. Temperature inter-correlation matrix 

(TABLE 2 and Table 3) is compared to the initial 

values in order to prove that the generated data is in 

agreement with the prior data set extracted features. 

The correlation coefficients after the data correction 

are little bit higher than the prior data, which could 

be explained by the developed algorithm consistency 

and by the use of the autocorrelation features at once 

for the data generation.  

 
   (  )   ∑ (     )

 

   
 (9) 

 

   (  )   √(∑ (     )
  ⁄
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In order to view the data dispersion and consistency 

and by the way its influence and propagation on the 

energy consumption by simulations, the indicators 

   and     (EQUATIONS 9 and 10) have been 

calculated for the generated temperature data. To 

better sense the success of the methodology used, the 

selected indicators have been computed only on the 

winter period (From October 1
st
 to March 31

st
 of 

2013).  
Table 3 

Correlation between offices after temperature data 

correction 

 Office 4 Office 5 Office 6 Office 7 

Office 4   1 0.8538 0.8258 0.7354 

Office 5 0.8538 1 0.8870 0.8374 

Office 6 0.8258 0.8870 1 0.8163 

Office 7 0.7354 0.8374 0.8163 1 

The generated temperature data    is in 

between [         ]   and the Coefficient of 

Variation     does not exceed 0.03°C in each office 

(Figure 7 and Figure 8). 

 

 
Figure 7: Temperature data Indicator 1 in the winter 

period (°C) 

 
Figure 8: Temperature data Indicator 2 in the winter 

period (°C) 

To evaluate the influence of the generated data on the 

energy consumption of the monitored zone, 4000 

simulations have been performed on TRNsys with in 

input the 4000 rectified data files for the offices 4, 5, 

6 and 7. The other parameters are unchanged during 

the simulations. Then the       and the        

have been estimated for the simulations for each 

office during all the interval gaps within the heating 

period. 

Figure 6: Temperature auto-correlation of a sampled day in office 4 
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The simulations process is represented in 

EQUATION 11, where  , is the number of 

simulations,   the number of hours,     the considered 

energy consumption for a given simulation   and    

the measured data point at a given hour  . To obtain 

the  
     of a given simulation  , the difference 

between the     simulated energy use and the mean 

energy use over the 4000 simulations for all the hours 

is computed, summed and divided by the sum of this 

energy use on the same period like stated in 

EQUATION 1. Regarding the       , the error 

between the considered simulation and the mean 

value is calculated then squared and added on the 

whole period and divided by the respective number 

of points (EQUATION 2).  

 

 

In Table 4 is presented the results of the energy 

consumption     . The      is essentially near 

zero in all the considered intervals in the zone. The 

deviations of the       gives also very low results 

which can be explained by the compensation effect 

with the prior data.  

The Figure 11 represents the energy consumption 

based on the         of the 4000 simulations in the 

four offices. The        is decreasing in all the 

offices when the amount of energy consumption is 

growing. This implies that the data correction gives 

better results in heating period and is not very 

preferment when the building is not being heated. 

These results can similarly been observed in Table 5 

in the office 4 for example. The        is lower in 

winter intervals (1, 2 and 6) and is higher in the 

intervals within the warmer seasons.  

 
Table 4 

Energy Consumption NMBE of the overall zone 

N° Interval NMBE (%) 

NMBE 

Standard 

deviation 

1 06/02 to 07/02 -0.12 3.51 

2 10/03 to 11/03 -0.4 6.43 

3 19/03 to 25/03 -0.025 1.58 

4 25/03 to 12/04 -0.005 0.72 

5 13/10 to 25/10 -0.028 1.67 

6 05/12 to 31/12 -0.0012 0.34 

7 30/03 to 01/10            0.09 

 

Table 5 
Energy Consumption CVRMSE by intervals of each office 

(%) 

N° Office 4 Office 5 Office 6 Office 7 

1 17.58 11.1 15.71 19.33 

2 25.73 24.31 26.43 35.25 

3 40.55 28.22 32.21 46.8 

4 36.4 25.1 27.7 41.18 

5 72.96 39.57 69.98 63.33 

6 23.49 18.54 33.67 21.7 

7 16.76 16.73 18.01 16.81 

CONCLUSION 

The use of metered data in building energy 

simulation is necessary in order to calibrate a model 

but sometimes, some parts of the data are not 

recorded well or data are totally missing during some 

periods. Then, the user has to find an adequate 

method to fulfill the gaps in order to have more 

reliable data files with the lowest uncertainty as 
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Figure 9: Inter-correlation between offices 
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possible. The method proposed above takes into 

account the statistical features of the prior data i.e.  

the hourly dependence of the data, its inter-

correlation with the other variables and produce 

suitable data for the missing parts.  

In Figure 10 is represented the        and the  
       of the overall zone during the heating 

periods over a year. With the fact that the energy 

consumption NMBE indicator is always around zero 

and the         within [10, 20] %, the method 

could be considered to be efficient, but it seems to 

not being efficient in the seasons without heating. 

When the performance indicator is the       , the 

developed methodology can be assumed to not being 

reliable: then, the user needs to do measurements 

during the whole year in order to have consistent 

data. But if we consider only the      as the 

performance indicator, the results are assumed to be 

acceptable. Still, since the      is affected by the 

cancelation effect (ASHRAE 2002), we can assume 

that this approach cannot be used in order to do 

measurements during some periods and fill the other 

parts of the year with generated data. Another 

perspective will be to use the correlation effect 

between the building parameters such as the 

occupants, the indoor temperature and the internal 

loads, to generate data from one variable to another 

one.  

NOMENCLATURE 

 

  = simulated data 

  = measured data 

  = number of intervals 

  = number of data points 

  = time  

 ̅( ) = a mean quantity 

  = random variable 

  = stochastic part of the variable   

  = correlation function 

  = distribution function 

  = lower triangular matrix 

  = generated matrix with LHS 

  = correlation matrix of   

   = mean of data in office   

   = standard deviation of data in office   

    =     generated temperature point in 

office    
     = Normalized Mean Bias Error 

       = Coefficient of Variation of Root Mean 

Square 
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