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ABSTRACT 

Occupants interact with buildings in various ways via 
their presence (passive effects) and control actions 
(active effects). Passive effects regard people’s 
presence as a heat (sensible and latent) generation 
source while active effects take into account 
occupants’ operation of appliances and control of 
lighting, heating, cooling, and ventilation devices. 
Therefore, understanding the influence of occupants is 
essential if we are to evaluate the performance of a 
building. Conventional methods represent complex 
relationships between buildings and occupants by 
simplified diversity profiles, which are inadequate in 
cases where an accurate assessment of the building 
energy consumption is required. Current state-of-the-
art methods aim at reproducing the stochastic nature 
of occupant presence and behavior. They can become 
overly detailed and are hard to generalize to future 
non-standard buildings when there are no data to rely 
on for the generation of the stochastic model. In this 
paper, we propose a time series model for the 
variability of the two major occupancy variables: 
presence and actions, and develop the framework for 
a meta-analysis that synthesizes occupancy data 
gathered from a pool of buildings. We then discuss the 
appropriate level of granularity for occupancy 
modeling with respect to various outcomes of interest 
such as energy consumption and electricity peak 
demand via a sensitivity analysis. Our results show 
that time series models are able to generate realistic 
variability of occupancy variables, requiring only 
input that specifies standard diversity profiles from the 
energy modeler. Along with the proposed meta-
analysis, we will be able to generalize previous 
research results and enable statistical inferences to 
choose occupancy variables for future buildings. The 
sensitivity analysis shows that the variability of 
occupancy variables does not significantly affect 
predicted energy consumption on the premise that 
there is sufficient knowledge about the typical 
presence and usage of the building. It is a different 
story when it comes to the electricity peak demand, 
where the stochastic nature of occupancy variables 
certainly matters.  

INTRODUCTION 
The operation and energy use of buildings are highly 
dependent on the needs and behavior of occupants, 
through a complex relationship. Occupants, simply by 
being present in a building, participate in the heat 
balance of the building through their body heat. 
Furthermore, occupants’ intervention in the control of 
heating, ventilation and air conditioning systems, and 
their operation of lighting and appliances directly 
affect building energy consumption. In this paper, we 
denote the combination of the temporal and spatial 
presence, movement and actions of occupants as 
“occupancy” and its explicit modeling will be 
articulated in terms of “occupancy variables”.  

Although building energy simulation tools continue to 
evolve and mature, the approach to representing the 
complex relationships between buildings and 
occupants has received relative little attention, and has 
remained rather rudimentary. Only fairly recently was 
this recognized as a major obstacle to producing better 
predictions (Mahdavi, 2010), which has led to a 
growing body of work that is studying occupancy as 
stochastic processes, including the IEA-EBC Annex 
66 initiative. The momentum has for instance resulted 
in tools for generating stochastic demand profiles for 
occupant services in domestic buildings (Rysanek & 
Choudhary, 2015). Popular statistical methods used in 
this type of research are logistic regression analysis, 
Markov chain models, Poisson process, and survival 
analysis (Parys, Saelens, & Hens, 2011). For instance, 
Page, Robinson, Morel, and Scartezzini (2008) 
proposed a “generalized” stochastic model for the 
simulation of occupant presence. The probabilities of 
transition from occupied to unoccupied and vice versa 
in the Markov chain model, are dependent on two user 
inputs: the profile of the probability of presence and a 
newly introduced parameter of mobility, which simply 
measures how many occupants move in and out of the 
zone. Since these Markov chain models generally 
originate and have been calibrated from single person 
offices, they need to be adapted to the more general 
commercial building context, in which the most 
appropriate interpretation of the diversity profile from 
user input is the aggregated group presence of 
occupants in a given building thermal zone, which 
typically consists of several physical spaces. In other 
words, the profile of the probability of presence is 
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generally not readily available for a single occupant 
and it is clearly a fallacy to confuse the mean presence 
of a group of occupants (more predictable) with the 
probability of presence for each single one of them 
(less predictable). Another difficulty of occupancy 
characterization is the estimation of the parameter of 
mobility, which is time varying and very specific to 
the studied occupant. Therefore, generalizing the 
Markov chain approach requires the establishment of 
a pool of representative occupants, each with distinct 
parameters of mobility, such that any future building 
can be populated by sampling from a pool of “typical” 
occupants. The composition of the pool of occupants 
obviously depends on the building type and tenant 
organization. 

All of the above rely on gathering and analysis of 
occupancy data directly collected in existing 
buildings. Typical monitoring methods include 
ultrasonic and passive infrared detection, direct 
contact detection, CO2 sensors, camera-based 
counters, and wireless network based systems 
(Rosenblum, 2012). As the granularity of occupancy 
data increases, major concerns can be raised regarding 
occupant privacy. Therefore, new data collection 
methods that build on recent developments in machine 
learning have been specifically developed for this. 
“Indirect” occupant positioning methods, such as 
proposed by Zhao, Lasternas, Lam, Yun, and Loftness 
(2014), are able to accurately predict occupant 
presence from the data mining of their personal 
appliance usage without intruding too much into 
occupants’ privacy. However, such an approach also 
has the generalization issue since the fitted 
classification model may not apply to a future unique 
building-tenant combination, especially without deep 
measurements of the required feature data (e.g. 
personal usage of computers and lights by a specific 
occupant) for the fitted classification model.  

In spite of these efforts, there is yet another major gap 
for guiding a typical energy modeler through the 
generation of stochastic models for occupancy. We 
argue that any approach to modeling occupancy has to 
be explicit about the level of knowledge that is 
available to the modeler regarding occupancy of the 
building. In all cases, a typical energy modeler has 
access to some information relevant to the occupancy 
of the building that ranges from almost no information 
to very deep information, depicted in Figure 1. On one 
end of the spectrum we define “total ignorance”, 
which corresponds to the case that the energy modeler 
has only the most rudimentary information about how 
the building intends to be used, such as under a context 
of preliminary design exploration. At the other end of 
the spectrum, we define “perfect knowledge”, which 
occurs when the modeler has access to extensive 
measurement data in terms of occupancy variables. 
Somewhere in the middle of the spectrum we 
encounter the case “intermediate knowledge” that is 
mostly likely in practice, where the modeler has 
information about how the building is typically 

operated in part or as a whole, which can be obtained 
through on-site audits and information supplied by 
building operators (in case of retrofit). In new design 
cases, it is fair to assume that the information that the 
energy modeler generally works with is to the ignorant 
side of the spectrum.  
 

 
Figure 1 Information level from low to high 

 

Based on the explicit definition of available 
information, we can define a strategy to specify the 
occupancy model accordingly. As a first step we 
postulate that at point A, a plausible assumption is as 
good as any, so the modeler’s best bet is to use the 
typical weekday and weekend diversity profiles 
suggested in the ASHRAE guideline (ASHRAE, 
2004). From the lack of knowledge, there is no 
justification to assume day-to-day variability, so we 
suggest using identical profiles for all weekdays and 
weekends throughout the simulation. At point C, we 
model occupancy as a fully deterministic time series, 
based on the assumption that we have “perfect 
knowledge”. In those cases anywhere between point A 
and C, there is a good reason to introduce a stochastic 
term to account for our incomplete knowledge. The 
introduction of day-to-day occupancy variability in 
addition to available knowledge about the typical 
occupancy of the building is a necessity for accurately 
representing the building’s operation.   

The imminent question to be answered then is whether 
the additional occupancy term that accounts for our 
lack of knowledge adds significantly to our 
understanding of building performance. An important 
consideration is that besides the imperfect knowledge 
of occupancy, many other uncertainties persist in our 
building energy models. They stem from two major 
sources. The first is uncertainty related to the physical 
properties of the building components and system 
parameters, as reported by many authors (de Wit & 
Augenbroe, 2002; Heo, Choudhary, & Augenbroe, 
2012; Hopfe & Hensen, 2011; Macdonald & Strachan, 
2001; Wang, Mathew, & Pang, 2012). Another source 
of uncertainty is the discrepancy of the model itself. 
State-of-the-art energy models represent complex 
physical processes through certain levels of 
abstraction and simplification. We categorize this type 
of uncertainty as “model form uncertainty”, which has 
been shown to be an important contributor to the so-
called “performance gap” (Sun, 2014). As a 
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consequence, the impact of occupancy models cannot 
be examined without acknowledging the role of all 
other sources of uncertainties.  

In summary, two research gaps seem to emerge out of 
the breadth of previous efforts.  First, a generalizable 
approach to modeling the stochastic nature of 
occupancy variables has yet to be developed. Second, 
the general lack of recorded data and the heterogeneity 
of modeling methods and representations call for a 
framework for evidence synthesis, allowing for better 
inferences that can be used for future buildings. This 
paper proposes a meta-analysis that intends to 
synthesize evidence from a pool of similar buildings 
and then make inferences on the variability of 
occupancy variables in commercial buildings. We 
model variability with a time series technique, that is, 
linear transfer function model, taking into account the 
interplay between the presence of occupants and their 
use of lights and appliances. In addition, we test the 
sensitivity of outcomes of interest such as energy 
consumption and electricity peak demand to various 
modeling approaches, taking into consideration all 
other sources of uncertainties, and discuss the required 
granularity of occupancy modeling for different 
outcomes of interest, which can provide guidance for 
future research pertaining to this topic.  

METHODOLOGY 

A framework for a meta-analysis 

The goal is to quantify the degree of similarity across 
buildings so that we can make inferences about future 
buildings. It is obvious that the operational policy and 
related occupancy of buildings could be drastically 
different from one another. Nevertheless, we argue 
that all buildings can be modeled with the same 
underlying occupancy representation, albeit with 
different expressions of occupancy variables. In our 
framework, we deal with the following two variables: 
(1) occupant presence and (2) combined lighting and 
appliance electricity consumption. Other variables (if 
needed) may be added and treated in the same way.  

	

 
Figure 2 A basic hierarchical model  

 

To develop a foundation for our framework, we 
assume that having data about other buildings tells us 
something about the one of interest, which is 
expressed in the general hierarchical data inference 
model depicted in Figure 2. Suppose data �� are a 
group of observations from building �, which we 
assume to be dependent on the corresponding building 
parameter �� (specific value for each building). We 
learn about �� not only through direct information ��, 
but also through indirect information, which comes 

from the remaining ��:	� ≠ �, via a higher level 

distribution which applies to the whole population of 
studied buildings, parameterized by �. The meta-
analysis we are proposing builds upon data from 
previous research studies, from which we extract and 
learn the characteristics of occupancy variables and 
quantify the degree of similarity between them, 
eventually enabling the inference of building-specific 
parameters for the future building of interest. 
 

 
Figure 3 Proposed framework for a meta-analysis 

 

In summary, we organize the framework into three 
stages: an analysis stage, a knowledge extraction 
stage, and an inference stage, as in Figure 3. Given 
collected occupancy data about the number of 
occupants and lighting/appliance consumption per 
time step for a total of N weekdays, in the analysis 
stage, we first normalize these data by the maximum 
number of occupants and the maximum 
lighting/appliance consumption from design 
information, leading to hourly profiles �� and �� with 
data between zero and one. Now that we have N 
samples for each hour of a day for both variables, we 
derive average occupancy variable values for each 
hour, which combines to a “typical” weekday. We 
then populate two time series ��

���	 and ��
�  with each day 

being the identical “typical” weekday, as an indication 
of the intermediate level of knowledge available to an 
ordinary energy modeler. We then subtract ��

��� and ��
�  

from the original series �� and �� and obtain the 
residual series for presence and lighting/appliance 
usage ��, which account for the day-to-day occupancy 
variability. �� and �� are analyzed with linear transfer 
function models such that building-specific 
parameters �� are derived. In the knowledge extraction 
stage, building-specific parameters from multiple 
buildings are studied and the population distribution, 
parameterized by � is estimated. In the final inference 
stage, for each probable realization of the future 
building of interest, we perform a hierarchical 
sampling by first sampling a �� from its posterior 

distribution, and then sampling a	��	from the 

population distribution indexed by ��. With the 

building-specific parameter 	��, we can reproduce the 

variability of occupancy variables with time series 
models, and add onto the typical occupancy profile 
from user input, leading to a realized profile for 
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occupancy variables. The above procedure will be 
repeated for each simulation run for a statistically 
representative inference about occupancy of the 
building of interest. Given the general framework, we 
now move on to specific data and statistical methods 
applied in this paper.  

Data collection 

Despite the framework for a meta-analysis proposed 
above, we realized how few datasets the research 
community possesses that contain detailed interval 
data regarding the occupancy variables of interest. 
Therefore, we have to rely on our own dataset and for 
now only analyze the characteristics of one building 
as an illustration of the analysis stage in the 
framework. The measurements are conducted from 
January 11th to February 7th in a medium-size mixed 
use building on Georgia Tech campus, which contains 
both office and lab spaces. With occupant counters 
that are based on infrared sensing technology and 
installed on each building entrance, we are able to 
record the number of occupants entering and exiting 
each entrance, and derive the total number of 
occupants inside the building with a five-minute time 
interval. The building is also equipped with electricity 
sub-meters so that we can collect the lighting and 
appliance consumption data in five-minute time 
interval.  

Linear transfer function models 

Most physical processes exhibit inertia and do not 
change that quickly. This, combined with the sampling 
frequency, often makes consecutive observations 
correlated. Such serial dependence between 
consecutive observations, which is common in 
occupancy data, is called autocorrelation. 
Autocorrelation is beyond the assumption of 
independence for most statistical methods, but can be 
easily taken into account with time series methods. 
Therefore, the application of time series methods to 
the study of occupancy seems to be natural. For 
instance, Schweigler et al. (2009) was able to create a 
seasonal ����� model and robustly forecast 
emergency department (ED) bed occupancy 4 and 12 
hours in advance at three different EDs. However, 
searching through the limited research efforts that are 
available on the topic of occupancy modeling with 
time series models, we are able to identify the 
following two issues. First, occupancy is non-
stationary and highly dependent on time, so standard 
����� models cannot be directly applied without 
data pre-processing, which may be the reason why 
literature on this topic has been scarce. This 
observation further inspires us to concentrate on the 
modeling of the variability of occupancy that is 
generally stationary and independent of time. The 
other issue is that of the times series models developed 
around this topic, few allow for the interplay between 
occupant presence and their operation of lighting and 
appliances, which has to be examined with a multi-
dimensional time series technique such as a linear 

transfer function model. Therefore, in the remaining 
of this section, we introduce some basics of linear 
transfer function models.  

Consider two time series (��,	��). �� is the input time 
series and �� is the output time series. A linear transfer 
function model has the following form: 

�� = �(�)�� + ��,                        (1) 

where � is the backshift operator, �(�) = �� + ��� +
���� + ⋯, �� is an �����(�, �, �) process. The 
operator �(�) is called the transfer function of the 
model with weights ��, ��, ��, … . The system is stable 
if ∑ |��|�

��� < ∞. In the form of difference equation, 
Equation 1 is written as  

�� = ��(�)����(�)���� + ��,            (2) 

where ��(�) = 1 − ��� − ���� − ⋯ − ����, 
��(�) = �� − ��� − ���� … − ���� and � is the 
delay of � time lags.  

Suppose for the moment that �� = �(�)�� + ��, i.e., 
�� = �� is white noise independent of ��. Then it is 
easy to show that the transfer function is proportional 
to the cross correlation function of the two series. Now 
suppose that �� is an ��(�) process, that is 
�(�)�� = ��, where �(�) is a polynomial. 
Multiplying both sides of Equation 1 by �(�), we 
obtain �(�)�� = �(�)�� + �(�)��. That is for the 
process ��

� = �(�)��, by computing the cross 
correlation between ��

� and �� = �(�)��, we can 
estimate the transfer function. This is called the pre-
whitening of the input. As such, we can summarize the 
procedures of estimating a linear transfer function 
model from data: 

1) Fit an ���� model to the input series ��, retain 
model coefficients for use in Step 2 and the fitted 
residuals ���  for use in Step 3.  

2) Apply the ���� operator determined in Step 1 to 
determine the pre-whitened output series ��

�.  

3) Use the cross correlation function between ���  and 
��

� in Step 1 and 2 to suggest an appropriate form for 
the component of the transfer function �(�) =
��(�)����(�)��, especially the estimated time delay 
�.  

4) Obtain model coefficients by fitting a linear 
regression of the following form: 

�� = ∑ ��
�
��� ���� + ∑ ��

�
��� ������ + ��,    (3) 

where �� = ��(�)��.  

Retain the residuals ���  for use in Step 5.  

5) Applying the moving average transformation 
��(�)�� to the residuals ���  to find the noise series ��, 
and fit an ���� model to it.  

Sensitivity analysis assumptions 

In order to evaluate the role of occupancy variables in 
the energy use of commercial buildings, we conduct a 
sensitivity analysis based on the medium office 
building from the DOE reference building pool (Deru 
et al., 2011), as shown in Figure 4.  
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Figure 4 DOE reference medium office building 

 

The building has three floors, and each consists of a 
core zone and four perimeter zones. The system in the 
building includes a central packaged air conditioning 
unit with a gas furnace for heating and cooling, and 
variable air volume (VAV) terminal boxes with reheat 
for air distribution. We replace the diversity profiles 
for occupancy, lighting and appliances in the building 
with profiles that result from occupancy models of 
four different levels of granularity. Recall our 
discussion on the amount of occupancy information 
available to a typical modeler, the Level 1 model 
corresponds to the “total ignorance” case, leading to 
profiles suggested in the ASHRAE guideline. The 
Level 2 model reflects the “mid-spectrum” case (point 
B), in which the modeler has a basic understanding of 
the typical building occupancy, leading to profiles 
with each day being the identical “typical” weekday 
derived from our dataset. Level 3 mimics the “perfect 
knowledge” case, which applies collected actual data 
that show day-to-day fluctuations. Finally, Level 4 
model corresponds to the proposed framework in this 
paper, which adds a stochastic term to Level 2, 
accounting for the inferred variability around the 
typical occupancy. Each of these levels is associated 
with identical uncertainty in terms of building and 
system parameters and model forms, so that we can 
examine the role of occupancy variables in relation to 
other compounding factors. It is noteworthy to point 
out that occupancy variables at Level 1 through 3 are 
represented as static time series in each sample 
simulation run of our Monte Carlo approach. 
However, each simulation run at Level 4 will choose 
a different realization of occupancy variables 
generated by the time series model that never repeats 
itself but reproduces the characteristics of the actual 
occupancy dataset that we collected.  

RESULTS AND DISCUSSION 

Profiles for occupancy variables  

We collected and analyzed measurement data for four 
consecutive weeks from January 11th to February 7th, 
2015 without the interruption of any school holidays. 
We excluded weekends from this study since the 
variability of occupancy is quite small. Figure 5 shows 
the occupancy profiles during twenty weekdays, 
which are associated with quite large day-to-day 
fluctuations. Besides, for instance when the mean 
presence on January 19th is low, the lighting and 
appliance usage is also low, which seems to 
demonstrate a definite correlation.  
 

 

 

 
Figure 5 Presence profile (top) and 

lighting/appliance usage profile (bottom) 
 

Estimation of linear transfer function model 

Recall that we use linear transfer function models to 
analyze the variability of the two occupancy variables, 
so the profiles in Figure 5 has to be further pre-
processed. We first subtract the mean occupancy 
series, remove the non-occupied hours and then 
further de-trend the series with a linear regression with 
the week number as a categorical independent 
variable. Table 1 summaries the statistics for the two 
regressions. By observing the p value, we identify that 
in Week 2, both presence and lighting/appliance usage 
are lower than other weeks. In addition, 
lighting/appliance usage in Week 3 is significantly 
higher than other weeks. After this procedure, the 
residuals of the two series �� and �� are stationary, as 
shown in Figure 6. 

 

Table 1 

Statistics of regression models 
 

Series Predictor Coefficients P Value 

Presence Intercept 0.014 0.39 

Week 2 -0.067 0.003 

Week 3 0.01 0.63 

Week 3 0.0004 0.99 

Usage Intercept -0.0017 0.83 

Week 2 -0.0035 0.002 

Week 3 0.038 0.001 

Week 3 0.004 0.70 
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Figure 6 De-trended presence variability (top) and 

lighting/appliance usage variability (bottom) 
 

 
Figure 7 Diagnostic plots for the AR(1) model for �� 

 

Following the procedures of estimating a linear 
transfer function, we chose an ��(1) model after 
model selection for the presence variability series ��: 

�� = 0.59���� + ��, where ���
�� = 0.01082. 

Diagnostic plots in Figure 7 show that the 
standardized residuals seem normally distributed, and 
that auto-correlations of the residuals ���  seem to have 
been removed, since the Ljung–Box test cannot reject 
the null hypothesis that the model is adequate at a 0.05 
level. Applying the operator �(�) = (1 − 0.59�) to 
the output series, we get the pre-whitened series ��

�. 
Figure 8 depicts the cross-correlation between ��

� and 
��� , with an apparent shift of � = 1 hour. Through trial 
and error, it seems plausible to hypothesize a model of 
the form �(�) = (1 − ���)����, and the 
corresponding regression estimate is 

 �� = 0.46���� + 0.09���� + ��,          (4) 

where ���
�� = 0.0029. It also turns out ���  is basically 

white noise so that the final step is not necessary.   
 

 
Figure 8 Cross-correlation between ��

� and ���  
 

Comparing the scale of ���
��  and ���

�� , we can see that 

the variability associated with presence is much higher 
than that with usage, which provides a side evidence 
that for instance, occupants are found to be less likely 
to turn off their task lighting upon temporary absence 
(Reinhart, 2004). Observing the coefficients in 
Equation 4, we find that the variability of usage at the 
current hour �� is more impacted by its own value at 
the previous hour ���� than the presence variability 
value at the previous hour ����. In other words, the 
correlation between the variability of two occupancy 
variables is not very strong. This appears to contradict 
the common belief that there seems to be “a clear 
relationship between presence and lighting/appliance 
usage in the monitored offices” (Mahdavi, 2010), but 
in fact, our finding reinforces it by clarifying the 
difference between the mean and variability of 
occupancy variables. There is a clear correlation 
between mean presence and usage, as is evident in our 
monitored building with a correlation coefficient of 
0.89 as shown in Figure 9, but this is not necessarily 
true when it comes to the variability of occupancy 
variables.  
 

 

Figure 9 Regression analysis of the mean 
lighting/appliance usage and mean presence 

 

Sensitivity analysis 

For the study of the impact of occupancy models on 
building energy consumption and electricity peak 
demand, we conduct an uncertainty analysis with 
GURA-W (Georgia Tech Uncertainty and Risk 
Analysis Workbench) (Lee, Sun, Augenbroe, & 
Paredis, 2013). We integrate stochastic occupancy 
into EnergyPlus simulations by manipulating the 
EnergyPlus IDF Schedule:File objects and linking 
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them to a spreadsheet that pre-stores multiple 
stochastic occupancy years, such that in each sample, 
the LHS sampler will randomly choose one column 
from the spreadsheet. As an illustration, we show the 
comparison of occupancy on a typical weekday in 
Figure 10: Level 1 ASHRAE standard profile in the 
solid line, Level 2 mean profile in the dot line; Level 
3 actual profile in the dash line; Level 4 stochastic 
profile (one of the realizations) in the dash-dot line.  
 

 
Figure 10 Example occupancy profiles at each level 

on a typical weekday 
 

Figure 11 compares the empirical distributions for 
energy consumption and electricity peak demand for 
the medium office building in the month of July in 
Atlanta weather, taking into account the impact of 
occupancy models as well as all other sources of 
uncertainties as compounding factors. Table 2 
summaries the quantile values of these distributions.  
 

 
 

 

Figure 11 Distributions for energy consumption at 
four levels (top) and electricity peak demand at four 

levels (bottom) 

 

Table 2 

Statistics of empirical distributions at each Level 

Quantiles 25%  50% 75% 
Energy 
Consumption 
(kWh) 

Level1 52,995 53,992 54,920 

Level2 65,484 66,518 67,332 

Level3 65,332 66,387 67,399 

Level4 65,253 66,423 67,409 

Electricity 
Peak 
Demand 
(kW) 

Level1 193.4 199.7 206.1 

Level2 182.4 187.4 192.2 

Level3 190.1 196.6 202.3 

Level4 194.2 200.5 206.7 
 

Results show that for the distribution of building 
energy consumption in July, Level 2 and Level 4 
results are both reasonably close to that of Level 3, and 
they all show an evident spread resulting from all other 
sources of uncertainties such as building envelope 
infiltration. This comparison suggests that a good 
knowledge about the mean occupancy of the building 
is already sufficient and the stochastic occupancy 
variables do not play a significant role for predicting 
building energy consumption. The predicted 
consumption at Level 1 largely deviates from that 
through Levels 2-4 because by using the ASHRAE 
standard we assume that there is no information 
available that may specialize the generic ASHRAE 
profiles. 
The predictions for electricity peak demand show 
remarkable results. Except for Level 2, the results for 
all other three levels show similar distributions. A 
detailed examination of quantiles from Table 2 
suggests that predicted distributions for electricity 
peak demand in the ASHRAE standard case and the 
stochastic occupancy case are almost identical. This is 
an obvious result if one realizes that the ASHRAE 
standard profile assumes constant high occupancy 
every weekday starting at 9 am, which captures the 
most crowded and heavily used hours of the building. 
Regarding electricity peak demand, which is heavily 
dependent on the variability of occupancy, average 
information on the building operation is inadequate, as 
it will lead to an underestimate of building electricity 
peak demand. This is an instance where the energy 
modeler has to rely on stochastic occupancy modeling, 
such as proposed in this paper.  

CONCLUSION 
We have proposed the framework for a meta-analysis 
of occupancy variables of commercial buildings. We 
demonstrated the analysis stage in the framework with 
a case study and modeled the interplay between two 
major occupancy variables, presence and lighting/ 
appliance electricity consumption, employing multi-
variant time series techniques. A sensitivity analysis 
revealed the impact of different variants of occupancy 
models on outcomes of interest such as building 
energy consumption and electricity peak demand. The 
statistical modeling and dynamic simulations lead to 
the following conclusions: 
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(1) The variability of occupancy can be modeled with 
linear transfer function models. The derived model is 
able to generate realistic variability of occupancy, 
requiring only standard diversity profile input from the 
energy modeler. This approach is generalizable by 
adhering to the proposed framework such that we can 
make inferences on any future building under similar 
circumstances. 

(2) Stochastic occupancy models do not play a 
significant role in the prediction of lumped building 
energy consumption. The variability in occupancy 
drowns in light of all other uncertainties. However, 
occupancy variability should be taken into account 
when it comes to the electricity peak demand, where 
static profiles are inadequate. In the future, we should 
further examine the impact of occupancy modeling on 
thermal comfort predictions.  
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