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Abstract 

Inaccurate assumptions made about occupants’ presence 

and numbers are one of the most important factors 

contributing to the gap between simulation results and 

actual energy consumption (performance gap). Many 

studies have investigated the impacts of occupancy 

models on building simulation results, but such impacts 

on the performance gap has been less considered. This 

paper studies the impact of occupancy data compared to 

weather data on the performance gap for a case study 

university building by comparing simulation results using 

standard occupancy profiles and observed occupancy data 

against half-hourly and monthly meter data. The results 

present an improvement of 14.4% in CV(RMSE) 

(coefficient of variation for the root mean square error) 

due to using observed occupancy data compared to an 

improvement of 4.3% due to using actual weather data, 

which highlights the significance of occupancy inputs for 

simulation of multi-purpose academic buildings similar to 

the case study.   

Key Innovations 

 Investigates the impact of using long term 

recorded occupancy data in a university building 

energy model on gas and electricity consumption 

results. 

 Compares the impact of occupancy data against 

weather data on the performance gap 

 Presents a framework for estimation of space-

level occupancy from building-level data.  

 Presents a framework for eliminating counting 

errors of the sensor 

Practical Implications 

Using occupancy profiles extracted from observed data 

can have positive impacts on the performance gap. 

Considering it is resource and time consuming to gather 

zone-level occupancy data in buildings with multiple 

zones- such as the case study building- estimated profiles 

from observed building-level data can be used to improve 

the results significantly. With rapid developments in 

sensing and monitoring technologies, sensors have been 

more commonly used in building. Many buildings are 

already equipped with entrance monitoring systems such 

as overhead sensors, barrier sensors or door badge 

readers. This study presents a method energy modellers 

can use for taking advantage of the data collected by such 

technologies to create better representations of occupancy 

in building performance simulation for buildings similar 

to this case study. In addition, this research uses a case 

study approach to provide proof that using standard 

occupancy data can have a more negative impact on the 

performance gap than using representative weather data.  

Introduction 

About 30% of the UK’s total emissions is connected to 

buildings which makes it a decisive factor in achieving 

the country’s Net Zero emissions goals (UKGBC, 2020). 

For the building sector, this means that all buildings must 

meet net zero emissions standard by 2050. However, the 

progress in non-residential buildings has not met the set 

targets yet, signifying the importance of focusing on 

underlying factors influencing energy consumption in 

these building types. (Climate Change Committe, 2019). 

Building performance simulation (BPS) is a powerful tool 

for estimation and optimization of energy use in 

buildings. However, considerable gaps have been 

reported between simulation results and actual 

consumption levels (O’Brien et al., 2017). One of the 

most important factors contributing to this gap is the 

difference between how occupants behave in reality and 

the assumptions made by energy modellers in simulation 

(Dong et al., 2018, Hong et al., 2018, Li et al., 2019, 

Carlucci et al., 2020). The importance of occupant 

behavior in BPS has drawn much attention towards this 

topic during the recent years and has been studied 

extensively, particularly under the IEA-EBC Annex 66 

(IEA-EBC, 2018). 

Occupants interact with buildings in various ways. 

Occupants’ presence in building spaces and their actions 

such as adjusting HVAC equipment, switching lights 

on/off, using electrical equipment such as kitchen and 

office appliances, opening/closing windows, 

opening/closing blinds, and moving between spaces can 

have a considerable impact on the actual building energy 

use (Schweiker et al., 2018). However, in some non-

residential buildings where the occupants don’t have 

control over many aspects of their environment, the 

impact of their presence and movements between spaces 

(occupancy) on simulation results becomes more 

significant. In addition, occupancy is considered as the 

prerequisite of all other behaviour in any type of building. 

Behaviours such as use of lighting, electrical appliances, 

window blind position, window opening, HVAC and hot 

water usage are all related to the presence and numbers of 

people within a building (Tahmasebi and Mahdavi, 2017). 

Furthermore, occupancy has a direct influence on internal 

heat gains, as people release heat through their 

metabolism (D’Oca and Hong, 2015). Therefore, it is 

crucial to address the uncertainties created by the 
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presence and numbers of occupants in building 

performance simulation.  

Typically, due to empirical occupancy data not being 

readily available, estimated occupancy schedules 

provided by building codes such as UK’s National 

Calculation Method (NCM, 2015) or ASHRAE 90.1 

(ASHRAE, 2016) are used by energy modellers as inputs 

in building simulations (O’Brien et al., 2017). However, 

it has been argued that such schedules are overly 

simplified and don’t reflect real occupancy patterns, 

which leads to significant errors in calculation results. 

Tahmasebi and Mahdavi (2017) performed a sensitivity 

study on an office building to investigate the effects of 

different occupancy modelling approaches for simulation 

results. They used motion sensors for collecting 

occupancy of several single occupancy workstations 

during one year. The observed average occupancy 

profiles were considerably different from ASHRAE 90.1 

schedules. They used the dataset in their simulation and 

compared the annual heating and cooling results between 

using the collected data, ASHRAE 90.1 profiles and 

stochastic models based on both. In a similar study, 

Duarte et al. (2015) used a long-term occupancy dataset 

gathered using motion sensors in an office building to 

develop average occupancy diversity factors for private 

offices. Their results showed that the observed diversity 

factor has a 46% lower average daily occupancy peak for 

private offices compared to the prescribed ASHRAE 90.1 

schedule. They used the developed schedules for 

simulating several office buildings and compared the 

results to simulation results using ASHRAE 90.1 

schedules. The results showed that using observed 

occupancy data versus standard schedules can change the 

overall energy consumption by as much as 39% (Duarte 

et al., 2015). While most studies are focused on office 

spaces, only a few have investigated this matter in other 

building uses. Parker et al. (2017) used the data provided 

in Google Maps as “popular times” (Google, 2019), to 

create diversity factors for supermarkets. They gathered 

data for 80 UK supermarkets and developed average 

schedules for supermarket buildings. The diversity factors 

were used in energy simulation of 20 supermarket 

buildings and results were compared to models using 

NCM schedules. Total annual boiler energy consumption 

increased by an average of 9.32% and annual cooling 

energy consumption decreased by an average of 36.17% 

when NCM schedules were replaced by the gathered 

diversity factors. Kim et al. (2017) used a dataset 

containing two weeks of observed occupancy and plug 

load data in simulation of two university buildings and 

reported 88-124% improvement in CV(RMSE) of office 

appliances electricity consumption compared to sub-

metered data. 

Most of the research studies have focused on the impacts 

of using improved occupancy profiles on simulation 

results only, but this impact on the performance gap has 

been less studied. Also, to the authors knowledge, the 

effects on both gas and electricity consumption have not 

been studied for academic buildings. To address this gap, 

this study sets out to investigate the sensitivity of the 

energy results and the performance gap to the occupancy 

data for a case study university building. This is achieved 

by comparing the simulation energy results between 

models using actual occupancy data and NCM occupancy 

profiles. In addition, in order to highlight the extent of the 

impact of occupancy data, the changes in results have 

been compared with the changes due to using actual 

weather data.  

Methods 

The studied building is the Postgraduate Centre, an 

academic building on Heriot Watt university’s Riccarton 

campus in Edinburgh, Scotland. This building is located 

in the northern part of the campus and provides 

educational, administrative and social spaces for the 

students. The Postgraduate Centre building has an area of 

approximately 2000m2 and is comprised of four floors. 

The ground floor includes a foyer, a café and a lecture 

theatre. In order to compensate for the height of the 

lecture theatre, the building has a mezzanine design. The 

first floor comprises several offices while the second floor 

includes two large classrooms. The third floor encloses 

two meeting rooms, one classroom and two offices. The 

entire fourth floor is used as a study/social space. The 

floor plans of the building can be seen in Figure 1. 

The north zone of the building in all floors accommodates 

larger spaces, many of which require limited or no day 

lighting and all are mechanically ventilated using three air 

handling units (AHU). The south zone spaces have good 

day lighting, natural ventilation and minimal mechanical 

systems (Gul and Patidar, 2015, Hypostyle Architects, 

2006). Radiators are used for providing heat to this 

zone. From an energy performance point of view, the EPC 

rating of the Post graduate building is D with a potential 

to improve to D+ if installing solar water heating, a 

building mounted wind turbine and solar panels. 

The IES Virtual Environment (IES-VE) software package 

has been used as the simulation tool for this study. In order 

to replicate a measured time series, IES has provided the 

Free-form Profile facility, which allows the user to import 

time series data, via .ffd files, and to use that data to drive 

a profile. In the present study, a Python script was written 

to create the .ffd files containing the processed occupancy 

data for each space type and the heating schedule. The 

imported datasets were then used to create occupancy and 

heating profiles.  

For simplicity of simulation, the mezzanine floor design 

has been changed in the IES-VE model. Therefore, the 

modelled building consists of the ground floor (café, 

lecture theatre and foyer), the first floor (offices), the 

second floor (meeting rooms and large classrooms) and 

the third floor which encloses the large study area (Figure 

2). Table 1 summarizes the physical specifications of the 

building material and the parameters used in the model for 

energy consuming systems. 

In order to investigate the sensitivity of the simulation 

energy results and the performance gap to occupancy 

profiles, three simulations of the Post graduate building 

were produced using different assumptions regarding 

occupancy and weather. 
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Figure 1- Floor plans  (Gul and Patidar, 2015) 

Table 1- physical specifications of the Postgraduate 

building 

Building area 1983m2 

External Walls U value 0.55 W/m2K 

Internal Walls U value 1.59 W/m2K 

Ceilings U value 3 W/m2K 

Floor U value 0.71 W/m2K 

Roof U value 0.79 W/m2K 

Windows U value 3.17 W/m2K 

Temperature set point cooling 22ᵒC 

Temperature set point heating 22ᵒC 

Gas fired boiler 2×250kW condensing 

boilers (Part L seasonal 

efficiency=94.9%) 

Electric Chiller 2×112kW Air-cooled 

scroll type chillers 

(ESEER=3.65) 

Each model benefits from an improved level of accuracy 

compared to the preceding model. The simulation 

scenarios include: 1) Simulation using NCM occupancy 

profiles and Typical Meteorological Year (TMY) weather 

data, 2) Simulation using NCM occupancy profiles and 

actual weather data, 3) Simulation using actual occupancy 

data and actual weather data (Table 3). 

At the current stage, this research focuses on studying the 

impact of occupancy profiles on simulation, therefore for 

equipment and lighting load intensity values and 

schedules, values and profiles provided in the NCM for 

university buildings have been used (NCM, 2015). The 

impact of occupancy on lighting and equipment profiles 

will be studied during later stages of this research project. 

Examples of these profiles are shown in Figure 3. For 

domestic hot water consumption, values for each space 

type provided in IES-VE NCM templates have been used. 

Domestic hot water consumption schedules have been 

linked to the occupancy profile used in each simulation 

scenario. These values are shown in Table 2. 

The heating system operation times vary throughout the 

year as the HVAC systems are controlled by the building 

management team. Therefore, in order to eliminate errors 

arising from inaccurate heating schedules, the heating 

profile was created using measured gas consumption data 

and used in all three simulation scenarios. The method 

used is explained in further details in the heating system 

schedule section. For the parts of the building with natural 

ventilation, the IES-VE’s MacroFlow tool was used to 

model the airflow from windows and the main entrance. 

 

Figure 2- IES-VE model of Post graduate building 

It was assumed that the windows are opened by the 

occupants when the indoor temperature is higher than 

22ᵒC or CO2 levels are higher than 700ppm in the room. 

For the main entrance, the IR beam sensor data was used 

to create an operation profile. 

In this simulation, the periods for academic breaks are 

taken from the university calendar and consist of days 

between 2 April to 18 April, 13 May to 8 September and 

25 December to 8 January. The rest of the year is 

considered as term-time. 

Table 2- NCM values for maximum equipment, lighting 

and hot water consumption  
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Circulation 1.83 100 5.2 0.3066 

Classroom 4.74 300 3.75 0.0819 

Lecture theatre 1.83 300 3.75 0.0826 

Study space 5.27 150 5.2 0.0826 

Café 17.17 150 5.2 3.6366 

Office 11.99 400 3.75 0.3641 

Meeting room 11.99 400 3.75 0.3641 

Occupancy dataset processing 

The occupancy of the studied building has been 

monitored for several years. The dataset used in this study 

is the recorded occupancy data for a full year (1 January 

2017 to 31 December 2017).     

The occupancy data has been gathered using a Q-Scan 

UniComm V2.0 IR beam sensor installed at the main 

entrance of the building. This sensor had been installed as 

part of a previous research project (Gul and Patidar, 

2015). The studied building has one main entrance from 

which all of the students and staff enter/exit the building. 

The sensor counts the number of people going in/out of 

the building and records the total numbers in half hourly 

intervals. 

The number of people inside the building at each half- 
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Figure 3- NCM equipment and lighting profiles 

Table 3- Summary of simulation scenarios

Simulation 

Scenario 

Occupancy profile Equipment and 

lighting 

Heating profile Weather data 

Scenario 1 NCM  NCM Extracted from meter data 2004-2018 TMY weather data 

Scenario 2 NCM NCM Extracted from meter data Actual data for 2017 

Scenario 3 Actual occupancy NCM Extracted from meter data Actual data for 2017 

hourly interval is calculated using equation (1). 

 N(ti)=Nin(ti)+N(ti-1)-No(ti) (1) 

in which N is the number of occupants at time step ti, in 

Nin(ti) is the number of people who have entered the 

building during the time step and No(ti) is the number of 

people who have exited the building during the time step. 

It is assumed that the building has zero occupancy on the 

midnight of January 1st. 

IR sensors sometimes don’t count individual occupants 

when people cross the infrared beam at the same time in 

groups. Because the lecture rooms in the Postgraduate 

centre building have high capacities, usually large 

numbers of people exit the building at the same time at 

the end of lectures, which leads to the sensor counting 

groups of people inaccurately.  

In order to address this issue, it was assumed that the 

number of people entering the building is recorded 

correctly (considering the fact that the number of daily 

exits recorded are smaller than daily entering numbers for 

the majority of the days). Assuming the chances of 

missing counts are higher at time steps when a higher 

number of people leave the building, the daily difference 

on jth day (Δj) between total Nin(ti) and No(ti) can be 

distributed throughout that day, weighted by the number 

of people exiting at each time step. In other words, if the 

sensor recorded Nin people entering and No people exiting 

the building at ti, the corrected number of people who 

exited the building at ti would be calculated by equation 

(2). 

     Corrected No(ti)=No(ti)+(Δj×(No (ti)/∑ No(ti)
48

i=1 ))    (2)       

Since monitoring zone-level occupancy data is time and 

resource exhaustive, in order to use the collected data in 

building simulations, the number of occupants for zone 

level is estimated assuming that the occupants are 

distributed between spaces within the building based on 

each space’s capacity and operation times. Each zone’s 

maximum capacity in relation to maximum building 

capacity at each time step of the day is used as a weighing 

factor to break down the recorded data into zone level data 

with a MATLAB script. Even though the results are 

estimated values, for simplicity the resulting dataset is 

referred to as each space’s actual occupancy in this text. 
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The spaces within the building are categorized in several 

groups: circulation areas, classrooms, lecture theatre, the 

study space, offices, meeting rooms and café. For each 

category, the maximum capacity is calculated using the 

information available on the university website (Heriot 

Watt University, 2020). For circulation areas which this 

information is not available, the density of occupancy 

recommended in NCM is used to calculate the maximum 

number of occupants. Also, for each category, operation 

times are specified based on information gathered from 

observations and university timetables. These information 

can be found in Table 4. It is worth noting that the zone 

group maximum occupancy column in this table refers to 

the total maximum occupant numbers in all of the spaces 

within that zone type.  

With information about the operating times and maximum 

capacity of each zone type, the maximum capacity of the 

entire building at each time step can be estimated. 

Because each zone type operates at specific hours, the 

maximum capacity of the entire building varies 

throughout the day and is determined by the spaces open 

to occupants at each time step. For example, between 

8:30AM to 9:00AM, only the café, circulation areas and 

the study space are in operation. Therefore, the maximum 

capacity of the building during this time would be the sum 

of maximum numbers of these three zone types (Table 5).  

The number of people inside the building in this period 

are distributed between these spaces and can be calculated 

for each space as the examples below: 

Number of people at the café at ti= (Capacity of the 

café/maximum capacity of the building at ti) ×N(ti)    (3)                           

Number of people at the study space at ti= (Capacity of 

the study space/maximum capacity of the building at ti) 

×N(ti)           (4) 

Table 4- Operation times of spaces in the Postgraduate 

centre building 

zone type 
Operation 

time 

Zone group 

maximum 

capacity 

Café 8:30-15:30 36 

Classrooms 9:00-17:30 209 

Meeting rooms 9:00-19:00 28 

Lecture theatre 9:00-19:00 160 

Study space 8:30-24:00 120 

Offices 9:00-17:30 12 

Circulation areas 8:30-24:00 28 

Total 8:30-24:00 593 

Heating system schedule 

The heating system operates at various times during the 

year to accommodate varying weather conditions as well 

as space operation. In order to create an accurate heating 

schedule for using in the model, actual gas consumption 

data for the studied period (2017) has been collected in 

half hourly intervals using recorded meter data. Based on 

the method recommended by McCallum et al. (2020), 

k-means clustering was used on the gas consumption 

time-series. The number of clusters needed for 

distinguishing between the system off-times and 

operation times were 6 seeds. The result is a half hourly 

sequence of 0’s and 1’s which has been used as the 

schedule for the heating system in IES-VE. 

Table 5- maximum building capacity during the day 

time 
Maximum number of 

occupants 

8:30-9:00 186 

9:00-15:30 593 

15:30-17:30 557 

17:30-19:00 336 

19:00-24:00 148 

Actual weather data 

Due to the importance of weather data in building energy 

consumption (K. Schakib-Ekbatan, 2013), actual weather 

data was used in the improved accuracy simulation 

scenarios to compare its effects to occupancy data. Using 

actual weather data rules out inaccuracies caused by 

extreme weather conditions that might have happened 

during the studied period.  

Actual weather data for the year 2017 was gathered using 

available data from online resources for the closest 

weather station to the Post-graduate building. The 

Edinburgh Gogarbank weather station is located in a 

2.86km distance of the building and is the closest station 

with available hourly weather data.  The TMY dataset for 

this weather station was provided by 

climate.onebuilding.org website and is derived from ISD 

(US NOAA's Integrated Surface Database) with hourly 

data from 2004 through 2018 using the TMY/ISO 15927-

4:2005 methodologies.  

The actual weather dataset was created using hourly 

radiation data gathered from Copernicus Atmosphere 

Monitoring Service (CAMS) database (Copernicus 

Atmosphere Monitoring Service (CAMS), 2018) and 

hourly weather observation data gathered from the Met 

Office Integrated Data Archive System (MIDAS) data 

base (Met Office, 2018).  

Metrics for evaluation of simulation results 

The implications of using actual weather and occupancy 

data have been explored by comparing energy 

consumption results to meter data. Comparisons between 

the results of different simulation scenarios against meter 

data were done using the coefficient of variation for the 

root mean square error (CV(RMSE)) for half hourly and 

monthly data which is calculated by equation (6) (Duarte 

et al., 2015).  

CV(RMSE) =
√∑ (ei-ri)

2n
i=1

n
⁄

e̅
                  (6) 

where ei is the meter data at time step i, ri is the energy 

consumption simulation result at time step i, n is the 

number of total points in the data set, and �̅� is the average 

meter data. 

Results 

This section presents the results of occupancy data 

processing and the IES-VE simulation results.  

Average occupant numbers in building-level are 

calculated for weekdays and weekends during term time  

and academic break periods using measured data and 
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compared against values derived from NCM occupant 

densities and profiles (Figure 4 to Figure 6). These charts 

clearly demonstrate the differences between the observed 

occupancy numbers and values calculated from NCM 

occupant densities and profiles. As can be seen from this 

figures, on average, NCM profiles under estimate 

occupant numbers for weekdays and over estimate on 

weekends and break times. The average of the observed 

peak number of occupants is 38% higher than the NCM 

value for term time weekdays while for weekends and the 

break period it is 92% and 76% lower, respectively. 

Figure 7 shows some examples of the resulting occupancy 

profiles which were created by dividing the number of 

occupants in each space type by the maximum capacity of 

that space type.  

 

Figure 4- Average number of occupants in the building 

based on NCM values and measured data for weekdays 

Monthly results for gas and electricity consumption for 

each simulation are shown in Figure 8 and Figure 9. As 

can be seen from the charts, using real weather data 

increased the monthly gas consumption values in all 

months except for January, March and October which 

shows the real weather conditions in 2017 were colder 

than the TMY dataset. For electricity consumption, using 

actual weather data did not change the simulation results 

except for warmer months which is due to lower 

temperatures in the studied year and as a result lower 

cooling demand. Since the NCM profiles for equipment 

and lighting are used for all scenarios, little to no changes 

in electricity consumption is expected. The improvement 

in CV(RMSE) as a result of using actual weather data is 

10% for gas consumption and 3% for electricity 

consumption (Table 6). 

 

Figure 5- Average number of occupants in the building 

based on NCM values and measured data for weekends 

 

Figure 6- Average number of occupants in the building 

based on NCM values and measured data for break 

periods 

Comparison between results of the third and second 

scenario (simulation using actual data for occupancy and 

weather and simulation using NCM occupancy profiles 

and actual weather data) in Figure 8 shows using 

occupancy profiles derived from monitored data has 

resulted in significant increases in monthly gas 

consumption for most simulated months. As can be seen 

from Figure 4, NCM occupancy profiles suggest that 

people are present in the building from earlier hours in the 

morning and later during the night. This difference in 

numbers leads to lower internal gains during those hours 

for the third simulation scenario, which leads to higher 

gas consumption values. In addition, higher numbers of 

people during the day in the third scenario leads to higher 

mechanical ventilation demand in classrooms, lecture 

theatre and the study space.  Also, Figure 5 and Figure 6 

show NCM occupancy numbers are much higher than the 

measured occupancy during weekends and academic 

break periods which results in higher internal gains and 

lower gas consumption values.  These results prove that 

for the case study building with high seasonal fluctuations 

in activity levels, standardized occupancy profiles are 

significantly inaccurate hence, leading to errors in energy 

consumption predictions. 

Comparing electricity consumption results from Figure 9 

shows replacing NCM profiles with actual occupancy 

data only affected the results for the summer months. This 

can be explained by a lower cooling demand due to lower 

internal gains caused by lower numbers of people during 

the break period compared to the NCM occupancy 

scenario.  

Comparisons between simulation scenarios and meter 

data in Table 6 shows the accuracy of half hourly gas 

consumption predictions has improved by 3.44% as a 

result of using the actual occupancy. 

However, this improvement is less significant compared 

to 10.61% for using actual weather data. When looking at 

monthly results, using observed occupancy profiles (even 

though they are estimated at zone-level) has improved gas 

consumption results by 14.4% compared to 4.3% 

improvement from using actual weather data. 
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Figure 7- NCM and measured occupancy profiles for all 

space types on weekdays during the academic terms 

 

Figure 8- Gas consumption comparison 

Electricity consumption results follow the same pattern 

while the improvements in the accuracy of results are less 

significant compared to gas consumption.  

Conclusion 

This study explores the impact of occupancy data on 

energy consumption results of simulation for a multi-

purpose university building. The numbers of occupants 

were measured in the studied building for a year. A 

method is suggested for estimating the zone-level 

occupancy which is used to create occupancy profiles for 

each space type.  

 

Figure 9- electricity consumption comparison 

The results show the number of occupants, in the entire 

building, calculated from NCM profiles are lower than the 

average observed numbers on weekdays during academic 

term time while during academic breaks and weekends, 

NCM predicts much higher occupancy than the average 

observed numbers. These differences have an influence in 

simulation energy results. The results show that using 

actual occupancy increases gas consumption results for 

colder months and decreases electricity consumption 

results during warm months. Also, the improvement in the 

gap between meter data and simulation results as an 

outcome of using observed occupancy data is compared 

to the improvements resulting from using actual weather 

data.  It is shown that the accuracy of hourly gas 

consumption predictions benefited more from using 

actual weather data compared to actual occupancy data.  

However, for monthly results the improvement from 

using actual occupancy data was higher than actual 

weather data. 

These results show that using more accurate occupancy 

data in building energy simulations has a considerable 

impact on the accuracy of predictions even for the case 

study building where the occupants have little control in 

most spaces over the environment. Next steps of this 

research will look into other non-residential case study 

buildings to confirm whether these results can be 

generalised and applied to other similar buildings. 

 

 

Table 6- coefficient of variance for the root mean square error 

  electricity consumption 

CV(RMSE) half hourly 

Gas consumption 

CV(RMSE) half 

hourly 

electricity consumption 

CV(RMSE) monthly 

Gas consumption 

CV(RMSE) 

monthly 

actual occupancy & 

actual weather data 

scenario   
32.01% 51.14% 10.93% 18.8% 

NCM occupancy data 

& actual weather data 

scenario 
33.45% 54.59% 11.93% 33.2% 

NCM occupancy data 

& TMY weather data 

scenario 
36.33% 65.20% 13.18% 37.5% 
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