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ABSTRACT 

Building performance Simulation (BPS) has been 

widely used for evaluating performance of buildings. 

However, when it is applied to a real-life situation, its 

usage is quite limited. The one of major barriers is 

uncertainty caused by occupants who hold strong 

stochastic nature and have the corresponding effect 

on building systems. This study delivers random 

nature of occupancy patterns in buildings. Firstly, the 

presence of the occupants is investigated rather than 

focusing on occupant behaviour. 

The occupancy patterns (presence and absence) in 

two laboratories and three library rooms were 

monitored and a random walk assumption was tested 

using the gathered occupancy information. The 

degree of randomness was verified using Normalized 

Cumulative Periodogram (NCP). It is shown that 

there is a strong random walk evidence for the 

occupancy pattern in real-life situation. The result 

explains the difficulties in generalization of occupant 

models. 

INTRODUCTION 

Recently, the occupant behavior has been gained 

significant attention from the BPS community with 

respect to the gap between simulation and real world 

(IEA-EBC Annex 66). The occupants who make 

changes of a target-system are the one of the major 

causes for this gap. Hence, accurate modeling of BPS 

is limited, especially for simulating existing 

buildings.  

Mahdavi et al. (2008) found considerable differences 

in occupant‟s behavior and responses between each 

individual and strongly emphasized the stochastic 

nature of the occupant presence. It seems that a 

typical model for an occupant presence could not be 

identified. Moreover, the different office zones in the 

same building also showed significant differences in 

their occupancy patterns. In contrast to Mahdavi et 

al. (2008), many efforts have been made to develop a 

human behaviour model; such as a Markov chain 

model (Page et al. 2008, Kim et al., 2009; Dong and 

Andrew, 2009) or a cognitive model (Fuji and 

Tanimoto, 2004; Clinton et al., 2011; Kim et al., 

2013, Gunay et al. 2014).  

This study starts from the following question: is it 

possible to accurately model the occupant behavior in 

buildings? The answer to the question is a 

prerequisite for developing a generalized occupant 

behavior model.  

There are several skeptical views on the modeling of 

social-ecology system. N.N. Taleb, one of the famous 

economists and philosophers, insists that it is 

impossible to accurately predict future state of the 

social-ecology system (Taleb, 2007). The basis of his 

argument is grounded on freewill of human being. 

The existence of free will is debatable. However, if 

we believe in the free will, we have to be discreet in 

acknowledging that we can predict how people will 

act in buildings. 

According to Rachlin (2012), the standpoint on the 

human behavior is subdivided into three: 

libertarianism, determinism, and compatibilism. 

Libertarianism believes that people and maybe 

nonhuman animals follow free will. They are 

unpredictable on the basis of innate culture, 

experience, past behavior, or anything else. 

Determinism believes that all behavior – of humans, 

of organisms in general, and that of inorganic objects 

– is in principle predictable on the basis of priori 

states and events. Therefore, say the determinists, 

there is no such thing as free will. Compatibilism, on 

the other hand, says that some acts may be both 

determined and free at the same time – depending on 

how you look at those acts.  

In this context, this paper explores how the 

occupancy pattern changes (i.e. presence and absence 

of people in a space). In other words, rather than 

attempting to formulate the occupant behavior (e.g. 

open/close doors/windows, control of blinds/lights, 

change of thermostat, etc.) this study starts from 

scratch, investigating whether we will be able to 

predict occupancy pattern (presence/absence in a 

space). For this purpose, Normalized Cumulative 

Periodogram (NCP) was used to verify the degree of 

randomness of the occupancy pattern. NCP 

graphically shows whether the given time-series data 

have periodicity (predictable) or not. Please be noted 

that the randomness means lack of pattern in a  given 

time-series data.  
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METHODOLOGY 

A random walk hypothesis was introduced to 

describe how to test whether or not the given time-

series data have periodicity. The random walk is a 

mathematical formalization of a path that consists of 

a succession of random steps. For example, the 

search path of a foraging animal, a fluctuating stock 

price and a financial status of a gambler follow the 

random walk. In general, if an object of interest 

follows the random walk, then it is regarded as an 

unpredictable one. Its mathematical expression is as 

follows (Gelb 1974). 
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           (2) 

 

where    is a state of the k
th

 time-step and      is a 

state of the (k+1)
 th

 time-step.    is the difference 

between     and     , implying the difference in 

state over time. 

The time-series    can be expressed as a 

combination of cosine and sine waves. The 

Normalized Cumulated Periodogram (NCP) is 

commonly used for identifying the periodicity of a 

given time-series data in a frequency domain (Hipel 

and McLeod, 1994). 

For a given n stationary time series (       , the 

periodogram function      , which shows the spectral 

density of the time-series at each frequency, is 

calculated as shown in Equation (3) (Hipel and 

McLeod 1994).   
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th

 frequency (        ′ ), 

 ′     , |∙| denotes the magnitude, and   √  . In 

essence,  (  ) measures the strength (or spectral 

density) of the relationship between data sequence    

and a sinusoid with frequency     where 0<  ≤0.5 

(Hipel and McLeod, 1994). Finally, the NCP of 

frequency is defined as Equation (4).  
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where      is the NCP and   
  is the estimated 

variance defined in Eq. (4). The randomness of    

can be identified by a graph of the NCP.  

Figure 1 shows the NCP of the sequence of 200 

random numbers. If the given time series has a long 

cycle, the blue-line shall be biased to the left 

(towards low frequency); otherwise, the blue-line 

shall be biased to the right (towards high frequency). 

The blue line in Figure 1 seems unbiased.  

The time-series data that change randomly are not 

concentrated in the few specific frequencies. Rather, 

random data are widespread over the entire 

frequencies. In other words, the random data are 

uniformly distributed within the entire frequency 

domain because they consist of “many” kinds of 

cosine (or sine) waves.  

Therefore, it can be said that    follows the random 

walk if it is drawn within a confidence interval 

around a straight line joining {0, 0} and {0.5, 1} in 

the NCP (Hipel and McLeod, 1994) as shown in 

Figure 1. In this paper, the occupancy pattern 

(Equation 1) and the variation of the occupancy 

(Equation 2) are tested by the NCP.  

 

 
Figure 1. Normalized Cumulative Periodogram of 

the 200 random numbers’ sequence (red dotted lines 

mean 95% confidence limit) 

 

EXPERIMENTS  

Occupancy patterns of two laboratories in S 

University campus as well as three study rooms of a 

library in K University campus were monitored as 

shown in Table 1. Arrival time and departure time of 

the occupants were recorded using webcams. The 

webcams record a space scene automatically if a 

motion is sensed. Based on the recorded scenes, the 

occupancy patterns were tabulated at a sampling time 

of 1 minute (Cases B, C, D, E, F) to 10 minutes 

(Case A) (Table 1).  

Figure 2 shows the samples of the recorded images. 

The occupant schedule of the two labs (CASES A, B, 

C, Table 1) follows a “typical” university lab 

schedule; since there was no fixed/strict office hours 

in the labs, the graduate students felt free to enter and 

leave the labs according to their own preferences. In 

the cases of the library study rooms (CASES D, E, F, 

Table 1), the library opens at 8:30 A.M. and closes at 

11:00 P.M. Due to the mid-term exam period, the 

library was crowded until late.  

Figure 3 shows the occupancy pattern of each 

experiment. For the laboratories, the rooms were 
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occupied until late at night due to personal work (e.g. 

homework, report, paper, etc.). Meanwhile, for the 

library study rooms, the occupied/unoccupied times 

are strictly observed due to the library open and close 

time.  

 

   
(a) U-laboratory       (b) BS- laboratory 

 

  
(c) Library  

Figure 2. Recorded images (a: U-lab, b: BS- lab, c: 

Rooms #1, #2, and #3) 

 

The occupancy levels of each experiment fluctuate 

around arrival time, lunchtime, and leave time. 

However, for the other times except arrival, lunch, 

and leave time, the degree of the variations seems to 

be irregular.  

To test whether or not the occupancy pattern follows 

the random walk, the occupancy pattern (   ) 

(Equation 1) and occupancy variation (    (Equation 

2) were tested by the NCP.  
 

RESULTS  

The NCP shows a normalized cumulative sum of the 

spectral density ranging from 0.0 to 0.5 of each 

frequency. It is used for identifying a dominant 

periodicity of time-series data in frequency domain. 

When dominant spectral density exists, the graph of 

NCP shows bobbed-up pattern at those frequencies. 

In other words, a certain dominant wave of cosine (or 

sine) exists in the given time-series data.  

As shown in Figure 4(a), the NCP of the occupancy 

pattern increases rapidly from {0.0069, 0.305} to 

{0.0138, 0.643}, secondly from {0.0277, 0.685} to 

{0.0347, 0.728} and thirdly from {0.0347, 0.728} to 

{0.0416, 0.771} in the x-y plane. Each element in the 

curly brackets represents the location of x, y 

coordinates. The first point‟s x-coordinate (0.0069) is 

the inverse of the sample size 
  

         
 

 

       
 and 

the second point‟s x-coordinate (0.0138) is 
  

         
 

 

       
, and so on. (Please note that the 

sampling interval of CASE A is 10 min., Table 1) 

The occupancy pattern (  ) of Case A (left side of 

Figure 4(a)) has about 4.0 - 4.8, and 12 hours of 

periodicity. The 4.0 - 4.8 hours are reciprocals of the 

frequencies, for example  
 

      

        

           

         
 

      

        

                       

The occupancy level of typical buildings bobs up and 

down near the mealtime (12:00-1:00 P.M. and 6:00-

7:00 P.M.) and 4 - 5 hours of periodicity seem to be 

fair. On the other hands, 12 hours of periodicity are 

observed with high concentration from {0.0069, 

0.305} to {0.0138, 0.643}. It shows the hidden 

periodicity of the work hours (from arrival time to 

leave time) of the students, although they said there 

are no fixed/strict office hours in the interview.  

The NCP of the occupancy variation (    (right side 

of Figure 4(a)) consistently increases from {0, 0} to 

{0.5, 1} within 95% confidence limits. This means 

that the spectral density of the occupancy variation is 

evenly distributed over the frequency. Put another 

way, the pattern of    is comprised of many waves 

of cosine and sine (thus, it is randomly changed).   

Hence, it can be inferred that the occupancy pattern 

(  ) of CASE A follows the random walk.  

Table 1 Overview of the experiments 

CASES SPACE MAXIMUM 

NO. OF OCC. 
MEASUREMENT 

PERIOD 

SAMPLING 

INTERVAL 

REMARK 

A Laboratory 

(S University) 

U-lab. 8 1day (Tue.) 10 min. A typical day 

B BS-lab. 5 1day (Tue.) 1 min. A typical day 

C BS-lab. 7 4days (Mon. to Thu.) 1 min. A typical day 

D Library  

(K University) 

Room#1 31 1day (Mon.) 1 min. Mid-term exam period 

E Room#2 9 1day (Mon.) 1 min. Mid-term exam period 

F Room#3 15 1day (Mon.) 1 min. Mid-term exam period 
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(a) CASE A  

 

 
(b) CASE B 

 

 
(c) CASE C 

 

 
(d) CASES D, E, F 

Figure 3. Occupancy pattern (  ) (left) and occupancy variation (    (right) 
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(a) CASE A 

 
(b) CASE B 

 

 
 (c) CASE C 

 
(d) CASE D 
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The result of CASE B is similar to that of CASE A. 

As shown in Figure 4(b) (left side), the cumulative 

periodogram of the occupancy pattern (   ) 

considerably increases near 0.0027/(1min.)-

0.0035/(1min.). The reciprocals of these frequencies 

are roughly 370 min. (≒6 hours) and 288min. (≒4.8 

hours). It represents a human scale (e.g. mealtime) of 

the periodicity. 

As shown in the right side of Figure 4(b), the 

spectrums are evenly distributed over the entire 

frequencies, similar to that of Figure 4(a) (CASE A). 

Figure 4(b) shows a relatively straight line within 95% 

confidence limits. It can be concluded that the 

occupancy pattern (  ) of CASE B also follows the 

random walk. 

As shown in the left side of Figure 4(c), there are 

three notable increases. The first increase is at the 

interval between {0.0005, 0.046} and {0.0007, 

0.652}. The second increase is at the interval 

between from {0.0012, 0.664} to {0.0014, 0.696}. 

The third increase is at the interval between {0.0019, 

0.705} and {0.0021, 0.741}. The three increases can 

be interpreted as follows:                 

 
 

      

       

,                  
 

      

       

,         

         
 

      

       

. Thus, it can be said that the 

occupancy pattern (  ) has about 24, 12, and 8 hours 

of periodicity. This seems to be reasonable because 

office hours are usually between 9 a.m. and 5 p.m. (8 

hours).  

For the occupancy variation (    (Figure 4(c), right 

side), the blue line is slightly biased to the right. It 

means that the occupancy variation occurs with a 

higher frequency. Please be noted that „biased to the 

right (left)‟ means „towards high (low) frequency‟. 

However, the degree of the deviation from the 

confidence interval is not significant. It can be said 

that the occupancy pattern (   ) of CASE C 

marginally follows a random walk.  

As shown in the left side of Figure 4(d), the NCP of 

the occupancy pattern (  ) significantly increases 

near the frequency of 0.0041/(1min.) (239.9 min.≒4 

hours). Namely, it has 4 hours of periodicity. On the 

contrary, the NCP of the occupancy variation (    

(Figure 4(d), right side) is almost a straight line. 

Again, this indicates that the occupancy pattern (  ) 

of CASE D follows the random walk.  

With regard to the occupancy patterns (   ) of 

CASES E and F (left sides of Figure 4(e), 4(f)), the 

cumulative periodograms increase near the 

frequencies of 0.0014/(1min.), 0.0021/(1min.), and 

0.0028/(1min.) (e.g. 12, 8, and 6 hours) respectively. 

The NCPs of the occupancy variation (    (right 

sides of Figure 4(e), 4(f)) show the random sequence 

again. Please be noted that the NCP of the occupancy 

variation (Figure 4(f), right side) slightly deviates 

from the lower bound of confidence limits near the 

 
(e) CASE E 

 
(f) CASE F 

Figure 4. NCP of occupancy pattern (  ) (left), and occupancy variation (    (right) 
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frequency of 0.2/min. However, the degree of the 

deviation is negligible, hence it may be regarded as a 

random sequence.  

In summary, the results of six experiments confirm 

the evidence of the random walk with regard to the 

occupancy pattern (  ) in the spaces. 

 

CONCLUSION  

The building performance simulation is quite limited 

when used for simulating existing buildings due to 

occupant behavior. Accurate information on the 

occupancy is important for reliable simulation. This 

study aims to explore the occupancy pattern from the 

viewpoint of the random walk.  

A series of experiments were conducted to obtain the 

occupancy data in two laboratories and three study 

rooms in the library. The degrees of randomness of 

the occupancy pattern in the spaces were verified 

using Normalized Cumulative Periodogram (NCP), 

graphically showing whether or not the given time-

series data have periodicity. The results show a 

strong evidence of random walk with regard to the 

occupancy pattern (  ) in the real-life situations. 

This study brings the following outcomes and future 

work:   

 The occupancy pattern (   ) follows the 

random walk, which means that it is not easy 

to predict the variation in the number of 

people over the certain time intertval.  

 Compared to the previous work 

(deterministic, Markov Chain, agent-based), 

this study validates a new concept such as 

„random walk‟ occupancy pattern.  

 However, please be noted that this study was 

done in two laboratories and three study 

rooms in two universities, which are strongly 

different from process-driven buildings such 

as K-12 schools, offices, factories, hospitals, 

etc.  

 Accordingly, more work on occupancy 

pattern needs to be done, depending on the 

types of buildings (random walk-driven vs. 

process-driven) for better building 

simulation.  
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