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Abstract 
This study presents a method of diversifying comparable 
information in the calibration of the energy model to 
reduce differences between the simulated results and 
measured data in Urban Building Energy Modeling 
(UBEM). One of the calibration issues is the concern that 
the sub-energies such as heating, cooling, and lighting, 
may not be the same because the simulation results are 
adjusted based on total energy consumption. To solve 
these concerns, it is necessary to add various calibration 
criteria so that the calibrated results can be the output 
when all criteria are met. However, it is extremely 
difficult to obtain comparable additional information of 
existing buildings. Thus, in this study, parameters related 
to heating, cooling, and base-load were derived using 
data-driven method to derive various comparable 
information. The current study analyzed that there is a 
difference between the variable that has a high 
correlation with the total energy, and the input variable 
that has a sensitive relationship with the parameter, by 
performing the sensitivity analysis required to select the 
input variable subject to calibration. That is, post-
distribution estimation focusing on input variables 
related to sub-energy is possible if parameters are used 
as comparison criteria when calibrating the energy 
model. 

Introduction 
As the demand for carbon neutrality increases worldwide, 
the need for various energy-saving strategies is also 
increasing in individual buildings and on an urban 
(national) scale. To achieve carbon neutrality, it is 
necessary to effectively reduce the total energy 
consumption at urban and national levels. There is a need 
for a systematic plan for “how” the individual buildings 
will conduct energy conservation. To establish the plan, 
the status of the current urban buildings must be 
understood.  

Building energy modeling (BEM) based building energy 
simulation (BES) is widely used in establishing an 
energy conservation plan, wherein the effect can be 
analyzed according to the application of the energy 
conservation measure (ECM). Furthermore, UBEM, 
which expanded from individual building modeling to 
urban-scale modeling, is being actively used because 
computer performance has improved and construction of 
Geographic Information System (GIS) data on the shape 
and topography of buildings have become possible 
recently. UBEM is an excellent tool to explore the 
opportunities of ECM when applied to a group of large 
buildings in an urban context. However, despite the need 
to reflect the current state of urban buildings by using 
UBEM, it is practically difficult to collect information of 
existing buildings. Moreover, it is difficult to fully reflect 
the complexity of the building system and uncertainties 
such as weather data and occupancy conditions in the 
simulation. In general, represented or hypothesized 
inputs based on literature review can cause differences 
between the simulated results and actual measured data. 
Consequently, it is difficult to establish a detailed energy 
conservation strategy for urban total energy conservation 
goals. 
In this background, the energy model calibration—
which reduces the difference between the simulated 
results and the measured data by adjusting the input 
variables of the model—is essential. The basic approach 
to model calibration is comparing the error between the 
simulation calculation results and the actual measured 
data while adjusting the value of the input variable and 
deriving the value of the input variable when the error is 
minimized. The input variables to be calibrated are 
primarily used through sensitivity analysis to identify 
major variables affecting the simulated results.  
The simulated monthly or annual energy use are 
compared with the measured energy consumption for 
calibrating a building energy model. However, even if 
the compared calculated and measured total energy 
values are the same,  each amount of heating, cooling, 
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and base-load may differ. That is, the energy model 
calibration can make it difficult to estimate the physical 
or occupancy characteristics of a building correctly. To 
solve this limitation of energy model calibration, 
detailed comparative information must be obtained, but 
measuring end-use energy for multiple buildings is 
practically difficult. 
Furthermore, repeated simulations are required in the 
process of matching the simulated results with measured 
data. At this stage, an emulator that mimics the dynamic 
simulation model is generally used. The emulator is 
trained to imitate outputs with only a small number of 
inputs, rather than having to input all variables. However, 
emulators for model calibration are generally used only 
to match total energy consumption. An emulator is 
created using the main influential variables derived from 
sensitivity analysis as input variables. That is, only 
variables sensitive to total energy consumption are used 
as input variables. However, in practice, the sensitive 
variables may vary depending on heating, cooling energy, 
and base-load. It is diificult to focus on the detailed 
influencing factors for heating, cooling, and base-load 
when generating an emulator for total energy demand.  
This study suggests a method to identify the comparable 
variables in the calibration of UBEM. Figure 1 illustrates 
the procedure of this study. Parameters that can be 
compared with measured data are estimated from 
simulated results by applying the change point method. 
Next, sensitivity analysis is performed; influential 
variables were derived for total energy and parameters. 
Finally, it was analyzed what influential variables were 
derived by sensitivity analysis when the parameters were 
used.  
Selecting uncertain variables and sampling 
The Monte Carlo sampling-based uncertainty analysis is 
a probabilistic approach. To analyze uncertainty, the 
probability distribution of uncertain variables should be 
defined. Next, simulation cases are created using a 
sampling method (e.g., Latin hypercube sampling, LHS) 
and probabilistic results are generated through repeated 
simulations. In this study, the office building was 
selected for analysis because it had relatively consistent 

occupancy and operation schedules compared to other 
building uses. The uncertainty variables of UBEM were 
focused on the passive systems. The probability 
distribution range was set for 11 input variables, as 
shown in Table 1. 

  Table 1. Simulation variable and distribution 

Thermal transmittance Window to 
wall ratio 
(WWR) 

Indoor set temperature Internal heat 
Infiltration 

rate Cooling Heating Occupancy 
density 

Equipment 
density 

Light 
density Wall Roof Floor Window 

Code t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 t11 
Unit W/m2K - m2/person W/ m2 ACH
Min 0.13 0.13 0.17 0.63 0.10 23.3 20.0 6.0 10.0 4.0 0.1 
Max 1.00 1.00 1.00 6.00 1.00 26.0 23.2 15.0 25.0 24.0 0.5 

Figure 1. Research procedure and method 
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The probability distribution was set by referring the 
Korean building energy code. All variables were set with 
a uniform distribution. For the sampling method, LHS, 
which evenly extracts the number of samples according 
to the probability, was applied.  
LHS can create a grid within the dimensional range of 
the utilized variable and carry out uniform sampling. It 
can draw meaningful results even with a small number 
of samples and is suitable for use in non-linear analysis 
by complex interaction. Although there is no standard for 
sampling size, 4/3k sampling was performed in many 
studies such as Iman and Helton (1985) and Manache 
(2001). Here, k represents the number of types of 
uncertain variables. The extracted samples are used as 
inputs for simulation. As a myriad of combined samples 
are produced, repeated simulations are performed. The 
simulation results also appear as a probability 
distribution. In this study, 1,100 samples were chosen for 
the simulation, with the number of samples set to 100k 
to improve the accuracy of the sensitivity analysis results. 

Simulation  
The simulation target is limited to office buildings, but 
the shadowing effects between the buildings must be 
reflected. Accordingly, for buildings other than office 
buildings, modeling was carried out by implementing 3D 
shape as a boundary objective. The 3D shape of many 
buildings was implemented using Grasshopper, a tool of 
the Rhino program. Urban modeling interface (UMI), a 
Rhino-combined program capable of detailed dynamic 
energy simulation among UBEM software, was used for 
energy simulation. 

(1) 3D modeling
The first step of UBEM is to implement the urban 
geometry in 3D, based on the collected data and input 
building information. The large number of required data 
sets and the complexity of involved modeling must also 
be considered. The 3D modeling was carried out for 
buildings in Seocho-gu, an administrative district in 
Seoul, the capital of Korea. Building and topographic 
GIS data were collected to construct the urban 
environment. In the energy simulation of buildings, solar 
radiation is a major factor for energy calculation. Thus, 
the height of buildings, terrain, and the shadows between 
buildings must be considered. This corresponds to the 
footprint of the building and the contour line—the 
altitude information of the topography. Accordingly, this 
study implemented the urban model by using two types 
of GIS data, including building footprint and contour line. 
Next, the height information must be combined to 
implement GIS information in 3D shape. It is necessary 
to check whether there is no data missing regarding the 
number of floors or height. Building footprint GIS used 

in this study provides basic information such as the 
building’s PK code (Building’s ID), total floor area, and 
building use in addition to polygon features. However, 
missing and erroroneous data are included. Thus, pre-
processing was performed after excluding errorroneous 
data and supplementing missing values.  
First, buildings without PK code were excluded because 
that is difficult to determine based on actual building 
information.7,132 buildings with missing PK were 
excluded from 24,924 buildings. Subsequently, the 
number of floors above the ground and height data were 
judged as variables that should not be omitted for 3D 
modeling. Additionally, 79 buildings with “0” floors 
above the ground were excluded. Afterward, to 
compensate for missing values for 5,269 buildings where 
height information is “0” or missing, a single regression 
analysis was performed. The relationship between the 
number of floors above ground and height data of 12,444 
buildings without missing height information was 
analyzed. Figure 2 is the result of regression analysis.  
Finally, 17,713 buildings were selected as possible 3D 
shape modeling targets.  

(2) Energy simulation
Table 2 shows the total number and floor area of 17,713 
buildings by use. There are 932 office buildings. The 
number of buildings take up 5%, whereas  the total floor 
area occupies approximately 20%. The total area of 
office buildings occupy a high proportion of non-
residential buildings. Simulations were performed on 
269 single-use office buildings with a total floor area 
greater than 3,000m2 to consistently reflect the 
characteristics of office buildings. Energy simulation 
was conducted according to the procedure in Figure 3 
with sampled values of uncertain variables for 269 office 
buildings.  

Figure 2. Results of single regression analysis for the 
number of building floors -height 
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Table 2. Total number of buildings and total floor area 
by building use 

Building use 

Num. of 
buildings 

Total floor area 
(TFA) 

Num. % Sum of 
area(m2) % 

1 Detached houses 5,990 33.8 1,890,254 6.1 

2 Apartments 4,952 28.0 13,481,774 43.7 

3 Neighborhood living
facilities 4,874 27.5 4,650,059 15.1 

4 Cultural and 
assembly facilities 21 0.1 184,994 0.6 

5 Religious facilities 97 0.5 269,437 0.9 

6 Retail facilities 50 0.3 995,152 3.2 

7 Transportation 
facilities 2 0.0 15,522 0.1 

8 Medical facilities 28 0.2 273,095 0.9 

9 Education and 
research facilities 346 2.0 1,960,219 6.3 

10 Facilities for the
elderly 85 0.5 99,374 0.3 

11 Training facilities 1 0.0 2,962 0.0 

12 Sports facilities 14 0.1 76,488 0.2 

13 Office buildings 932 5.3 5,819,382 18.9 

14 Accommodation
facilities 63 0.4 341,293 1.1 

15 Amusement facilities 2 0.0 3,222 0.0 

16 Other 256 1.4 797,485 2.6 

Total  17,713 100 30,870,713 100 

Note. Num: number 
First, the values of the previously sampling result are 
input into the model. The Template Library File (TLF) 
of the UMI program, which turns the properties of a 
building into a template and assigns it to the selected 
building simultaneously, was used. The format of 
weather data is the same .EPW file used in EnergyPlus. 
Thus, to reflect the weather conditions, Actual 
Meteorological Year (AMY) hourly weather data were 
constructed by collecting public information on weather 
data in South Korea. Weather data were constructed for 

three years from 2017 to 2019. Finally, simulations were 
performed for three years with 1,100 samples. 

Data-driven  
The simulated results could obtain information on 
heating and cooling energy and base-load (hot water, 
lighting, and equipment). However, when calibrating the 
energy model, the actual energy consumption is final 
energy such as electricity, gas, and district heating. Thus, 
only the total energy demand can be utilized for 
calibration. This study aimed to derive information that 
can be directly compared with energy consumption only 
from available data when calibrating the energy model. 
Particularly, input variables that primarily affect each 
type of energy can be identified in detail if information 
related to heating, cooling, and base-load can be 
compared. Thus, the method of estimating parameters 
through a data-driven method was applied to the total 
energy demand of the simulation. Change point method 
was used, which is one of the ASHRAE inverse models 
based on monthly outdoor dry-bulb temperature. Using 
this method, weather-dependent and weather-
independent energy use can be derived, such as heating, 
cooling, and base-load. Figure 4 shows the change point 
method.  
Base-load (b0) signifies the amount of lighting, plug load, 
and process load. Heating  Cooling Sensitivity (b1, b2, 
slope coefficient) indicates the sensitivity according to 
the efficiency of the building envelope, ventilation, 
infiltration, and heating and cooling system. Heating  
Cooling Change point (b3, b4) is analyzed as the outdoor 
temperature’s value when heating and cooling starts. A 
parameter is a variable that determines the energy 
consumption and the output of the performance of a 
building or system. Accordingly, if parameters are used 
as information for calibration, calibration can be 
condcuted for key input variables that affect each 
parameter.  
The simulated results calculated for 269 office buildings 
were used to estimate the parameters by applying the 
change point method. Specifically, monthly Energ Use 

Figure 3. Simulation procedure 
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Intensity (EUI) data and dry bulb temperature data were 
used. Further, the cooling and heating regression 
equation and change point are the variables determined 
according to the base-load value. Thus, the procedure for 
estimating the base-load and deriving other parameters 
according to the base-load comrpised the following steps: 

1) Select the lowest two-month EUIs of the 12-month
EUIs for each year. Select six base-load candidates for
three years.
2) Assume the six selected EUIs as candidates for the
base-load, and derive the parameters for each case. 
3) Analyze the regression equation (determination
coefficient(R2)). 
4) Select parameters for the most significant regression
equation. 

When deriving parameters, the cooling change point (b4) 
of the regression equation was often lower than the 
heating change point (b3). This was the case wherein the 
straight lines are crossed when the sensitivity of heating 
or cooling is low in a situation where the base-load is 
extremely high. In this case, it cannot be determined 
whether this is erroneous or abnormal data. However, 
errors in the x-intercept due to this statistical limitation 
may distort the analysis. Moreover, in terms of 

explaining the behavior of buildings, the correlation 
between cooling, heating sensitivity, and base-load with 
related input variables can be clearly defined, but cooling 
and heating change points result from an extremely 
complex interaction. Thus, among the five parameters 
derived by the change point method, a total of three 
parameters of heating, cooling sensitivity, and base-load 
were identified as usable data for the final 262 office 
buildings. 

Sensitivity analysis 
In calibrating the energy model, sensitivity analysis is 
used to find the main variable affecting the simulated 
results. It was analyzed whether there was a difference 
between the sensitivity analysis results for total energy 
and for the three parameters. Table 3 shows the list of 
variables that have performed sensitivity analysis. 

Table 3. List of sensitivity analysis variables 

Data type Definition Code 

Output 
Data 

EUI per 
month  

Tota l(kWh/m2)  t.eui 

Base-load (kWh/m2) b_load 

Heating sensitivity (<0) Htg_s 
Cooling sensitivity (>0) Clg_s 

Input 
Data 

Outside temperature ( ) temp 
Relative humidity (%) RH 

Area ( ) Area 

Input 
Data 

(Uncertain 
variables) 

Thermal 
transmittance  

Wall (W/m2K)  t1 

Roof (W/m2K)  t2 

Floor (W/m2K)  t3 

Window (W/m2K)  t4 
Window-wall ratio (WWR) t5 

Indoor set 
temperature 

Cooling ( )  t6 
Heating ( )  t7

Internal heat 

Occupancy density 
(person/m2)  t8 

Equipment density 
(W/ m2)  t9 

Light density (W/ m2)  t10 
Infiltration rate (ACH) t11 

As input data, 11 uncertain variables and temperature 
data were used. Samples derived through LHS in the 
variable distribution range in Table 2 were used for 
sensitivity analysis. For output data, EUI, which is 
generally used for model calibration, and three 
parameters derived through the change point method 

Figure 4. Change point method and parameters 
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were used. Pearson correlation analysis was conducted 
for the sensitivity analysis method. 

Result analysis 
Figure 5 and Table 4 illustrate the distribution of the 
monthly total EUI for three years. Figure 6 and Table 5 
show the results of the uncertainty analysis of the 
parameters derived using the total EUI and the data-
driven method. 

Table 4. EUI quantile and mean by month 

month 

Monthly EUI (kWh/m2) 
Quantile 

Mean min 25% 50% 
Median 75% max 

Jan. 2.87 12.3 15.6 19.14 32.85 15.91  
Feb. 2.61 9.86 12.05 14.66 26.38 12.40  
Mar. 2.97 9.03 10.6 12.16 19.13 10.57  
Apr. 2.66 9.66 11.55 13.53 23.56 11.64  
May 2.97 12.15 14.36 16.53 24.39 14.36  
Jun. 2.85 12.63 14.76 16.84 23.83 14.75  
Jul. 2.78 13.66 15.76 17.79 25.07 15.73  

Aug. 2.97 14.29 16.53 18.7 26.33 16.50  
Sep. 2.75 11.47 13.5 15.48 22.8 13.50  
Oct. 2.87 7.23 8.89 10.34 17.39 8.85 
Nov. 2.85 9.08 10.75 12.36 19.96 10.72  
Dec. 2.78 11.41 14.82 18.53 31.58 15.14  

The monthly EUI, annual EUI, and base-load showed the 
overall normal distribution. The distribution range was 
wider in January and December than in other months. 
This is because there were cases where the heating 
sensitivity was at least 0.5 higher in the absolute value 
compared to the cooling sensitivity in Figure 6. 

Table 5. Annual EUI, quantile, and mean of parameters 

Variable 
Quantile 

Mean 
min 25% 50% 

Median 75% max

Annual EUI 
(kWh/m2) 33.9  134.5  154.5  174.6  255.1  154.1 

Base-load 
(kWh/m2) 3.3 7.0 8.7 10.2 17.1 8.7  

Heating sensitivity -1.38  -0.46  -0.28  -0.11  0.00  -0.30 

Cooling sensitivity 0.09  0.24  0.31  0.37  0.54  0.30  

Figure 7 shows the results of Pearson sensitivity analysis 
on the simulated results based on the variables in Table 
3. Table 6 summarizes the results of related variables
according to the sensitivity level. In monthly EUI (t.eui), 
temperature, relative humidity, total floor area of a 
building, equipment (t9), lighting density (t10), and 
infiltration rate corresponding to internal heat factors 
were found to be the sensitive factors. However, the 
sensitivity was not extremely high in general. In the case 
of base-load and cooling/heating sensitivity (Htg_s, 
Clg_s) corresponding to output variables derived 

Figure 5. EUI distribution by month 

Figure 6. Annual EUI and parameter distribution 
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through data-driven, the sensitivity of the related 
variables was evident compared to the total energy 
demand. First, in the case of base-load, the sensitivity of 
the equipment and lighting density (t9, t10) was evident 
compared to t.eui. Moreover, heating and cooling energy 
demand corresponded to the excluded energy; thus, 
temperature and relative humidity were not sensitive 
factors. For heating sensitivity (Htg_s), the sensitivity of 
wall thermal transmittance (t1), window area ratio (t5), 
and heating set temperature (t7) ranged between 0.2–0.4, 
relatively high than that of t.eui or base-load. Regarding 
cooling sensitivity (Clg_s), the sensitivity of WWR(t5) 
and occupancy density (t8) was distinct compared to that 
of the total energy demand. The thermal transmittance of 

roof, floor, and windows did not have a high sensitivity 
in all cases. 

Conclusion 
This study reviewed the sensitivity analysis limits of 
commonly used total energy consumption, which is a 
necessary step to calibrate the UBEM, and presented a 
solution. The need for comparable information on 
heating, cooling, and base load was mentioned, and the 
parameters that can be compared additionally based on 
the currently collectible total energy were estimated. The 
derived parameters showed sensitivity analysis focusing 
on input variables related to heating, cooling, and base-
load. In other words, model calibration using only total 
energy consumption signifies that the ability to estimate 
the posterior distribution of the input variable may be 
relatively poor. However, the calibration results of the 
energy model must be reviewed through comparison 
with the actual measurement data. In addition, it is 
necessary to consider the uncertainty about active 
systems as well as passive systems. The accuracy of the 
UBEM through the energy model calibration will 
improve if a study on the posterior distribution of input 
variables through the addition of uncertainty variables of 
the active systems and calibration of the actual energy 
model is carried out. 
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Table 6. Input variables by sensitivity level according to EUI and parameters 

High sensitivity (Upper 0.7~1) Relatively high sensitivity (0.3~0.7) Weak sensitivity (0.1~0.3) 

Total energy 
(kWh/m2 monthly) 

Dry bulb temperature  
Relative humidity 
Lighting density 

Equipment density 

Infiltration rate 
Total floor area 

Heating sensitivity Infiltration rate 

Wall U-value 
Window-to-wall ratio 

Heating set point temperature 
Total floor area 

Cooling sensitivity Infiltration rate 
Window-to-wall ratio 

Occupancy rate 
Total floor area 

Base load 
(kWh/m2 monthly) 

Lighting density 
Equipment density 

Figure 7. Results of sensitivity analysis 
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