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ABSTRACT 

Energy models are used in the residential sector to 

determine the baseline energy consumption and to 

predict the future energy demand. They represent a 

useful tool for evaluating energy saving measures 

and the effects of different CO2 emission reduction 

strategies.  However, the results of the modeling are 

subject to multiple sources of uncertainty which are 

mainly related to the input parameters. In this work, 

the uncertainty of seven residential energy models is 

analyzed. It is found that the cumulative uncertainty 

in  residential energy models is large with a range of 

-24% to +54% in relation to the modeled mean value 

for a 90%tile confidence interval. The consequences 

of this variation on the accuracy of the predictions 

are discussed and measures to avoid erroneous 

assessment of energy efficiency measures suggested.  

INTRODUCTION 

The residential sector is responsible for about one-

quarter of the world’s primary energy consumption, 

and, over the course of the last four decades, the 

consumption has been growing steadily at an average 

annual rate of more than 2% on a global scale (Price 

et al., 1998). This progressive increase and the 

overall high level of energy consumption in the 

residential sector are directly related to energy 

security issues which, along with the associated 

environmental impacts, deliver a strong incentive for 

energy policy measures in this area. Therefore, in 

recent years various energy models have been 

developed in order to evaluate energy saving policies 

and to predict future energy consumption (Kavgic et 

al., 2010). Even though such models offer an 

approach to forecasting the energy demand, as well 

as assessing the impact of future energy saving 

measures, the amount and type of input data required 

creates difficulties in modeling (Corradini et al., 

2012). Energy models with a high level of 

disaggregation for example require a large amount of 

data that is not always available (Swan and Ugursal, 

2009). Furthermore, the effect of changes to the input 

parameters on the output parameters is often not 

known and uncertainties in modeling can arise 

depending on the type and the probability range of 

the input parameters.  

The lack of a decisive categorization of input 

parameters that would be based on their effective 

impact on the modeling result can ultimately lead to 

the development of inadequate energy saving 

measures and increases the overall uncertainties in 

modeling. 

A number of studies have concluded that the current 

shortcomings, which arise from the often missing 

quantification of inherent uncertainties (as well as the 

lack in transparency of the models), must be 

resolved, since without rigorous testing the 

predictions of energy models are at risk of lacking 

credibility (Kavgic et al., 2010, Booth et al., 2012, 

Branger et al., 2015). To address this issue several 

authors have performed sensitivity analyses to 

determine the influence of individual input 

parameters on the output variables (Firth et al., 2010, 

Cheng and Steemers, 2011, Hughes et al., 2013, 

McKenna et al., 2013). However, this type of 

analysis is inadequate for identifying uncertainties 

that are due to parameter interactions or the 

combination of results that arise from the inherent 

uncertainty of the individual input parameters. 

The main objective of the work presented here is, 

therefore, to study the role the combined 

uncertainties of input parameters play for residential 

energy models and how these uncertainties influence 

both the modeling results and the robustness of the 

conclusions. The uncertainty of seven existing energy 

models for the residential sector was studied for this 

purpose (i.e. MAED-2, FfE-Gebäudemodell, CDEM, 

REM, BREHOMES, LEAP and BSM), using 

Germany as a case study example in order to 

highlight the influence of the interactions of the input 

variables on the overall modeling outcome. By this a 

greater understanding of the energy models can be 

achieved which can potentially aid policy makers in 

their decision making process.  

METHODS 

Table 1 details the seven bottom-up residential 

energy models that were studied. To identify which 

influence the amount of input parameters has on the 

overall modeling outcome (i.e. the final energy 

demand), the models were classified according to 

their level of disaggregation.  
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Table 1  

 List of the investigated residential energy models with a description of their main functionalities, sorted 

according to their level of disaggregation 

 

 Name Developer Description 
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BSM 
 

 

(bottom-up building-stock-model) 

Karlsruhe Institute 

of Technology, 
Germany. 

 

(McKenna et al., 
2013) 

Analysis of the German federal government's 

energy policy targets for the residential sector. 

The employed method is based on deterministic 
projections of floor space and 

demolition / refurbishment rates. 

LEAP 

 

(Long-range Energy Alternatives Planning) 

Stockholm 
Environment 

Institute, USA. 

 
(Heaps, 2010) 

Analysis and evaluation of the 
impact of energy / environmental 

policies. Projections for the 

housing, commercial, transport 
and industry sectors. 

M
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REM 

 
(Regional engineering model) 

University of 
Joensuu, Finnland 

 
(Snäkin, 2000) 

Approximate calculation of the 

annual energy consumption, 

CO2 emissions and the 
resulting heating costs in 

the housing sector. 

FfE Gebäudemodell 

 
(Forschungsstelle für 

Energiewirtschaft- Gebäudemodell) 

Forschungsstelle für 

Energiewirtschaft 
e.V. (FfE), 

Germany. 

 
(Corradini et al., 

2012) 

Detailed conclusions for the residential 

sector in Germany on the basis of available 

statistical data and distribution keys 
(living space per building type, location of buildings, 

specific energy consumption for space 

heating and hot water provision) 

H
ig
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f 

d
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ag
g

re
g

at
io

n
 

MAED-2 

 

(Model for Analysis of Energy Demand) 

International 
Atomic Energy 

Agency, Austria. 

 
(IAEA, 2006) 

Projection of the energy demand of a base year (basic 
energy requirements) in a medium to long-term period, 

including socio-economic, technological and demographic 

factors. Calculation for the housing, commercial, transport 
and industry sectors. 

BREHOMES 

 

Building Research Establishment Housing 
Model for Energy Studies ) 

Building Research 
Establishment 

(BRE) UK. 

 
(Shorrock and 

Dunster, 1997) 

Calculation of the annual and monthly energy 

consumption in the UK residential sector. Disaggregation 

of the UK housing stock into over 1000 dwelling 
categories and calculation of the energy consumption for 

each dwelling category with the core calculation engine 

BREDEM (Building Research Establishment Domestic 
Energy Model) 

CDEM 

 

(Community Domestic Energy Model) 

Department of Civil 
and Building 

Engineering, 

Loughborough 

University, UK. 

 
(Firth et al., 2010) 

Monthly energy consumption and 

CO2 emissions in the UK residential sector. 
Disaggregation of the UK 

housing stock into 40 dwelling categories 

and calculation of the energy consumption for each 
dwelling category with BREDEM. 

 

Models with a low level of disaggregation use the 

total number of dwellings and the specific energy 

demand of an average dwelling to predict the total 

final energy demand, whereas for models with a 

medium level of disaggregation the number of 

dwellings and the specific energy consumption are 

broken down into dwelling types in order to predict 

the total final energy demand. Models with a high 

level of disaggregation use an internal algorithm for 

calculating the energy demand of different dwelling 

types, the results of which can then be used to 

determine the total final energy demand. Figure 1 

highlights these differences for the key input 

parameters used for residential energy models.  

 

The seven models shown in Table 1 were used to 

determine the energy consumption in the German 

residential sector over a “reference period” (1990-

2000) and to predict the energy demand in a 

“forecast period” (2001-2010). The results were 

then compared to the available national statistics on 

the total final energy consumption in the residential 

sector (BMWi, 2012). However, it should be noted 

that in order to determine / predict the energy 

consumption / demand in the German residential 

sector, the models were re-engineered using the 

methodologies and approaches proposed by the 

respective model’s authors, yet with some 

adjustments where required in order to reflect 

national particularities.  
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Figure 1 
Key input parameters of residential energy models at different levels of disaggregation 

 

For the models CDEM, BREHOMES and REM 

adjustments were made primarily for climate and 

building stock data, as these models incorporate a 

variety of data sources to quantify the energy 

consumption in the countries for which they were 

developed. (The CDEM and BREHOMES models 

were developed to predict the energy consumption 

in the UK residential sector while REM was used to 

predict the energy consumption in the province of 

North Karelia in Eastern Finland). The energy 

models REM and FfE-Gebäudemodell only 

quantify the energy consumption related to space 

heating and hot water supply. Therefore, in order to 

allow comparison with the outputs from other 

models, the energy consumption related to lighting, 

appliances (including space cooling) and cooking 

were added to the models using the statistical data 

provided by the Federal Environment Agency 

(Umweltbundesamt) (UBA, 2011). Although the 

original models do not quantify the total final 

energy consumption, studying these models was 

considered important because the energy 

consumption in the German residential sector is 

largely concentrated on space heating and hot water 

provision (more than 86% of the final energy 

consumption in the residential sector) (UBA, 2012). 

Furthermore, the inputs for the predictive 

algorithms of the models were adjusted to reflect 

(a) the development of the energy efficiency of the 

equipment (based on saturation curves), (b) the 

increase in the number of dwellings (based on 

growth rates of previous years in the reference 

period) and (c) the continuous decline in the 

average final energy consumption in the German 

housing sector over the last decades. This decline is 

due the introduction of the thermal insulation 

regulations (Wärmeschutzverordnung) in 1977 with 

amended versions in 1984 and 1995 as well as the 

subsequent energy saving regulations 

(Energieeinsparverordnung) published in 2002 with 

a major revision in 2007. 

 

Uncertainties of residential energy models 

The output parameters of energy models are 

exposed to uncertainty mainly due to the baseline 

assumptions and the input parameters. Future 

heating demand, penetration rates of different low 

carbon heating fuels and other parameters such as 

population growth and average household size 

represent key uncertainties for the modeling and are 

often neglected (Eyre and Baruah, 2015). 

Hughes et al. (2014), for example, identified that 

the model CHM (The Cambridge Housing Model) 

has five areas of uncertainty: (a) the baseline 

housing data used for the modeling (approx. 16,500 

representative dwellings), (b) the values used by the 

core calculation engine SAP (related to 

measurement errors or sampling errors), (c) user 

behavior (Due to limited data the model assumes a 

common user behavior across all dwellings.), (d) 

climate data (due to measurement errors and spatial 

sampling errors on external temperature and wind 

speed data) and (e) the sampling of the housing data 

(due to the sampling error of the English Housing 

Survey). 
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In order to determine the uncertainty of models due 

to their inherent simplifications and their input data 

uncertainty analyses (UA) are commonly used 

(Calleja Rodríguez et al., 2013). The understanding 

of a model’s accuracy as well as the process of 

model testing is enhanced as a result of such an 

analysis which examines the relationship between 

model inputs and outputs and exposes issues with 

any unexpected results that they may yield (Saltelli 

et al., 2004). 

There are various techniques to study the 

uncertainty of models (Iman and Helton, 1988) of 

which the Differential Sensitivity Analysis (DSA) 

and the Monte Carlo Analysis (MCA) are the most 

popular. The advantage of a DSA is that it allows 

the identification of the most influential parameters 

in a model. However, the DSA method is not 

optimized for a large number of simulations nor 

does it allow identifying the parameter interactions 

(Macdonald and Strachan, 2001). In order to 

provide an overall assessment of the uncertainty in 

the predictions being made, the MCA uses the 

Central Limit Theorem. It generates an estimate of 

the overall uncertainty of the predictions on the 

basis of the individual uncertainties and interactions 

of all the input parameters. 

Since this work focuses on the analysis of model 

uncertainty due to the uncertainty of individual 

input parameters and their possible interactions, the 

Monte Carlo technique was applied, using the 

software “Crystall Ball” (Oracle, 2015).  

In a first step a probability distribution was 

assigned to each model input parameter The 

software then randomly selected values from the 

probability distributions of all the input parameters 

and conducted a simulation. This process was then 

repeated with new randomly selected values. In 

total over 1000 simulations were performed for 

each of the investigated models. Finally, the 

uncertainty of the output parameter “final energy 

consumption” is obtained for each year of the 

forecast period as a new, model specific probability 

distribution. 

To build the probability distributions for all the 

input parameters, historical information of each of 

the input parameters was collected. Then density 

histograms were constructed and the results 

compared to known probability functions, i.e. 

Normal, Weibull, Beta and Triangular distributions. 

To retain an objective baseline across all 

parameters the number of bars in the density 

histograms was determined according to the 

Sturges' formula (Cottin and Döhler, 2013). For 

example, as shown in Figure 2, it was observed that 

in Germany the monthly average temperature for 

January follows a Weibull distribution.  

However, it was not always possible to construct a 

probability function, either due to a lack of data or 

because the histograms were not in accord with any 

of the probability functions given above.  

 
Figure 2 

Histogram and probability distribution of the mean 

external temperature in January in Germany. Data 

source: (DWD, 2015) (long-term data between 

1948-2013) 

 

For example, the input parameter “degree days” did 

not fit with any of the probability functions.  

In such cases the values from a range determined 

by the maximum and minimum values were used. 

For the degree days this for example resulted in 49 

values within a range of 3290-4347°Kd based on 

1951 to 2000 data. It is further assumed that each 

value in the predetermined range can be selected 

randomly to be used with the same probability in 

the simulation. 

 

Figure 3 

Example for the development of a dynamic input 

parameter, in this case the number of dwellings in 

Germany. Data source: (DESTATIS, 2011) 

 

Two categories of input parameter were identified: 

dynamic and static input parameters. The dynamic 

parameters do not only have an influence on 

determining the energy consumption in a given year 

but also have a long-term influence on future 

energy demands. An example of such a parameter 

is the number of dwellings. The number of 

dwellings for the first forecast year (2001) depends 

on the probability function of the previous years, in 

this case the growth rates in the “reference period”.  

Mean external temperature in January (°C)
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This implies that in the year 2001 there are 11 

probable values for the number of dwellings. For 

the second year of forecast (2002) there are 121 

probable values for the number of dwellings (based 

on 11 probable values for the number of dwellings 

times 11 probable growth rates).  
If this process is repeated for an extended time 
period, it significantly increases the amount of 
probable values for the number of dwellings. At the 
same time the probability distribution of the output 
parameter, in this case the number of dwellings, 
becomes increasingly dense while the distribution 
widens (Figure 3). Other input parameters 
belonging to this category are: total population, 
persons per dwelling, efficiency of the heating 
system, the specific energy demand for space 
heating and hot water provision and the 
replacement rate of buildings. 
 
Table 2 
Probability distributions determined for selected 
influential input parameters for the overall 
uncertainty analysis  
 

Input Parameter  Category1 Probability 

distribution 

Internal temperature 

(°C) S 

Discrete uniform 

distribution (DUD) 

[18-21] 

External 

temperature 

January2 (°C) 

S 

Weibull  

(1.2,3.9,-0,02)  

External 

temperature  

August2 (°C) 

S 

Normal  

(18.7,1.9) 

Growth rate number 

of  dwellings (%) 
D 

DUD 

[0.7-1.6] 

Infiltration rate 

(ach) 
S 

DUD  

[0.5-0.9] 

Specific energy  

demand detached 

house (kWh/(m2*a)) 

D 

DUD 

[178  119]3 

Floor area of a  

detached house 
S 

Normal  

[105, 8.2] 

Degree Days  

(°Kd) 
S 

DUD  

[3433-4347 ] 

Boiler efficiency, 

natural gas fired (%) 
D 

DUD 

[0.7  1]3 

Annual average 

solar irradiance 

(W/m2) 
S 

Normal  

[72, 46.2] 

1 D dynamic input parameter, S Static input parameter 
2 The months January and August are used as examples here. All       

  months have been considered in the calculations 
3 
 Tendency of the input parameter  

 

All parameters with density functions that did not 

change significantly during the “reference period” 

(1990-2000) were considered as static parameters. 

Examples of input parameters that belong to this 

category are: the internal temperature, external 

temperature, solar irradiance, infiltration rate, 

surface area of the building components (doors, 

windows, walls and roofs). In total more than 127 

input parameters were studied. Table 2 presents 

some of the most influential parameters with 

respect to predicting the future energy demand, 

including their respective probability distributions 

and the input parameter category (dynamic or 

static). 

RESULTS 

The results of the MCA highlighted in Table 3 

indicate that the possible variations in the input 

parameters lead to significant uncertainties in the 

results, even if model adjustments as discussed 

above are undertaken. For example, to predict the 

number of dwellings with BREHOMES, two 

options were considered as shown in Figures 4a and 

4b. The first option considered the growth rates for 

the number of dwellings in the reference period as a 

baseline for the future development. Under this 

assumption the model delivers results with a stable 

level of uncertainty throughout the “forecast 

period”, ranging between -16% and +16% in 

relation to the modeled mean value for a 90%ile 

confidence interval. It is further observed that the 

statistical values for the total final energy 

consumption provided by the BMWi lie within the 

probability band predicted by BREHOMES. The 

second option considered the original algorithms 

for the number of dwellings as used by 

BREHOMES through the core calculation engine 

BREDEM (Anderson et al., 2002). In BREDEM the 

number of occupants is related to the floor area of a 

dwelling. This means that if the average value for 

the floor area per dwelling (Loga et al., 2011) and 

the total population of the country (DESTATIS, 

2011) are known, it is possible to determine the 

number of dwellings. Using this approach, the 

number of dwellings and then the corresponding 

energy demand were established. As can be seen in 

Figure 4b the variation for the 30%tile confidence 

interval probability band is relatively similar to the 

30%tile confidence interval band in Figure 4a. 

However, the overall uncertainty of the result (i.e. 

the final energy demand) increases significantly 

over time, reaching values between -24% and +54% 

in relation to the modeled mean value for the 

90%tile confidence interval in 2010. Models with a 

low level of disaggregation (LEAP, BSM) show 

probability bands with trapezoidal shapes (Figures 

4c and 4d). As would be expected, for both of these 

models the input parameters related to the number 

of dwellings and the specific energy demand per 

dwelling have a significant influence on the result. 

However, in Germany these input parameters have 

opposite trends. While the number of dwellings 

increased, the specific energy demand per dwelling 

decreased. This leads to an increase in the 

uncertainty of the results as time progresses which 

leads to the specific shape of the probability bands 

highlighted in Figures 4c and 4d. 
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Figure 4 

Comparison of national statistics on the total final energy consumption in the residential sector (BMWi, 2012) 

with the probability bands for energy demand modeled with: BREHOMES considering the reference period 

growth rates for the number of dwellings (a), BREHOMES considering the original BREDEM algorithms for the 

number of dwellings (b), LEAP (c), BSM (d), REM (e), FfE-Gebäudemodell (f), MAED-2 (g), CDEM (h).  
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The FfE-Gebäudemodell and REM which represent 

models with a medium level of disaggregation have 

relatively similar calculation procedures. Both 

disaggregate the housing sector into dwelling types 

(or units) with an average energy consumption per 

floor area (kWh/m²*a). In both models, the 

determination of the final energy demand is 

strongly influenced by the efficiency of the heating 

equipment. The results given in Figures 4e and 4f 

show that both models have more uncertainty at the 

beginning of the “forecast period”. This is because 

in the first year of the “forecast period” the range of 

probable values for the efficiency of the equipment 

was much higher at 71% to 98% than at the end of 

the decade with 81% to 99%. 

Looking at the models with a higher level of 

disaggregation (MAED-2, BREHOMES, CDEM) 

shown in Figures 4g, 4a and 4h it is observed that 

the presented probability bands follow a parallel 

shape. The lower limit of the bands have a more or 

less constant difference to the modeled mean value 

at -13, -16 and -6 % for the 90%ile confidence 

interval for the models MAED-2, BREHOMES and 

CDEM respectively. The same is true for the upper 

limits of the bands which lie at +14%, +16% and 

+6% for the 90%ile confidence interval for the 

respective three models. 

CDEM and BREHOMES use the same calculation 

engine (BREDEM), so it would expected that the 

models would display similar uncertainty bands. 

However, the probability band of the model CDEM 

is narrower than that of the model BREHOMES. 

This is because the prediction for the energy 

demand with CDEM is performed on the basis of 

the change in the energy consumption for a number 

of different dwelling types, whereas BREHOMES 

makes the prediction based on an average dwelling. 

This implies that a higher level of disaggregation of 

the modeling reduces the impact of the uncertainty 

of the input parameters on the output parameter. 

The results for the absolute differences in total final 

energy demand with respect to the modeled mean 

value show that, due to the uncertainties of the 

input parameters, the energy demand can 

significantly fluctuate, with on average +/-101 

TWh/a across all models for the  90%tile 

confidence interval (Table 3). 

 

Table 3 

Absolute difference of the calculated 90%tile confidence interval energy demand compared to the modeled mean 

value for the seven investigated models. 

 

 

Difference to the statistical data lower 

90%tile confidence interval (TWh/a) 

Difference to the statistical data upper 

90%tile confidence interval (TWh/a) 

 
2001 2005 2010 2001 2005 2010 

BSM -40 -55 -74 80 109 148 

LEAP -27 -70 -179 25 48 93 

REM
1
 -130 -117 -105 82 64 70 

FfE-

Gebäudemodell -139 -127 -107 93 64 68 

MAED-2 -90 -90 -107 90 98 118 

BREHOMES 
2
 -105 -110 -116 107 111 117 

BREHOMES 
3
 -104 -144 -203 109 198 450 

CDEM -42 -43 -46 39 40 42 
1
 The results for REM do not consider the calibration coefficient K which would render the data equal to the   

   reference data 
2
 Energy demand calculated considering the reference period growth rates for the number of dwellings 

3
 Energy demand calculated considering the original BREDEM algorithms for the number of dwellings  

 

CONCLUSIONS 

The results of the MCA show that the uncertainty 

for predicting the total final energy demand in the 

residential sector is significant and, for some 

models, varies considerably over time. For the first 

year of prediction the upper and lower limits of the 

90%tile confidence interval probability band are on 

average -11 % and +9% of the modeled mean value 

for the investigated models, when one excludes the 

BREHOMES model shown in Figure 4b. For 2010 

this average probability band increases to -15% and 

+12% respectively. If the second option to 

determine the number of dwellings with 

BREHOMES is also considered (Figure 4b) then 

the average upper limit of the band probability 

increases to +18%. 

It is observed that the probability bands of energy 

models with a lower level of disaggregation have 

trapezoidal shapes with the range of probable 

values for the total final energy demand increasing 

progressively over time. By contrast, the probability 

bands of energy models with a higher level of 
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disaggregation display a more or less parallel shape 

with relatively constant values for the upper and 

lower limits of the band. From this it can be 

concluded that the increased uncertainty of input 

parameters over time has a greater influence on 

models with a lower level of disaggregation. This is 

confirmed by the probability bands of CDEM, the 

model with the highest level of disaggregation in 

the set, which shows the narrowest band of 

probable values for total final energy demand. 

Based on these results it can be explicitly concluded 

that the uncertainty in the modeling can be reduced 

by increasing the level of disaggregation of a 

model. However, models with a higher 

disaggregation have a narrow band of probable 

values so that it is not possible to cover abrupt 

annual changes in the energy demand. For example, 

with the model MAED-2 it was not possible to 

foresee the significant decrease in energy 

consumption in 2007 due to the substantial increase 

in the number of degree days in this particular year. 

This highlights the necessity for determining an 

optimum range of probable values that is not only 

limited to an accurate trend for forecasting the total 

final energy demand, but also allows to visualize 

probable sudden changes in the energy demand due 

variables with large annual fluctuations as these 

provide a high degree of uncertainty in the results. 
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