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Abstract 10 

Implementing intelligent control strategies of building systems can significantly improve 11 

building energy performance and maintain or increase occupants’ comfort level. However, these 12 

control strategies are dependent on the occupancy models. A good occupancy prediction model 13 

requires enough input data pertinent to the occupants’ space utilization patterns. However, most 14 

of the occupancy detection systems cannot provide this detailed information. As a result, most of 15 

the research works that considered shared multi-occupied offices did not distinguish between 16 

different individuals. Therefore, their practicality is reduced when they are used for open-plan 17 

offices. In this study, the occupancy modeling (i.e., occupants’ profiles) has been further 18 

enhanced using inhomogeneous Markov chain prediction model based on real occupancy data 19 

collected by a Real Time Locating System (RTLS). After extracting the detailed occupancy 20 

information with varying time-steps from the collected RTLS occupancy data, an adaptive 21 

probabilistic occupancy prediction model is developed. The comparison between the occupancy 22 

profiles resulting from the prediction model and the actual profiles showed that the prediction 23 

model was able to capture the actual behavior of occupants at occupant and zone levels with high 24 

accuracy. The proposed model distinguishes the temporal behavior of different occupants within 25 

an open-plan office and can be used for various levels of resolution required for the application 26 
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of intelligent, occupancy-centered local control strategies of different building systems. This 27 

would eventually lead to a more robust control of building systems as well as more satisfied 28 

occupants. 29 

1. Introduction 30 

It is estimated that the world energy consumption will increase by 56% from 2010 through 2040 31 

[1]. The fact that buildings contribute a large portion of the global energy consumption indicates 32 

a need for detailed investigation towards more effective energy performance of buildings. The 33 

International Energy Agency (IEA), Energy in the Buildings and Communities Program (EBC), 34 

Annex 53 recognized the following parameters as the most influential for energy consumption in 35 

buildings: (1) climate, (2) building envelope, (3) building energy and service systems, (4) indoor 36 

design criteria, (5) building operation and maintenance, and (6) occupant behavior [2]. Some of 37 

these parameters are easy to determine, being related to the physical characteristics of the 38 

building (e.g., building size, orientation, construction materials, Heating, Ventilation, and Air 39 

Conditioning (HVAC) system size and type, etc.). On the other hand, some parameters that vary 40 

with time are difficult to predict, such as occupancy input. Thus, providing a comprehensive and 41 

reliable occupancy model is still under development.  42 

Occupancy models, which are derived based on space utilization patterns and occupant behavior, 43 

are key factors to accurately estimate the energy consumption of buildings. According to [4, 5], 44 

there are different resolution levels for occupancy models, which are highly context dependent. 45 

These levels should be determined according to the required granularity of occupancy models 46 

used for different purposes. For instance, a finer level of granularity is needed to apply lighting 47 

control strategies. Given that HVAC systems need some time to adjust the indoor temperature to 48 

a specified target set-point, less accuracy in occupancy detection may not lead to a significant 49 
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thermal discomfort [6]. The high-resolution occupancy models provide the following 50 

information: (1) the location of occupants, (2) their identities, (3) the number of occupants in 51 

each zone of the building, and (4) their activities at each time-step. Having this information helps 52 

to determine the occupants’ interactions with building systems [7]. This will eventually lead to 53 

the application of occupancy-centered local control strategies on the systems. Furthermore, 54 

occupancy-related information is useful for different energy management purposes as well as 55 

other areas, such as safety, security, and emergency response. 56 

Based on the above discussion, occupancy modeling is a complicated procedure and many 57 

occupant behavior analytics (data processing) steps are required to filter the input data and create 58 

a reliable occupancy model. Monitoring and data collection are important steps to develop a 59 

detailed occupancy model. A good occupancy model requires enough input data pertinent to the 60 

occupants’ space utilization patterns. This data is gathered for a reasonable period through 61 

monitoring techniques, such as different Real Time Locating Systems (RTLSs). However, most 62 

of the occupancy detection systems cannot provide the number of occupants and the specific 63 

location of each occupant (i.e., the x and y coordinates of the occupant) when they are used for 64 

open-plan offices. Most of the research works that consider shared multi-occupied offices did not 65 

distinguish between different individuals. Therefore, their practicality is reduced for open-plan 66 

offices, which have multiple thermal zones [8]. In addition, they lack detailed investigation of the 67 

effect of the individual preferences of occupants sharing the same area on the energy 68 

consumption of the building. Therefore, there is a need to use proper sensing and occupancy 69 

modeling techniques to distinguish between different occupants in multi-occupied offices and 70 

apply their preferences.  71 
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This paper aims to develop a new adaptive probabilistic occupancy prediction model for open-72 

plan offices based on occupancy data. In this study, the occupancy modeling (i.e., occupants’ 73 

profiles) has been further enhanced using inhomogeneous Markov chain prediction model, which 74 

distinguishes the temporal behavior of different occupants within an open-plan office based on 75 

occupancy space utilization patterns data. To this end, the occupants’ detailed data (who, where, 76 

when) is collected using a relatively new monitoring technology (i.e., Bluetooth RTLS) that 77 

responds to occupancy changes in open-plan office buildings with acceptable accuracy. After 78 

developing the personal profile for each occupant with varying time-steps using advanced data 79 

analysis, a new adaptive probabilistic occupancy prediction model is developed to be used for 80 

occupancy prediction of open-plan offices. The proposed model is verified using a case study. 81 

Finally, comparing the building’s real occupancy and produced results by the occupancy 82 

prediction model provides the validation of the applicability of the proposed model.  83 

The rest of this paper is organized as follows: Section 2 reviews related research studies with a 84 

focus on monitoring techniques as well as occupancy models being developed using stochastic 85 

methods; Section 3 discusses the proposed research methodology; implementation and case 86 

study are explored in Section 4. Finally, the conclusions, limitations of the current research study 87 

and future work are discussed in Section 5. 88 

2. Related Research Studies 89 

2.1. Occupancy Monitoring  90 

Occupancy data can be collected using different types of monitoring techniques for a reasonable 91 

period. A comprehensive literature review with the focus on different monitoring techniques 92 

used to collect occupancy data in office buildings has been conducted by the authors [9]. 93 

According to [9], the usage of radio frequency (RF)-based localization technologies, such as Wi-94 
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Fi and Bluetooth, has increased in recent years due to their deployment flexibility, 95 

communication range and ability to work without line of sight [10]. Apart from the easy 96 

deployment of Wi-Fi system to represent occupancy patterns with reasonable accuracy, there 97 

may be connection problems that highly affect the performance of this monitoring technique. 98 

Moreover, the battery life of connected devices to Wi-Fi is another major concern when using 99 

this kind of monitoring system. Furthermore, the total number of Wi-Fi connections may not be 100 

enough for accurate occupancy detection for large-scale buildings and a large number of 101 

occupants [11, 12]. On the other hand, the ability to track multiple moving objects in real-time 102 

makes Bluetooth Low Energy (BLE) systems optimal RTLSs for different applications, such as 103 

building energy efficiency, sport, and healthcare applications, optimizing store layout, security, 104 

and emergency situations [13]. 105 

Comparing different research works shows that detailed data regarding occupants’ location, their 106 

number, identities, and activities can be collected using BLE location sensors [9]. Having high-107 

resolution occupancy data will result in distinguishing between different occupants in multi-108 

occupied offices and providing a more reliable and accurate estimation of occupants’ space 109 

utilization patterns.  110 

 111 

2.2. Occupancy Modeling 112 

Considering the effect of space utilization patterns and occupant behavior on the building energy 113 

consumption, accurately predicting these parameters leads to saving energy. Besides the 114 

importance of having insight regarding occupant behavior, collecting information pertinent to the 115 

space utilization patterns, which derived from occupants’ presence, is a very crucial aspect to 116 

determine. In this context, occupancy information, such as occupants’ presence schedule (e.g., 117 
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occupants’ profiles), the locations of occupants, and their number for each space (and each time-118 

step) of a building are the most important parameters to predict.  119 

Occupancy-related parameters are highly dependent on the season, weather, time of the day, and 120 

occupants’ habits [14]. Therefore, there is an urgent need to consider the probabilistic modeling 121 

of occupants’ parameters and profiles to reflect these dependencies [3]. Probabilistic occupancy 122 

prediction models should be integrated with simulation tools to realistically estimate energy 123 

consumption of buildings. In order to find a comprehensive occupancy prediction model, which 124 

captures the diverse activities of different occupants within a building, stochastic analysis 125 

methods should be leveraged. 126 

Stochastic methods use real data pertinent to the occupants’ location, movement, and actions, 127 

being collected over a reasonable period, to predict the probability of an event (i.e., occupant 128 

being present in a space) or an activity (e.g., window opening behavior) and generate the 129 

probabilistic profiles [15, 16]. Monte Carlo methods, Markov Chain, discrete and semi-hidden 130 

Markov Chain models, as well as Poisson model are in the category of stochastic methods. Since 131 

the occupant’s next state is highly dependent on his/her present state, which is the basis of the 132 

Markov chain process, modeling occupancy space utilization patterns using Markov chain is one 133 

of the most utilized techniques by researchers.  134 

Based on the above discussion, an overview of the comparison between different research works 135 

using Markov chain models and the recent study is shown in Figure 1. The comparison is done in 136 

terms of the type of Markov chain model, occupancy model level, type of space, and information 137 

resolution derived from the occupancy model. Although some similarity can be seen between the 138 

reviewed papers and the current paper, none of them developed the occupancy model at all three 139 

levels (i.e., individual, zone, and room levels). In addition, all space types (i.e., shared and 140 
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private) are considered in this study. Moreover, the proposed occupancy model in this study 141 

provides high-resolution information regarding variations in occupancy patterns by considering 142 

the temporal behavior of occupants through defining the detailed work states, which are 143 

explained in detail in Section 3. Last but not least, none of the reviewed papers considered the 144 

combination of all these aspects in a real-world scenario.  145 
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Type of 
Model

Occupancy 
Model Level 

Information Resolution from 
Occupancy Model

Absence

[17]

[18]

[19]

[20]

[3]

[21]

[22]

[15]

[23]

[24]

[25, 26]

[27]

[28]

[29, 30]

[31]

[32]

[33]

[12]

Current study

*� 

Type of 
Space

**NS **NS

GMM-HMM: Gaussian Mixture Model based Hidden Markov Models

DMTWI: Dynamic Markov Time-Window Inference

HMM: Hidden Markov Model

SVM: Support Vector Machine

ANN: Artificial Neural Network

SMM: Hidden Semi Markov Model

CDMC: Closest Distance Markov Chain

BMC: Blended Markov Chain

ARMA: Auto-Regressive Moving Average

MCMC: Markov chain–Monte Carlo

*�: The whole building is assumed as one zone.

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� � 

� 

� � 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� � � 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� � � 

� � 

� � � � 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� � 

� 

� � � 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� 

� � 

� � � 

**NS: Not specified in paper

 146 
Figure 1 Comparison of Recent Literature on Occupancy Modeling147 
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3. Research Methodology 148 

The main goal of this paper is to develop a new adaptive probabilistic occupancy prediction 149 

model based on the RTLS data to distinguish between different occupants within an open-plan 150 

office. There are many factors determining the accuracy of the occupancy model including the 151 

occupants’ identities, the duration of the occupants’ presence, their locations in different zones of 152 

a building, and their preferences. The zoning concept plays an important role in capturing the 153 

detailed occupancy information in real open-plan offices and improving the accuracy of the 154 

occupancy prediction model. Open-plan offices should be divided into multiple zones to assign 155 

different probabilistic occupancy information to each zone. The zoning is applied to consider the 156 

effect of (1) different types of activities performed in each zone; (2) different number of the 157 

HVAC terminal units or the number of luminaires; (3) different facade orientation for perimeter 158 

zones, to name a few. New RTLSs can provide the identity, location, and duration of presence 159 

while the preference data can be collected by a survey. The occupancy prediction model is used 160 

to determine the occupants-specific probabilistic profiles based on their presence data. The main 161 

benefits of this dynamic and probabilistic occupancy prediction model are: (1) Probabilistic 162 

feature benefit: unlike models that rely on averaging the various occupants’ schedules, the 163 

probabilistic occupancy prediction model can capture the diversity of the different occupants’ 164 

presence patterns using stochastic methods, which is very important factor in open-plan offices; 165 

(2) Dynamic update benefit: real-time monitoring and the resulting decision making are the 166 

closest way to emulate the real patterns of occupants’ presence and their interaction with 167 

building systems. The probabilistic occupancy prediction model can distinguish between 168 

different occupants’ schedules and habits. 169 
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To consider the variations in the occupants’ profiles due to their temporal behavior, each day is 170 

divided into different time slots. There are typical events of importance in office buildings that 171 

should be captured while defining these time slots, such as the first arrival to the office. These 172 

time slots are determined based on the patterns seen in the collected data as will be explained in 173 

Section 4.2. The events of importance indicate the typical patterns of the occupants’ activities in 174 

open-plan offices. These activities are referred to as work states in this study as shown in Table 175 

1. The duration of each work state is determined using the monitoring data. The first arrival to 176 

the office is defined as the first reading of the occupant’s presence in the office after his/her long 177 

absence during the night. The last departure from the office is determined as the point when there 178 

is no recording of the occupants’ presence for a duration greater than four hours after that point. 179 

Lunch break is defined as a break happening around noon with the duration greater than half an 180 

hour. Other breaks during the day with duration shorter than half an hour are considered as short 181 

breaks. Meetings, as one example of long breaks, are events that are happening based on a 182 

predefined schedule, such as weekly, bi-weekly, etc.  183 

Table 1 Typical Occupancy Work States in Office Buildings 184 

Work State Description Label (in Prediction Model) 
1 Working in Occupant’s Station (Occupant’s Zone) Soc 
2 Working in Other Occupants’ Station (Other Zones) Sot 
3 Lunch Break (L) Slb 
4 Short Break (SB) Ssb 
5 Long Break/Meeting (LB) Slm 

Figure 2 shows the proposed framework towards developing a new adaptive probabilistic 185 

occupancy prediction model. This framework comprises three main steps including data 186 

collection, data processing, and occupancy prediction model. Data collection is discussed in the 187 

following section. During the occupant behavior analytics (data processing), the analysis is 188 

required to find important occupancy features, such as the number of present occupants, periods 189 
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of absence and presence, and other occasional variations in the occupants’ profiles. Calculation 190 

of the occupancy rate is explained in Section 0 after discussion regarding the data processing 191 

phases in Section 3.2. The development procedure of the occupancy prediction model is then 192 

explained in Section 3.3. 193 

Occupancy Prediction Model

Occupants-specific probabilistic profiles 

For each time step of the day:

Occupant’s zoneWork state of each occupant
Number of occupants in 

each zone

Occupant Behavior Analytics (Data Processing) 

Data Collection 

Phase 3 - Prediction Model 
Parameters Calculation

Phase 2 – Occupancy Rate 
Calculation

Phase 1 – Zone Calculation

Survey/smart phones 
regarding indoor 

environment condition

Part 2

Occupants’ Preferences

Part 1
Occupancy sensors

Occupancy Data

Occupants’ Location (Where)

Time of Day (When)
Occupants’ Identity (ID)

(Who)

Occupants’ Activity (What)

 194 

Figure 2 Proposed Framework for Occupancy Prediction 195 

3.1. Data Collection 196 

Considering that the energy performance of an open-plan office is mainly influenced by its 197 

occupants, the office occupants’ schedules and habits determine the input to the occupancy 198 
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prediction model. To this end, the office occupants need to be monitored. The data collection 199 

step includes two parts to gather all important occupancy data. As mentioned in Section 1, 200 

occupants should be monitored over a reasonable period using RTLS to get occupants’ location, 201 

their identities, presence time, and the type of activities and find the spatiotemporal patterns of 202 

the occupant’s behavior (part 1). RTLSs are wireless systems that are used to automatically 203 

identify and monitor the location of objects or people in a defined space at a point in time that is 204 

or is close to, real-time [34]. RTLS comprises of different components: (1) various tags and 205 

badges or cell phones to send signals to the sensors (locators); (2) locators for reading tags; (3) 206 

platforms (Wi-Fi, Infrared, Ultrasound, Radio Frequency, and others); (4) timing cables or 207 

wireless bridges, for the connectivity of sensors with each other and with the host computer; (5) 208 

location engine, for calculating tag’s position using various techniques; and (6) end-user 209 

software application for recording data [35].  210 

To monitor occupants within an open-plan office using Bluetooth technology, either tags or cell 211 

phones can be used. These tags will send signals to the RTLS. Each tag has a unique ID number; 212 

thus, when a person moves in the area covered by locators, the system detects the unique ID 213 

number of the tag and measures the direction of a radio signal transmitted by the tag. Using 214 

Angle-of-Arrival (AoA) signal processing method, the incidence angles of the received signals 215 

are calculated with respect to the known positions of the locators. Applying a triangulation 216 

method, the position of tags can be determined [36]. As illustrated in Figure 3, an accurate 3D 217 

position is determined using at least two locators. In practical applications, several locators 218 

should be used, depending on the size of the monitored office, to detect the tags providing 219 

continuous positioning and substantially improving the accuracy and reliability of the results 220 

[37].  221 
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The main targets of data collection procedure are the office occupants who are assigned to the 222 

office. Thus, visitors, who may enter the office during the day, do not interfere with the data 223 

collection procedure and would not affect the accuracy or performance of the proposed model 224 

since there is no tag associated with them. The proposed occupancy prediction model is 225 

developed based on the office occupants’ data and will predict the future occupancy profiles of 226 

the office occupants. 227 

In addition, occupants are questioned regarding the settings of the building energy-consuming 228 

systems to know their preferences (part 2). It is important to mention that the focus of this paper 229 

is on part 1 of the data collection and gathering information regarding the occupants’ preferences 230 

is out of the scope of this paper. 231 

 232 

Figure 3 3D Positioning using RTLS [37] 233 

3.2. Occupancy Behavior Analytics (Data Processing) 234 

The occupancy behavior analytics (data processing), which is comprised of three phases, is 235 

performed to find important occupancy features, such as the number of present occupants, 236 
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periods of absence and presence, and other occasional variations in the occupants’ profiles. 237 

Figure 4 depicts the pseudocode showing how the collected data is converted to the occupancy 238 

location and presence duration information to calculate the occupancy zone and rate, 239 

respectively. All the phases of the data processing procedure are also shown in Figure 5.  240 

Set W = the total number of weeks of the data collection, w = week, D = the total days of a week, d = the 
day of a week, o = occupant, No = the total number of occupants in the office, �	��= detection time 
resolution, � = occupant zone, no = the number of present occupants, ���� = occupancy rate  
 

For each d in D  
   For each w in W  
      For each o in No  
            �	
��
� = the first time that the occupant o is detected in the morning 
            �
���  = the last time that the occupant o is detected in the evening 
            ��� = �
���  - �	
��
�  

            For ���� in ��� 

               if there are multiple readings for each ����: 
                    calculate the average coordinates of readings with the same ���� 
               if there is a missing data: 

                    assign the coordinates of ������ 	to ���� 
               determine � based on the coordinates of o from the tracking system and the office dimensions    
            end 
      end 
   end 
   �	
��

�
��= the earliest arrival time to the office among all occupants 

   �
��
�
�� = the latest departure time from the office among all occupants 

   ��� = �
��
�
��  - �	
��

�
�� 
   For ����in ���   
        if o is present: 

            add 1 to ��
�
��,��  

            calculate the ���� based one ��
�
��,��  

        else no change in the number of present occupants 
    end 
end 

Figure 4 Pseudocode for Data Processing Phases: Zone and Occupancy Rate Calculations 241 

The occupant’s zones for each time-step of the total daily presence time (PT) are determined at 242 

the end of Phase 1 according to the x and y coordinates of his/her tag for each time-step. Using 243 

the information from phase one, the number of present occupants, and eventually the occupancy 244 

rate of the office, as will be explained in Section 0, are determined at zone and room levels for 245 
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each time-step of the total occupancy duration (TOD), each day of a week (�), and for the total 246 

number of weeks of the data collection (�) during phase 2. Phase 3 of the data processing 247 

focuses on the  248 
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Phase 2 – Occupancy Rate Calculation

Phase 1 – Zone Calculation

Multiple readings per 
time-step?

NO

Calculate the average coordinates of 
readings with the same time-step

YES

Missing data between 
successive readings? 

One reading per time-step

Generate 
missing data

YES

NO

Calculate the zone of the occupant 
for each time-step

Calculate the total occupancy 
duration (TOD) 

Start time of occupancy End time of occupancy

Determine the earliest first 
arrival to the office among 

all occupants

Determine the latest 
departure from the office 

among all occupants

Calculate the number of present 
occupants (no

t,d
) for each time-step 

of the TOD

occr
t,d=(∑ (no

t,d/No)w)/W*100

Calculate the internal load from the 
occupancy presence 

o = 1

t = 1

t = t + 1

d = d + 1

d ≤ 7

t ≤ PT

NO

YES

Collected data from RTLS

o = o + 1

o ≤ No

NO

Start

d = 1

Phase 3 - Prediction Model Parameters Calculation

YES

YES

Raw data

w = 1

Calculate the total daily presence 
time (PT) of the occupant 

NO

For each time-step and each 
day of a week:
• The average zone of each 

occupant 
• Number of occupants
• Occupancy Rate 

End

Calculate the number of occurrence 
of being in work state i, (nst,do,i)

trtd
o,ij =∑ (ntrtd

o,ij)w / W

i = 1

i  ≤  I

i = i + 1

YES

Calculate the transition probability 
matrix for each time-step (Pij

d
o(t))

Change time-step resolution

NO

o = 1

d = 1

YES

Calculate the average zone of the 
occupant for new time-step (t)

t = t + 1

t ≤ PTYES

w = w + 1

w ≤ W

NO

t = 1

NO

t = 1

t ≤ PTYES

st,d
o,i =∑ (nst,d

o,i)w  / W

t = t + 1

Calculate the transition probabilities 
between different work states (ntrtdo,ij)

NO

NO

w = 1

o ≤ No

d = d + 1

d ≤ 7

o = o + 1

NO

YES

YESw = w + 1

w ≤ W 

NO

YES

 249 

Figure 5 Occupant Behavior Analytics (Data Processing) Phases 250 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

17 

analysis required to obtain the occupant-specific transition probability matrices, as will be 251 

explained in Section 3.3.1, for each time-step of each day of a week. This phase starts with 252 

changing the time-step resolution according to the purpose of the occupancy model. For instance, 253 

HVAC system local control strategies require longer time-steps knowing that it takes time for the 254 

system to adjust the zone temperature. 255 

3.2.1. Occupancy Rate 256 

The occupancy rate for time-step �, (����
,�), is the average occupancy rate for each day of a 257 

week based on the total number of weeks of the data collection (�). After collecting data for a 258 

certain period, the occupancy rate (%) of all zones within an office is calculated for each time-259 

step (e.g., one minute) and for each day of a week (including weekends) according to Equation 1: 260 

����
,� =
∑ (��


,�
 � )"

#"$�
� × 100% 

(1) 

where ��
,� is the number of present occupants at time-step � and day �, and  � is the total 261 

number of occupants sharing the same open-plan office during day �. 262 

3.3. Markov Chain Occupancy Prediction Model 263 

In this research, the Markov chain technique is used for the analysis aiming to develop the 264 

probabilistic occupancy profiles. Since the occupants’ movement among the zones inside and 265 

outside open-plan offices creates the occupancy profile, random mobility between different work 266 

states is assumed. This assumption allows modeling the transitions among work states as a 267 

Markov chain process. Therefore, the next work state of the occupant only depends on his/her 268 

present state and some rules about work states.  269 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

18 

A Markov chain is a sequence of random variables with the Markovian property presented as 270 

[38]: 271 

�)*
+� = ,|*
 = ., *
�� = .
��, *
�/ = .
�/, … , *� = .�, *1 = .12
= �)*
+� = ,|*
 = .2 = ��3(� + 1) 

(2) 

where *
 is a random variable representing different occupants’ work states, � is the time-step, 272 

and all states .1, .�, … , .
��, ., , are nonnegative integers values ∈ 6 = )0, 1, 2, … 2. ��3(� + 1) 273 

shows the probability of transition from state . to state , at time � + 1. 274 

Knowing that the future state of the occupant depends on his/her current state, the transitions of 275 

states are defined in Markov matrices. Since the whole day is clustered into different time slots, 276 

as mentioned in Section 3, the probability of occurrence of different states varies with the time of 277 

the day; and consequently, the transition probability matrices are different for each of these time 278 

slots as illustrated in Figure 6. This figure shows the transition probabilities during the lunch 279 

break. For instance, if an occupant is going out of the office (at time t) for the lunch break at time 280 

t+1, there is a higher probability to either stay at lunch break or go back to his/her zone at time 281 

t+2 and no probability to go to a short break. This makes the transition probabilities to be time-282 

dependent. This type of Markov chain process is called inhomogeneous Markov chain [39].  283 

In the proposed inhomogeneous Markov chain model for prediction of space occupancy in multi-284 

occupied offices, the states of the Markov chain are occupants’ work states as shown in Table 1. 285 

This results in having 5×5 transition probability matrices independent of the maximum number 286 

of occupants in open-plan offices. Compared to methods that define transition probability 287 

matrices based on the number of occupants in a zone, [e.g. 23, 27, 40], or methods that consider 288 

some restrictions regarding the movement of occupants between zones to reduce the order of 289 

transition matrices [e.g. 29], using the proposed method significantly simplifies the calculation of 290 
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transition probability matrices. Transition probability matrices are key parameters in Markov 291 

chain models and reducing their order has a high impact on the overall complexity of the Markov 292 

models, especially for inhomogeneous Markov chain models with a large number of transition 293 

matrices. 294 
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Figure 6 Sample Transition Process from Time t to t+2 during Lunch Break 296 
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The output of the proposed inhomogeneous Markov chain model is the probabilistic profiles of 297 

each specific occupant. Work state of each occupant, his/her location and the total number of 298 

present occupants can be derived from these profiles. Eventually, building energy-consuming 299 

systems are adjusted based on this information to reflect the variations in different occupants’ 300 

daily profiles. 301 

3.3.1. Transition Probability Matrices 302 

In the first step of determining the transition probability matrices, the PT of each occupant for 303 

different days of a week along with the distribution of being in different work states during the 304 

PT are deduced from the results of the Phases 1 and 2 of the data processing step. Next, the 305 

transition probabilities between different work states are calculated. To do so, two parameters are 306 

required: (1) the percentage distribution of each work state for each occupant; and (2) the 307 

transition occurrences between different work states for each occupant. The transition probability 308 

matrix is then calculated using Equations 3 and 4: 309 

��3 = 1 − 9� + 9� × �:�3 																(.;	. = ,) (3) 

��3 = 9� × �:�3 																																	(.;	. ≠ ,) (4) 

where 9� shows the probability of being in state i, which is calculated based on the percentage of 310 

occurrence of each work state during the monitoring period. The probability of transition 311 

occurrences from state i to state j is indicated by �:�3. These formulas are inspired by the work of 312 

Yamaguchi et al. [17]. However, improvements are applied to their proposed formula. Firstly, 313 

the Markov chain is time-independent in their method. Secondly, they assumed constant numbers 314 

for the parameters 9� and �:�3. In this study, the Markov chain and the parameters are time-315 

dependent. In addition, the collected data regarding the actual occupancy of the open-plan office 316 
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are used to define the parameters 9� and �:�3 with some enhancement in their calculation method 317 

as discussed below:  318 

(1) For each occupant � (� = 1,2, … ,  �) and each day of a week � (� = 	1,2, … , 7), the 319 

probability of being at work state . (. = 1,2, … , 6, where 6 represents the maximum number of 320 

work states) at each time-step �, 9�,�
,�, is obtained by counting the number of times of being in 321 

work state . (�9�,�
,�) divided by the total number of weeks over the monitoring period as shown 322 

below:  323 

9�,�
,� = 	
∑ (�9�,�
,�)"#"$�

�  (5) 

This procedure results in personalized probability distribution graphs for each work state at 324 

different time-steps over each specific day of a week. The following condition should be 325 

considered for each time-step � and each occupant � when calculating the probabilities:  326 

>9�,�
,� = 1																																																						
?

�$�
 (6) 

(2) For each occupant �, the number of transition occurrences from state . to state , at each time-327 

step � and for each day of a week �, ��:�,�3
,�, is obtained from the collected data. Then, the 328 

probabilities of transition occurrences are calculated over the monitoring period (�:�,�3
,�): 329 

 �:�,�
,� =	
∑ (�
�@,�A,�)BCBDE

#  (7) 

In this study, the transition probability matrix for each time-step and for each day of a week is 330 

then calculated for each occupant (��3��(�)) using Equations 8 and 9: 331 
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��3��(t) 	= 1 − 9�,�

,� + 9�,�
,� × �:�,�3
,� 																		(.;	. = ,) (8) 

��3��(t) 	= 9�,�

,� × �:�,�3
,� 																																						(.;	. ≠ ,) (9) 

Considering five states of the transition probability matrix, this matrix has a dimension of 332 

5 × 5 × 288 × 7 using 5-minute time-step for one day (i.e., 288) and one matrix for each day of 333 

a week (i.e., 7 days). The procedure for finding the transition probability matrix is demonstrated 334 

in Figure 7. 335 
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Figure 7 Markov Chain Transition Matrix Flowchart 337 

In the next step, Probability Density Function (PDF) for each time-step � can be deduced from 338 

each row of the Markov transition matrix. Further, the Cumulative Distribution Function (CDF) 339 

is derived from the PDF for each time-step. The CDF is a histogram of five bins corresponding 340 

to the five work states. Each bin shows the probability at which a value of that bin can be 341 

randomly selected. Using the Inverse Function Method (IFM) gives the estimation of the work 342 

state for the next period (� + 1). The IFM works by inverting the CDF of the parameter of 343 

interest. It randomly generates a number between 0 and 1 using a uniform distribution. The 344 

random number determines which bin is going to be selected for the parameter of interest using 345 

the CDF. Figure 8 illustrates these steps. 346 
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(d)   (c) 

Figure 8 Work State Estimation Flowchart; (b) PDF Generation; (c) CDF Generation; (d) Generation of 347 

Series of Work States using IFM 348 

4. Implementation and Case Study 349 

Figures 9 shows the picture of the case study location (a research laboratory) and the monitoring 350 

system set up along with the office layout. There are six occupants assigned to the research 351 

laboratory. In this case study, the occupancy data were collected every second using Bluetooth 352 

Low Energy (BLE) (also known as Bluetooth 4.0 or Bluetooth Smart) for one month. The BLE-353 

based monitoring system used in this research (i.e., Quuppa Intelligent Locating System™) is 354 

able to track the latest smartphones and BLE devices with the accuracy of 20-50 cm [41, 42]. 355 

Based on the measurements made, the size of the monitored office is 5.0 m×7.0 m×3 m. In order 356 

to get the required data for the prediction model, it is important to know whether the occupant is 357 

at zone 1, 2 or 0 (which is the outside of the office) as shown in Figure 9. According to the 358 

dimensions of each zone (i.e., 5.0 m×3.5 m), the accuracy of 20-50 cm is precise enough for the 359 

purpose of this study.  360 

Quuppa system uses AoA approach to calculate the position of different objects (e.g., people, 361 

equipment, etc.) as discussed in Section 3.1. This system offers many advantages including long 362 
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tag battery lifetime, compatibility with standard mobile devices, and the ability to carry sensor 363 

data alongside the positioning data [43].  364 

As shown in Figure 9-(b), four locators are used in this study to accurately monitor the occupants 365 

and their movement. According to [44], distances of 6-10 meters between indoor locators are 366 

convenient for a good coverage. In our case, locators are placed with the distances between them 367 

less than 7 meters. In addition, the coverage quality estimate is checked and demonstrated in 368 

Figure 10. As shown in this figure, the red color represents bad quality and green color 369 

represents good quality. Thus, the coverage quality of four locators in the room is good for 370 

tracking. In the case of having larger offices, more sensors are required to accurately cover the 371 

whole space in order to collect precise occupancy data. Having enough number of locators with 372 

distances within the suggested range, the same accuracy of 20-50 cm is achievable. 373 
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(a)  

(b)  

Figure 9 (a) Case Study Location (Graduate Research Lab); (b) Monitoring System Setup and Office 374 

Layout 375 

4.1. Occupancy Probabilistic Profiles  376 

The probabilistic profile of each occupant shows the probability of the occupant’s presence at the 377 

certain time of the day at a specific location. This profile can be used for predicting the status of 378 

the occupants and adjusting building operational systems in advance to save energy as well as to 379 

satisfy the occupants’ indoor environment comfort levels.  380 
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 381 
Figure 10 Coverage Quality Estimate of the Locators (L001-L004 are the four locators used in the 382 

monitoring process) 383 

In this study, the test was run for one month and since the collected data from the monitoring 384 

system could be used for different purposes with different levels of accuracy, the BLE system 385 

monitored occupants with high resolution (i.e., each second). Collecting the occupancy data with 386 

the high resolution of one second generated about 250 MB of the raw data in total. Figure 11 387 

shows the distribution of the size of collected data over the one-month period of the data 388 

collection. 389 

All the data processing phases and the development of the occupancy prediction model are 390 

performed on a desktop computer with properties as Intel Xeon CPU X5550 @ 2.67 GHz, 6 GB 391 

Random Access Memory (RAM), and running Windows 7 Professional Dell computer. 392 

Collecting the occupancy data with the high resolution of one second generated about 250 MB of 393 

the raw data in total. It takes some time to polish this raw data, such as producing the missing 394 

data or removing duplication in the collected raw data, as explained in Section 3.2. 395 
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 396 

Figure 11 Size of the Collected Data per Day 397 

The data processing phases are used to produce the input data to the prediction model with the 398 

desired time-step. The required computational time is about four hours for one month of the 399 

collected data. However, the high granularity of one second is not required for building energy 400 

management. Therefore, the occupants’ zones are calculated every five minutes according to 401 

Section 3.2. During a five-minute time-step, the final selected zone for that time-step will be the 402 

zone in which the occupant spent more minutes. In this study, the number of defined zones is 403 

equal I plus one zone for the outside of the office. For instance, three zones are considered for a 404 

shared office with zones 1 and 2, being within the office, and one zone for outside of the office 405 

(i.e., zone 0). 406 

After determining the occupant’s zones for each time-step of PT, the average number of 407 

occupants present at each zone of the room are calculated for each day of a week for five-minute 408 

time-step resolution. The average occupancy rate for each day of a week (average of four series 409 

of data) is also calculated using Equation 1. Figure 12 illustrates the results for Mondays. The 410 
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same results are obtained for other days of the week, which are not included here due to space 411 

limitation. This figure shows the number of present occupants at the office level for four 412 

Mondays in a month. The average occupancy number of one month is also shown in this figure. 413 

Furthermore, the average occupancy numbers for weekdays and weekends are illustrated in 414 

Figure 12. As it was expected, the occupancy rate of the office is much lower during weekends. 415 

However, it is important to know that the office is always occupied for several hours during the 416 

weekends. 417 

4.2. Validation of the Occupant Behavior Analytics Method 418 

The proposed data processing method is validated by comparing the obtained profiles using the 419 

proposed method with those obtained from the ground truth data. A check table is created to 420 

collect the ground truth data from April 07 to May 17, 2017, and from May 23 to June 10, 2017. 421 

The table includes the time of occupants’ first arrival, their lunch break, and the last departure. 422 

After logging the information, the PDF of the events of importance, such as the first arrival to the 423 

office, is created to determine the actual range of their occurrences (Figure 13). As shown in this 424 

figure, the majority of the first arrival event has occurred between 08:15 to 11:30 am. The start 425 

and end times of these events based on the ground truth data as well as ranges that are used for 426 

data processing at the office level. As discussed in Section 3.1., five typical work states are 427 

considered in office buildings (Table 1).  428 

In order to process the raw data to reflect these work states, the ranges derived from ground truth 429 

data, as a basis for data processing, are broken down to smaller time slots for each occupant. This 430 

helps to have more accurate time slots that are specific to each occupant’s pattern of presence for 431 

each day of a week. In addition, a window of ±15 minutes is considered at the start and end 432 

times of these ranges to give more diversity to these time slots. 433 
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(a) 

 
(b) 

 
(c) 

Figure 12 Variation in Occupancy Number for (a) Mondays; (b) Weekdays; and (c) Weekends 434 
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4.2.1. Comparison with the Ground Truth Data 435 

The comparison between the occupant behavior analytics method and the ground truth data 436 

shows that there are some cases that differences are found between the arrival times and the 437 

results of the occupant behavior analytics method. The review of the raw data in these cases 438 

shows that the occupants arrived and left the room after a short stay (less than five minutes). This 439 

results in a delay for the processing methods to capture the first arrival of the occupants. On the 440 

other hand, the occupant behavior analytics method could catch the departure times. Hence, it 441 

can be concluded that the daily profiles are in accordance with the ground truth data.  442 

 443 

Figure 13 Probability Distributions of Events of Importance during a Day at Office Level 444 

4.2.2. Occupancy Prediction Results using Markov Chain Model 445 

To estimate the occupancy profiles using inhomogeneous Markov chain occupancy prediction 446 

model, all states are labeled to show the transition probabilities from one state to another 447 

according to Table 1. For example, the transition probability from work state 1 to 3, which is 448 

leaving the office (zone 1) for lunch break, is presented by ��K,�L��(t). The transition probability 449 

matrix of ��3��(t)	 can be shown as follows: 450 
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��3��(t) 	=

																																

M
NN
NN
O��K,�K ��K,�
 ��K,�L ��K,	L ��K,�P
��
,�K ��
,�
 ��
,�L ��
,	L ��
,�P
��L,�K
�	L,�K
��P,�K

��L,�

�	L,�

��P,�


��L,�L
�	L,�L
��P,�L

��L,	L
�	L,	L
��P,	L

��L,�P
�	L,�P
��P,�PQ

RR
RR
S
			 (10) 

As discussed in Sections 1 and 3.2, different resolution levels are required for controlling 451 

different building systems. For instance, a higher level of resolution is needed to apply lighting 452 

control strategies, which improve comfort level. However, considering the required lag time for 453 

HVAC systems to adjust the indoor temperature to a specified target set-point, lower level of 454 

resolution may not lead to a significant thermal discomfort. As a result, two different prediction 455 

time-steps are defined to determine occupancy predictions for lighting and HVAC systems 456 

control.  457 

Five-minute prediction time-step is considered to predict the office occupancy pattern and 458 

accordingly adjust the lighting system. While this time-step changes to 30-minute prediction 459 

time-steps to control the HVAC system. Having the occupants’ zones for every five-minute time 460 

interval, the distribution of the time being spent in the office’s zones and outside is determined 461 

for each day of a week (i.e., �9�,�
,�). After calculating the number of transition occurrences (i.e., 462 

��:�,�3
,�), the transition matrices corresponding to each time-step of each day of a week would be 463 

calculated using the average values of �:�,�3
,� and 9�,�
,� for that specific day of the week throughout 464 

the whole month. For instance, the transition matrix of occupant �T on Mondays at 02:40 pm is 465 

shown below:  466 

��3�U
V��(02: 40	pm) =

																																

MN
NN
O0.8125 0 0.0625 0 0.125

0 0 0											0									0
0.0625
0

0.125
0
0
0

0.8125
0

0.125
0
0
0

0.125
0
0.75 Q

RR
RS			     (11) 
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In this matrix, a row of zero probabilities happens when the 9�,�
,� is zero. In these cases, since the 467 

probability of being in state i is zero at that specific time-step, it is not possible to have 468 

probabilities of state transitions.  469 

4.2.3. Validation of the Inhomogeneous Markov Chain Occupancy Prediction Model 470 

To validate the performance of the inhomogeneous Markov chain occupancy prediction model, 471 

the actual occupancy for different days of a week are compared to those of resulted from the 472 

prediction model. The comparison between the occupancy profiles resulting from the prediction 473 

model, to be used for the purpose of lighting control (i.e., five-minute time-step prediction), and 474 

the real data is illustrated in Figure 14 for occupants �� and �]. This figure shows the zone of 475 

each occupant for each five-minute time-step. Comparing the prediction results and the actual 476 

occupancy patterns shows the high accuracy of the prediction model (92% and 84% for 477 

occupants �� and �], respectively) in capturing the variations in occupants’ zones.  478 

As mentioned in the previous section, two different time-steps are defined to determine 479 

occupancy predictions for lighting and HVAC systems’ control. In the case of using occupancy 480 

prediction to control the HVAC system, the initial state of occupancy is determined using the 481 

real-time collected data. Then, the inhomogeneous Markov chain prediction model predicts the 482 

occupancy pattern for the next 30 minutes using the transition probability matrices and the IFM 483 

method as shown in Figure 8. 484 
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(a) Occupant �� 

 
(b) Occupant �] 

Figure 14 Comparison of Predicted and the Real Occupancy Profiles-Lighting Control Purposes 485 

(Mondays)  486 

Since the ��3��(t) matrices are derived based on five-minute time-steps, the prediction model 487 

should be run six times to produce the occupancy pattern for the next 30 minutes. Then, the 488 

actual occupancy state is read again from the occupancy sensors to restart the prediction 489 

procedure. This update improves the accuracy of the prediction model by avoiding accumulation 490 

of errors happening at each five-minute time-step. The prediction process is then repeated for the 491 

next 30 minutes and this loop is continued till the end time of occupancy PT. Figure 15 492 

demonstrates this procedure. The same method is applicable in the case of using occupancy 493 

prediction to control the lighting system with the difference of changing the 30-minute to five-494 
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minute time-steps. Thus, the prediction model is only run once in this case since the time-step of 495 

having the ��3��(t) matrices and prediction time-step are identical.  496 

 497 

Figure 15 Occupancy Prediction Process and Updates 498 

The proposed prediction model is an adaptive model that evolves and improves itself over time. 499 

The adaptive probabilistic occupancy model determines the HVAC and lighting systems’ 500 

settings at the beginning of each day based on the collected data. In this manner, the HVAC 501 

system starts working half an hour before the start time of occupancy to reach to the desired 502 

temperature by the time the first occupant arrives at the office. The lighting system will be turned 503 

on at the time of arrival of the first occupant. Using the prediction model, the level of occupancy 504 

is estimated for the next time-step and the HVAC and lighting systems are accordingly adjusted. 505 

This procedure continues for each time-step during the day (as specified for the control purpose) 506 

until the estimated end time of occupancy is reached. However, there may be some cases that the 507 

real occupancy does not follow the predicted one. This could happen when an unexpected 508 

occupancy happens when the prediction model estimates vacancy for space. For instance, one 509 

occupant can arrive earlier than the time she/he was expected to start working. In these cases, 510 
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there would be a switch to real-time operation of building systems where the sensors detect the 511 

unexpected occupant and turn on the light automatically. Thus, a real-time occupancy detection 512 

and control give an indication of the wrong estimation of occupancy. In such cases, an update is 513 

sent to the adaptive prediction model to adjust itself by correcting the current state of occupancy. 514 

Using newly collected occupancy data helps the model to capture changes in occupancy space 515 

utilization patterns, especially in the case of open-plan offices with varying occupancy (e.g., 516 

common labs). In this type of offices, occupancy data should be collected over a shorter period, 517 

and more frequent updates are required to reflect changes in occupancy patterns. This would help 518 

the model to evolve and become more precise in predicting the office occupancy. Therefore, the 519 

idea of frequently updating the occupancy prediction model can improve the reliability of the 520 

model for future predictions. However, the data collection period can be longer for offices with 521 

fixed occupancy, such as research labs; since there would not be many variations in the space 522 

utilization patterns. Using different data collection periods and frequent updates make the 523 

proposed prediction model more general for different types of open-plan offices.   524 

Having the occupancy profile prediction for each occupant results in developing the occupancy 525 

rate prediction for each zone. After calculating the ��3��(t) matrices, the number of present 526 

occupants in each zone can be predicted. Using Equation 1, the occupancy rate at the zone level 527 

is calculated and the results are used to control the lighting system. Since the prediction model 528 

demonstrated the same performance for different days of a week, Figure 16 shows the occupancy 529 

rates only for Mondays.  530 

The same comparison was made between the occupancy rates resulted from the prediction model 531 

to be used for the purpose of HVAC system control (i.e., 30-minute time-step prediction), and 532 

the real data as also illustrated in Figure 16. As shown in this figure, the prediction model 533 
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captures the real behavior of occupants at occupant and zone levels. The prediction model is able 534 

to accurately estimate the location of occupants at most periods of data collection during the day, 535 

which shows that the overall performance of the prediction model is satisfactory. Table 2 shows 536 

the performance measurement of the prediction model using the coefficient of determination 537 

(known as R2) for different cases. The values of R2 when using the proposed prediction model 538 

for the lighting control are 0.8 and 0.92 for zones 1 and 2, respectively. This would result in 539 

having 0.86 on average for this parameter (86%) for the application of lighting system control. 540 

The same method is used to calculate the average value of R2 when using the proposed 541 

prediction model for the control of the HVAC system (68%). These values indicate the high 542 

accuracy of the prediction model in imitating the real occupancy patterns of the open-plan office. 543 

  
(a) For lighting control (Zone 1) (b) For lighting control (Zone 2) 

  
(c) For HVAC control (Zone 1) (d) For HVAC control (Zone 2) 

Figure 16 Comparison of Predicted and the Actual Occupancy Rates (Mondays) 544 
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Table 2 Performance Measurement of the Prediction Model 545 

Purpose of use of occupancy prediction Level of prediction R2 

Lighting control 
Zone 1 0.8 
Zone 2 0.92 

HVAC Control 
Zone 1 0.65 
Zone 2 0.7 

5. Conclusions and Future Work 546 

In this study, the occupancy modeling (i.e., occupants’ profiles) has been further enhanced using 547 

inhomogeneous Markov chain prediction model based on real occupancy patterns data. The main 548 

contributions of this research are: (1) developing a method for extracting detailed occupancy 549 

information with varying time-steps from collected RTLS occupancy data. This method can 550 

capture different resolution levels required for the application of intelligent, occupancy-centered 551 

local control strategies of different building systems; (2) developing a new adaptive probabilistic 552 

occupancy prediction model based on the extracted occupancy information; and (3) developing 553 

time-dependent inhomogeneous Markov chain occupancy model, which distinguishes the 554 

temporal behavior of different occupants within an open-plan office.  555 

The proposed prediction model is an adaptive model that evolves and improves itself over time. 556 

By frequently updating the occupancy prediction model whenever an unexpected occupancy 557 

happens, the model captures changes in occupancy space utilization patterns and becomes more 558 

precise in predicting the office occupancy. 559 

Having the occupancy profile prediction for each occupant results in developing the occupancy 560 

rate prediction at the zone level. The comparison between the occupancy profiles resulting from 561 

the prediction model and the actual profiles showed that the prediction model was able to capture 562 

the actual behavior of occupants at occupant and zone levels. The prediction model can 563 

accurately estimate the location of occupants at most periods of data collection during the day. 564 

High accuracy (86% and 68% on average for the purpose of the lighting and HVAC systems 565 
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control, respectively) of occupancy patterns prediction also indicates the acceptable performance 566 

of the prediction model in capturing the temporal behavior of different occupants working in the 567 

same open-plan office. 568 

Although the overall performance of the prediction model was satisfactory, it may not capture 569 

variations in occupancy patterns that may happen after the data collection period, especially in 570 

the case of open-plan offices with varying occupancy. This limitation could be solved by 571 

collecting occupancy data for a longer period of time and frequently updating the prediction 572 

model whenever a real-time occupancy detection and control happened to consider changes in 573 

the space utilization patterns.  574 

There is a privacy issue when the occupants’ identities are used to have detailed occupancy 575 

patterns. However, this issue can be resolved by anonymizing the occupants’ data through 576 

defining occupancy profiles per zone. In addition, having this type of data could be vital for other 577 

purposes, such as emergency and safety. Informing the monitored occupants about all the 578 

benefits coming from using the real-time monitoring system for a reasonable period could also 579 

be helpful to solve this issue. 580 

As future work, the performance of the proposed prediction model should be evaluated using 581 

occupancy data collected over a longer period. In addition, the effect of having more data on the 582 

overall performance of the proposed model should be investigated using different data collection 583 

periods (e.g. using smaller periods to control the lighting system). Future work will also consider 584 

applying sensitivity analysis and finding the optimal data collection period to balance between 585 

accuracy and computation time. 586 
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The main output of this research is an occupancy prediction model that produces the office 587 

occupants’ profiles. Future work will also use these profiles as inputs to the energy simulation 588 

tools. Simulation models are then used to assess different occupancy-centered local control 589 

strategies considering occupants’ preferences related to building systems (e.g., HVAC and 590 

lighting systems). In addition, the proposed occupancy prediction and the energy simulation 591 

models will be encapsulated within an optimization algorithm to select the optimal settings for 592 

the building systems. The ultimate goal of applying the local controls is achieving two objectives 593 

of minimizing the office energy consumption, and at the same time minimizing the office 594 

occupants’ discomfort. Therefore, the main focus of the research is on the office occupants who 595 

are assigned to that office. Running the simulation-based optimization model in near real-time 596 

provides more reliable occupancy responsive local control strategies to optimize building energy 597 

consumption. 598 
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Highlights: 

 Propose an adaptive probabilistic occupancy prediction model 

 

 Monitor and extract occupancy patterns by a RTLS in an open-plan office  

 

 Add the temporal behavior of occupants by developing time-dependent occupancy model 

 

 Investigate the application of intelligent and occupancy-centered local control strategies  

 

 

 

 


