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Abstract

Implementing intelligent control strategies of lolilg systems can significantly improve
building energy performance and maintain or ineeascupants’ comfort level. However, these
control strategies are dependent on the occupamdeln A good occupancy prediction model
requires enough input data pertinent to the ocdgpapace utilization patterns. However, most
of the occupancy detection systems cannot providedetailed information. As a result, most of
the research works that considered shared multigped offices did not distinguish between
different individuals. Therefore, their practicglis reduced when they are used for open-plan
offices. In this study, the occupancy modeling.(i.eccupants’ profiles) has been further
enhanced using inhomogeneous Markov chain predictiodel based on real occupancy data
collected by a Real Time Locating System (RTLS)teAfextracting the detailed occupancy
information with varying time-steps from the colied RTLS occupancy data, an adaptive
probabilistic occupancy prediction model is develbpThe comparison between the occupancy
profiles resulting from the prediction model ane@ thctual profiles showed that the prediction
model was able to capture the actual behavior afijgants at occupant and zone levels with high
accuracy. The proposed model distinguishes thedeshpehavior of different occupants within

an open-plan office and can be used for variousl$eof resolution required for the application
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of intelligent, occupancy-centered local contralastgies of different building systems. This
would eventually lead to a more robust control aflding systems as well as more satisfied

occupants.

1. Introduction

It is estimated that the world energy consumptidhincrease by 56% from 2010 through 2040
[1]. The fact that buildings contribute a large tpmr of the global energy consumption indicates
a need for detailed investigation towards morectiffe energy performance of buildings. The
International Energy Agency (IEA), Energy in theilBings and Communities Program (EBC),
Annex 53 recognized the following parameters agnbst influential for energy consumption in
buildings: (1) climate, (2) building envelope, ()ilding energy and service systems, (4) indoor
design criteria, (5) building operation and maimatece, and (6) occupant behavior [2]. Some of
these parameters are easy to determine, beingdetat the physical characteristics of the
building (e.g., building size, orientation, constian materials, Heating, Ventilation, and Air
Conditioning (HVAC) system size and type, etc.). tBa other hand, some parameters that vary
with time are difficult to predict, such as occupgmput. Thus, providing a comprehensive and

reliable occupancy model is still under development

Occupancy models, which are derived based on spdization patterns and occupant behavior,
are key factors to accurately estimate the eneoggumption of buildings. According to [4, 5],

there are different resolution levels for occupanwydels, which are highly context dependent.
These levels should be determined according tadhaired granularity of occupancy models
used for different purposes. For instance, a fieeel of granularity is needed to apply lighting
control strategies. Given that HVAC systems needestime to adjust the indoor temperature to

a specified target set-point, less accuracy in paocay detection may not lead to a significant
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thermal discomfort [6]. The high-resolution occupgnmodels provide the following
information: (1) the location of occupants, (2)ithdentities, (3) the number of occupants in
each zone of the building, and (4) their activisé®ach time-step. Having this information helps
to determine the occupants’ interactions with bogdsystems [7]. This will eventually lead to
the application of occupancy-centered local consiphtegies on the systems. Furthermore,
occupancy-related information is useful for difigreenergy management purposes as well as

other areas, such as safety, security, and emergesgonse.

Based on the above discussion, occupancy modeding complicated procedure and many
occupant behavior analytics (data processing) stepsequired to filter the input data and create
a reliable occupancy model. Monitoring and datdectibn are important steps to develop a
detailed occupancy model. A good occupancy modglires enough input data pertinent to the
occupants’ space utilization patterns. This datagyathered for a reasonable period through
monitoring techniques, such as different Real Tlroeating Systems (RTLSs). However, most
of the occupancy detection systems cannot providenumber of occupants and the specific
location of each occupant (i.e., tkendy coordinates of the occupant) when they are used fo
open-plan offices. Most of the research works toaisider shared multi-occupied offices did not
distinguish between different individuals. Therefotheir practicality is reduced for open-plan
offices, which have multiple thermal zones [8]addition, they lack detailed investigation oéth
effect of the individual preferences of occupantarsmg the same area on the energy
consumption of the building. Therefore, there isegd to use proper sensing and occupancy
modeling techniques to distinguish between differ@eccupants in multi-occupied offices and

apply their preferences.
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This paper aims to develop a new adaptive prolsdilsiloccupancy prediction model for open-
plan offices based on occupancy data. In this sttldy occupancy modeling (i.e., occupants’
profiles) has been further enhanced using inhomeges Markov chain prediction model, which
distinguishes the temporal behavior of differentugants within an open-plan office based on
occupancy space utilization patterns data. Toahd; the occupants’ detailed data (who, where,
when) is collected using a relatively new monitgritechnology (i.e., Bluetooth RTLS) that
responds to occupancy changes in open-plan offideibgs with acceptable accuracy. After
developing the personal profile for each occupaitih warying time-steps using advanced data
analysis, a new adaptive probabilistic occupan@&digtion model is developed to be used for
occupancy prediction of open-plan offices. The psgal model is verified using a case study.
Finally, comparing the building’s real occupancydaproduced results by the occupancy

prediction model provides the validation of the laggbility of the proposed model.

The rest of this paper is organized as follows:tiSe@ reviews related research studies with a
focus on monitoring techniques as well as occupancglels being developed using stochastic
methods; Section 3 discusses the proposed reseagtiodology; implementation and case
study are explored in Section 4. Finally, the casdns, limitations of the current research study

and future work are discussed in Section 5.

2. Related Research Studies
2.1. Occupancy Monitoring
Occupancy data can be collected using differerggygf monitoring techniques for a reasonable
period. A comprehensive literature review with fleeus on different monitoring techniques
used to collect occupancy data in office buildirgss been conducted by the authors [9].

According to [9], the usage of radio frequency (lRBysed localization technologies, such as Wi-
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Fi and Bluetooth, has increased in recent years thuetheir deployment flexibility,
communication range and ability to work withoutdirof sight [10]. Apart from the easy
deployment of Wi-Fi system to represent occupanaigepns with reasonable accuracy, there
may be connection problems that highly affect teefggmance of this monitoring technique.
Moreover, the battery life of connected devicesMiFi is another major concern when using
this kind of monitoring system. Furthermore, theakmumber of Wi-Fi connections may not be
enough for accurate occupancy detection for laogéesbuildings and a large number of
occupants [11, 12]. On the other hand, the ahitityrack multiple moving objects in real-time
makes Bluetooth Low Energy (BLE) systems optimalL B3 for different applications, such as
building energy efficiency, sport, and healthcgppl&ations, optimizing store layout, security,

and emergency situations [13].

Comparing different research works shows that thetalata regarding occupants’ location, their
number, identities, and activities can be colleatsthg BLE location sensors [9]. Having high-
resolution occupancy data will result in distindumg between different occupants in multi-
occupied offices and providing a more reliable audurate estimation of occupants’ space

utilization patterns.

2.2. Occupancy Modeling

Considering the effect of space utilization patseand occupant behavior on the building energy
consumption, accurately predicting these parameliesgls to saving energy. Besides the
importance of having insight regarding occupantavésr, collecting information pertinent to the
space utilization patterns, which derived from guanits’ presence, is a very crucial aspect to

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

step) of a building are the most important paramdtepredict.

Occupancy-related parameters are highly dependretiteoseason, weather, time of the day, and
occupants’ habits [14]. Therefore, there is an nrgeed to consider the probabilistic modeling
of occupants’ parameters and profiles to reflees¢éhdependencies [3]. Probabilistic occupancy
prediction models should be integrated with simafattools to realistically estimate energy
consumption of buildings. In order to find a comprsive occupancy prediction model, which
captures the diverse activities of different oceupawithin a building, stochastic analysis

methods should be leveraged.

Stochastic methods use real data pertinent to ¢hapants’ location, movement, and actions,
being collected over a reasonable period, to ptete probability of an event (i.e., occupant
being present in a space) or an activity (e.g.,dam opening behavior) and generate the
probabilistic profiles [15, 16]. Monte Carlo metlspdarkov Chain, discrete and semi-hidden
Markov Chain models, as well as Poisson modelrathe category of stochastic methods. Since
the occupant’s next state is highly dependent sfhér present state, which is the basis of the
Markov chain process, modeling occupancy spacreatin patterns using Markov chain is one

of the most utilized techniques by researchers.

Based on the above discussion, an overview ofdahgparison between different research works
using Markov chain models and the recent studiaasve in Figure 1. The comparison is done in
terms of the type of Markov chain model, occupamoglel level, type of space, and information
resolution derived from the occupancy model. Altjlogome similarity can be seen between the
reviewed papers and the current paper, none of texeloped the occupancy model at all three

levels (i.e., individual, zone, and room levels). dddition, all space types (i.e., shared and
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private) are considered in this study. Moreoveg pmoposed occupancy model in this study
provides high-resolution information regarding ®dons in occupancy patterns by considering
the temporal behavior of occupants through definihg detailed work states, which are

explained in detail in Section 3. Last but not teasne of the reviewed papers considered the

combination of all these aspects in a real-workhscio.
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HMM: Hidden Markov Model
SVM: Support Vector Machine
ANN: Artificial Neural Network

SMM: Hidden Semi Markov Model

CDMC: Closest Distance Markov Chain

BMC: BlendedMarkov Chain

ARMA: Auto-Regressive Moving Average
GMM-HMM: Gaussian Mixture Model based Hidden Markdedels
MCMC: Markov chain-Monte Carlo

DMTWI: Dynamic Markov Time-Window Inference

**NS: Not specified in paper

*v': The whole building is assumed as one zone.

Figure 1 Comparison of Recent Literature on Occupancy Modeli
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3. Research Methodology

The main goal of this paper is to develop a newptida probabilistic occupancy prediction
model based on the RTLS data to distinguish betvadii#erent occupants within an open-plan
office. There are many factors determining the ey of the occupancy model including the
occupants’ identities, the duration of the occuggmtesence, their locations in different zones of
a building, and their preferences. The zoning cphpdays an important role in capturing the
detailed occupancy information in real open-plaficeé and improving the accuracy of the
occupancy prediction model. Open-plan offices sthdad divided into multiple zonds assign
different probabilistic occupancy information tachaone. The zoning is applied to consider the
effect of (1) different types of activities perfoeoh in each zone; (2) different number of the
HVAC terminal units or the number of luminaires) (Bfferent facade orientation for perimeter
zones, to name a few. New RTLSs can provide thetitye location, and duration of presence
while the preference data can be collected by weguiThe occupancy prediction model is used
to determine the occupants-specific probabilistafifes based on their presence data. The main
benefits of this dynamic and probabilistic occupampecediction model are: (1) Probabilistic
feature benefit: unlike models that rely on aveamggthe various occupants’ schedules, the
probabilistic occupancy prediction model can captiire diversity of the different occupants’
presence patterns using stochastic methods, whigary important factor in open-plan offices;
(2) Dynamic update benefit: real-time monitoringdathe resulting decision making are the
closest way to emulate the real patterns of ocdsparesence and their interaction with
building systems. The probabilistic occupancy m®oin model can distinguish between

different occupants’ schedules and habits.
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To consider the variations in the occupants’ pesfilue to their temporal behavior, each day is
divided into different time slots. There are typieaents of importance in office buildings that
should be captured while defining these time slpish as the first arrival to the office. These
time slots are determined based on the pattermsisgble collected data as will be explained in
Section 4.2. The events of importance indicatetypecal patterns of the occupants’ activities in
open-plan offices. These activities are referredgavork states in this study as shown in Table
1. The duration of each work state is determinedgughe monitoring data. The first arrival to
the office is defined as the first reading of tleewpant’s presence in the office after his/her long
absence during the night. The last departure fl@office is determined as the point when there
is no recording of the occupants’ presence forratthn greater than four hours after that point.
Lunch break is defined as a break happening aroood with the duration greater than half an
hour. Other breaks during the day with durationr®rdhan half an hour are considered as short
breaks. Meetings, as one example of long brealesewents that are happening based on a

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

Table 1 Typical Occupancy Work States in Office Buildings

Work State  Description Label (in Prediction Model)
1 Working in Occupant’s Station (Occupant’s Zc Soc
2 Working in Other Occupants’ Station (Other Zoi Sot
3 Lunch Break (L Sk
4 Short Break (SE Set
5 Long Break/Meeting (LE Sim

Figure 2 shows the proposed framework towards deusl a new adaptive probabilistic
occupancy prediction model. This framework compgrigaree main steps including data
collection, data processing, and occupancy prextiatiodel. Data collection is discussed in the
following section. During the occupant behavior lgiies (data processing), the analysis is

required to find important occupancy features, saglhhe number of present occupants, periods

10



190 of absence and presence, and other occasionatieasian the occupants’ profiles. Calculation
191  of the occupancy rate is explained in Section @ratiscussion regarding the data processing
192 phases in Section 3.2. The development procedutbeobccupancy prediction model is then

193  explained in Section 3.3.

Data Collection

Part 1 - Part 2
‘ Occupancy sensors

l L Survey/smart phones
J regarding indoor
environment condition

Occupants’ Identity (ID)
(Who)

Time of Day (When)

Occupants’ Location (Where Occupants’ Activity (What)

Occupants’ Preferences

Occupant Behavior Analytics (Data Processing)

Phase 2 — Occupancy Rate Phase 3 - Prediction Model

Phase 1 —Zone Calculation Calculation Parameters Calculation

Occupancy Prediction Model

Occupants-specific probabilistic profiles

!

For each time step of the day:

| } }

Work state of each occupant Occupant's zone Number of occupants in
each zone
194
195 Figure 2 Proposed Framework for Occupancy Prediction

196 3.1. Data Collection
197 Considering that the energy performance of an gpan-office is mainly influenced by its

198 occupants, the office occupants’ schedules andthalgitermine the input to the occupancy

11
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prediction model. To this end, the office occupamted to be monitored. The data collection
step includes two parts to gather all importantupancy data. As mentioned in Section 1,
occupants should be monitored over a reasonabiedpesing RTLS to get occupants’ location,

their identities, presence time, and the type d¢ivties and find the spatiotemporal patterns of
the occupant’s behavior (part 1). RTLSs are wiselggstems that are used to automatically
identify and monitor the location of objects or pkpoin a defined space at a point in time that is
or is close to, real-time [34]. RTLS comprises dfedlent components: (1) various tags and
badges or cell phones to send signals to the sefisoators); (2) locators for reading tags; (3)
platforms (Wi-Fi, Infrared, Ultrasound, Radio Fregey, and others); (4) timing cables or

wireless bridges, for the connectivity of sensoithwach other and with the host computer; (5)
location engine, for calculating tag’'s position ngsivarious techniques; and (6) end-user

software application for recording data [35].

To monitor occupants within an open-plan officengsBluetooth technology, either tags or cell
phones can be usethese tags will send signals to the RTLS. Eachh&egya unique ID number;

thus, when a person moves in the area covereddayois, the system detects the unique ID
number of the tag and measures the direction @fd&rsignal transmitted by the tag. Using
Angle-of-Arrival (AoA) signal processing methodetincidence angles of the received signals
are calculated with respect to the known positiohghe locators. Applying a triangulation

method, the position of tags can be determined. [86]illustrated in Figure 3, an accurate 3D
position is determined using at least two locatdmspractical applications, several locators
should be used, depending on the size of the nreditoffice, to detect the tags providing

continuous positioning and substantially improviihg accuracy and reliability of the results

[37].

12



222  The main targets of data collection procedure heedffice occupants who are assigned to the
223  office. Thus, visitors, who may enter the officeridg the day, do not interfere with the data
224  collection procedure and would not affect the aacyror performance of the proposed model
225 since there is no tag associated with them. Theqgs®ed occupancy prediction model is
226  developed based on the office occupants’ data ahgnedict the future occupancy profiles of

227  the office occupants.

228 In addition, occupants are questioned regardingsétgngs of the building energy-consuming
229  systems to know their preferences (part 2). livipartant to mention that the focus of this paper
230 is on part 1 of the data collection and gatherirfgrimation regarding the occupants’ preferences

231 is out of the scope of this paper.

angle Angular direction Angular direction,”

Tag location (XY 2 G
//
>

232

233 Figure 3 3D Positioning using RTLE7]

234 3.2. Occupancy Behavior Analytics (Data Processing)
235 The occupancy behavior analytics (data processinb)ch is comprised of three phases, is

236 performed to find important occupancy features,hsas the number of present occupants,
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periods of absence and presence, and other ocahsianations in the occupants’ profiles.
Figure 4 depicts the pseudocode showing how theatetl data is converted to the occupancy
location and presence duration information to daleu the occupancy zone and rate,

respectively. All the phases of the data procesgingedure are also shown in Figure 5.

SetW = the total number of weeks of the data collectis;, week,D = the total days of a weeH, = the
day of a weeko = occupant,N, = the total number of occupants in the offie¢”= detection time
resolution,z = occupant zoney, = the number of present occupamis;. = occupancy rate

For eachdin D
For eachwin W
For eactoin N,
TSqare= the first time that the occupamts detected in the morning
TS,q = the last time that the occupanis detected in the evening
PT? = Teond - Tsotart
Ford" in PT®
if there are multiple readings facht{":
calculate the average coordisatf readings with the santf
if there is a missing data:
assign the coordinates®f to t?"
determing based on the coordinatesafrom the tracking system and the office dimensions
end
end
end

Tiotdl= the earliest arrival time to the office amongaaltupants

Ttotal = the latest departure time from the office amolhgecupants

e

— mtotal total
TOD = Tend - Tstart

Fortin TOD
ifois present:

dar ;.
add 1 ta!'

dr
t;d;
calculate thecc, based ona, ™

else no change in the number of presentparts
end
end

Figure 4 Pseudocode for Data Processing Phases: Zone ang@®wy Rate Calculations

The occupant’s zones for each time-step of the tztdy presence timeP(T) are determined at
the end of Phase 1 according to #handy coordinates of his/her tag for each time-stepniysi
the information from phase one, the number of presecupants, and eventually the occupancy

rate of the office, as will be explained in Sect@@nare determined at zone and room levels for

14



246  each time-step of the total occupancy duratib@), each day of a weekl), and for the total
247 number of weeks of the data collectio’)( during phase 2. Phase 3 of the data processing

248  focuses on the
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Phase 1 — Zone Calculation
/7\
(Starp

Collected data from RTyé

(0]

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

/Muﬂi?p/le readi\ﬁgswﬁer\
— R ————N
~—~_time-step?_—

YES
2
Calculate the average coordinates |of
readings with the same time-ste
¥

o]

One reading per time-step
)\

Phase 3 - Prediction Model Parameters Calculation

Change time-step resolution

Phase 2 — Occupancy Rate Calculation

Determine the latest
departure from the office
among all occupants

Determine the earliest firg
arrival to the office amon
all occupants

l

‘ Start time of occupan#y ‘ End time of occupancL/

1
v

Calculate the total occupancy
duration TOD)
l

=3

Calculate the number of presen
occupantgn,®) for each time-step

Generate
missing data;

e
_Missing data betwe

—successive readings YES
-ces adings?

NO

NO
¥
Calculate the zone of the occupant

for each time-step

of theTOD

l

0CG =(T (N /No)w)/W*100

Calculate the internal load from the
occupancy presence

YE d<7

]

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

YE w<

Calculate the number of occurrence
of being in work statg (ns"%,)
v

w

Calculate the transition probabilitie
between different work statelst(’do,i,-)

{
$%,=5 (%) / W)

: 1
tl’tdmj =y (ntl’tdo,u)w/M

For each time-step and each
day of a week:
» The average zone of each YE @
occupant
« Number of occupants iN d<7 >—VvEs
= W< N * Occupancy Rate Calculate the transition probability e
matrix for each time-stegP{%(t))
2
(Er)
249 \Ld/
250 Figure 5 Occupant Behavior Analytig®ata Processing) Phases
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269

analysis required to obtain the occupant-speciandgition probability matrices, as will be

explained in Section 3.3.1, for each time-step atheday of a week. This phase starts with
changing the time-step resolution according topiingose of the occupancy model. For instance,
HVAC system local control strategies require lontyae-steps knowing that it takes time for the

system to adjust the zone temperature.

3.2.1. Occupancy Rate

The occupancy rate for time-step (occt?), is the average occupancy rate for each day of a
week based on the total number of weeks of the aataction (/). After collecting data for a
certain period, the occupancy rate (%) of all zon#kin an office is calculated for each time-

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

w=1(%'d)w (1)
occt? = T" X 100%

wheren’? is the number of present occupants at time-stepd dayd, and N, is the total

number of occupants sharing the same open-placeatfiring dayi.

3.3. Markov Chain Occupancy Prediction Model

In this research, the Markov chain technique isdulse the analysis aiming to develop the
probabilistic occupancy profiles. Since the occupamovement among the zones inside and
outside open-plan offices creates the occupandyiggriandom mobility between different work
states is assumed. This assumption allows modéhagtransitions among work states as a
Markov chain process. Therefore, the next workestdtthe occupant only depends on his/her

present state and some rules about work states.
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A Markov chain is a sequence of random variableh wWie Markovian property presented as
[38]:

P{Xt+1 =j|Xt =0LXeq =, Xep = lpgy o, X1 = 13, Xp = io}

. . (2)
=P{Xe11 =jIXe =} =P+ 1)

where X, is a random variable representing different ocotgavork statest is the time-step,
and all stated, iy, ..,i;_1,i,j are nonnegative integers valued ={0,1,2,..}. P;j(t +1)

shows the probability of transition from stat statg at timet + 1.

Knowing that the future state of the occupant ddpem his/her current state, the transitions of
states are defined in Markov matrices. Since thelevtay is clustered into different time slots,
as mentioned in Section 3, the probability of ocence of different states varies with the time of
the day; and consequently, the transition proldghihatrices are different for each of these time
slots as illustrated in Figure 6. This figure shaws transition probabilities during the lunch
break. For instance, if an occupant is going ouhefoffice (at time) for the lunch break at time
t+1, there is a higher probability to either stayuatdh break or go back to his/her zone at time
t+2 and no probability to go to a short break. Thikesathe transition probabilities to be time-

dependent. This type of Markov chain process iedahhomogeneous Markov chain [39].

In the proposed inhomogeneous Markov chain modedriediction of space occupancy in multi-
occupied offices, the states of the Markov chaesaacupants’ work states as shown in Table 1.
This results in having 5x5 transition probabilityatmices independent of the maximum number
of occupants in open-plan offices. Compared to pughthat define transition probability
matrices based on the number of occupants in g feme 23, 27, 40], or methods that consider
some restrictions regarding the movement of ocdspbatween zones to reduce the order of

transition matrices [e.g. 29], using the proposedhwod significantly simplifies the calculation of
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291  transition probability matrices. Transition prodapi matrices are key parameters in Markov
292  chain models and reducing their order has a higilaghon the overall complexity of the Markov
293 models, especially for inhomogeneous Markov chagders with a large number of transition

294  matrices.
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The output of the proposed inhomogeneous Markoinamadel is the probabilistic profiles of
each specific occupant. Work state of each occugasier location and the total number of
present occupants can be derived from these mofitgentually, building energy-consuming
systems are adjusted based on this informatiomftect the variations in different occupants’

daily profiles.

3.3.1. Transition Probability Matrices

In the first step of determining the transition Ipability matrices, thé>T of each occupant for
different days of a week along with the distribatiof being in different work states during the
PT are deduced from the results of the Phases 1 aofdti® data processing step. Next, the
transition probabilities between different worktetaare calculated. To do so, two parameters are
required: (1) the percentage distribution of eaatrkwstate for each occupant; and (2) the
transition occurrences between different work stéde each occupant. The transition probability

matrix is then calculated using Equations 3 and 4:

Pl] 1—Sl-+sl-><trij (lfl =]) (3)

P;j = s; X try; (ifi#)) (4)
wheres; shows the probability of being in statevhich is calculated based on the percentage of
occurrence of each work state during the monitogegiod. The probability of transition
occurrences from stateto statg is indicated bytr;;. These formulas are inspired by the work of
Yamaguchi et al. [17]. However, improvements arpliad to their proposed formula. Firstly,
the Markov chain is time-independent in their meth®econdly, they assumed constant numbers
for the parameters; andtr;;. In this study, the Markov chain and the paransetee time-

dependent. In addition, the collected data reggrthe actual occupancy of the open-plan office
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are used to define the parametgrandtr;; with some enhancement in their calculation method

as discussed below:

(1) For each occupand (0 =1,2,...,N,) and each day of a week (d = 1,2,...,7), the

probability of being at work state(i = 1,2, ..., I, wherel represents the maximum number of

td
0,i’

work states) at each time-steps ', is obtained by counting the number of times ahgen

work statei (nsg_‘}) divided by the total number of weeks over the itwoing period as shown

below:
t,d
td __ vazl(nso,i )w
Soi = T W ®)

This procedure results in personalized probabifiistribution graphs for each work state at
different time-steps over each specific day of akveThe following condition should be

considered for each time-steand each occupantwhen calculating the probabilities:
I
Sei =1 (6)
i=1
(2) For each occupant the number of transition occurrences from stdtestatej at each time-

stept and for each day of a week ntr"?, is obtained from the collected data. Then, the

0,ij’

probabilities of transition occurrences are cal@daver the monitoring periodwgt'g.):

w t,d
t,d _ ZW=1(ntro_')W
tro,i = TL (7)

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

then calculated for each occupaﬂyg(t)) using Equations 8 and 9:
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Pyo(t) = 1—sg7 + 550 Xt (if i = )) ®)

0,ij
Pyo(t) = sgf x tr)] (f i # ) (9)

Considering five states of the transition prob#pilnatrix, this matrix has a dimension of
5 x 5 x 288 x 7 using 5-minute time-step for one day (i.e., 288) ane matrix for each day of
a week (i.e., 7 days). The procedure for finding tifansition probability matrix is demonstrated

in Figure 7.
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Figure 7 Markov Chain Transition Matrix Flowchart

In the next step, Probability Density Function (FDér each time-step can be deduced from
each row of the Markov transition matrix. Furthigre Cumulative Distribution Function (CDF)
is derived from the PDF for each time-step. The GP& histogram of five bins corresponding
to the five work states. Each bin shows the prditgbat which a value of that bin can be
randomly selected. Using the Inverse Function Met{iBM) gives the estimation of the work
state for the next period ¢ 1). The IFM works by inverting the CDF of the pardereof
interest. It randomly generates a number betweamd 1 using a uniform distribution. The
random number determines which bin is going toddecsed for the parameter of interest using

the CDF. Figure 8 illustrates these steps.

Start Markov Transition Probability Matrix

Inputs:
« Occupant (0)
» Day of the weekd)
¢ Time-step ()

Check in which statd)(is the occupant

Choose thé" row of the Markov matrix
that corresponds to occupanat dayd

Draw the PDF and CDF for the ravef the
Markov Matrix

Use IFM to select the work state of the
occupant at next time-stepr()

Probability Density Function (PDF)
(=]

1 2 4 5

Work State

(@) (b) l
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Figure 8 Work State Estimation Flowchart; (b) PDF Generat{oh CDF Generation; (d) Generation of
Series of Work States using IFM

4. Implementation and Case Study

Figures 9 shows the picture of the case studyilmtdh research laboratory) and the monitoring
system set up along with the office layout. There six occupants assigned to the research
laboratory. In this case study, the occupancy desiee collected every second using Bluetooth
Low Energy (BLE) (also known as Bluetooth 4.0 ou@®&both Smart) for one month. The BLE-
based monitoring system used in this research @Qeuppa Intelligent Locating System™) is
able to track the latest smartphones and BLE dswdéh the accuracy of 20-56m [41, 42].
Based on the measurements made, the size of théoneohoffice is 5.0nx7.0mx3 m. In order

to get the required data for the prediction moide$ important to know whether the occupant is
at zone 1, 2 or 0 (which is the outside of theceffias shown in Figure 9. According to the
dimensions of each zone (i.e., B83.5m), the accuracy of 20-56mis precise enough for the

purpose of this study.

Quuppa system uses AOA approach to calculate te#igro of different objects (e.g., people,

equipment, etc.) as discussed in Section 3.1. §ygeem offers many advantages including long
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tag battery lifetime, compatibility with standardbile devices, and the ability to carry sensor

data alongside the positioning data [43].

As shown in Figure 9-(b), four locators are usethia study to accurately monitor the occupants
and their movement. According to [44], distance6df0 meters between indoor locators are
convenient for a good coverage. In our case, losate placed with the distances between them
less than 7 meters. In addition, the coverage yuatimate is checked and demonstrated in
Figure 10. As shown in this figure, the red colepresents bad quality and green color
represents good quality. Thus, the coverage quafitfour locators in the room is good for

tracking. In the case of having larger offices, ensensors are required to accurately cover the
whole space in order to collect precise occuparatg.dHaving enough number of locators with

distances within the suggested range, the sameaagcof 20-50 cm is achievable.

il e
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&

376 4.1. Occupancy Probabilistic Profiles

377  The probabilistic profile of each occupant showes phobability of the occupant’s presence at the

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

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

380 satisfy the occupants’ indoor environment comfevels.
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Figure 10 Coverage Quality Estimate of the Locators (L001-4.@@e the four locators used in the
monitoring process)

In this study, the test was run for one month andesthe collected data from the monitoring
system could be used for different purposes witferdint levels of accuracy, the BLE system
monitored occupants with high resolution (i.e.,lreaecond). Collecting the occupancy data with
the high resolution of one second generated ab®t\®B of the raw data in total. Figure 11

shows the distribution of the size of collectedadaver the one-month period of the data

collection.

All the data processing phases and the developwietite occupancy prediction model are
performed on a desktop computer with propertieltet Xeon CPU X5550 @ 2.67 GHz, 6 GB
Random Access Memory (RAM), and running Windows fibféssional Dell computer.
Collecting the occupancy data with the high resolubf one second generated about 250 MB of
the raw data in total. It takes some time to pottsb raw data, such as producing the missing

data or removing duplication in the collected raated as explained in Section 3.2.
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Figure 11 Size of the Collected Data per Day

The data processing phases are used to producepilitedata to the prediction model with the
desired time-step. The required computational timabout four hours for one month of the
collected data. However, the hignanularity of one second is not required for baddenergy
management. Therefore, the occupants’ zones acelagdd every five minutes according to
Section 3.2. During a five-minute time-step, theafiselected zone for that time-step will be the
zone in which the occupant spent more minuteshig dtudy, the number of defined zones is
equalM plus one zone for the outside of the office. Fstance, three zones are considered for a
shared office with zones 1 and 2, being within dffece, and one zone for outside of the office

(i.e., zone 0).

After determining the occupant’s zones for eachetstep ofPT, the average number of
occupants present at each zone of the room arelatd for each day of a week for five-minute
time-step resolution. Thaverage occupancy rate for each day of a weekdgeeasf four series

of data) is also calculated using Equation 1. F@gl@ illustrates the results for Mondays. The
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same results are obtained for other days of the&kweleich are not included here due to space
limitation. This figure shows the number of presewtupants at the office level for four
Mondays in a month. The average occupancy numben®imonth is also shown in this figure.
Furthermore, the average occupancy numbers for degskand weekends are illustrated in
Figure 12. As it was expected, the occupancy ratheooffice is much lower during weekends.
However, it is important to know that the officealsvays occupied for several hours during the

weekends

4.2. Validation of the Occupant Behavior Analytics Methal

The proposed data processing method is validatezblyparing the obtained profiles using the
proposed method with those obtained from the grawuith data. A check table is created to
collect the ground truth data from April 07 to May, 2017, and from May 23 to June 10, 2017.
The table includes the time of occupants’ firstvalr their lunch break, and the last departure.
After logging the information, the PDF of the ev@nf importance, such as the first arrival to the
office, is created to determine the actual rangéeif occurrences (Figure 13). As shown in this
figure, the majority of the first arrival event hascurred between 08:15 to 11:30 am. The start
and end times of these events based on the grouthddata as well as ranges that are used for
data processing at the office level. As discusse®ection 3.1., five typical work states are

considered in office buildings (Table 1).

In order to process the raw data to reflect thesek states, the ranges derived from ground truth
data, as a basis for data processing, are broken tiosmaller time slots for each occupant. This
helps to have more accurate time slots that arefgp each occupant’s pattern of presence for
each day of a week. In addition, a window46f5 minutes is considered at the start and end

times of these ranges to give more diversity tgehtene slots.
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4.2.1. Comparison with the Ground Truth Data

The comparison between the occupant behavior arslytethod and the ground truth data
shows that there are some cases that differeneefoand between the arrival times and the
results of the occupant behavior analytics methiidee: review of the raw data in these cases
shows that the occupants arrived and left the rafter a short stay (less than five minutes). This
results in a delay for the processing methods pbuca the first arrival of the occupants. On the
other hand, the occupant behavior analytics metioadd catch the departure times. Hence, it

can be concluded that the daily profiles are iroed@nce with the ground truth data.

45 ! :
- —e—First Arrival
40 —e— ComingBackFromLunch
35 #— GoingForLunch
Last Departure
30
g 25
)
= 20
3
8 1° g5
o 10
5
0 C————————9e

07:12 09:36 12:00 14:24 16:48 19:12 21:36
Time of the day (h:m)

Figure 13 Probability Distributions of Events of Importancearithg a Day at Office Level

4.2.2. Occupancy Prediction Results using Markov Chain Moel
To estimate the occupancy profiles using inhomogeseViarkov chain occupancy prediction
model, all states are labeled to show the tramsipoobabilities from one state to another

according to Table 1. For example, the transitioobgbility from work state 1 to 3, which is

leaving the office (zone 1) for lunch break, isgemeted b)Poc,zbz(t)- The transition probability

matrix ofPijg(t) can be shown as follows:
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[Poc,oc Poc,ot Poc,lb Poc,sb Poc,lm ]
Pot,oc Pot,ot Pot,lb Pot,sb Pot,lm

Plb,oc Plb,ot Plb,lb Plb,sb Plb,lm | (10)
| Psb,oc Psb,ot Psb,lb Psb,sb Psb,lm |

le,oc le,ot le,lb le,sb le,lm

Pij:(t) =

As discussed in Sections 1 and 3.2, different mwwl levels are required for controlling
different building systems. For instance, a higleeel of resolution is needed to apply lighting
control strategies, which improve comfort level.wéwver, considering the required lag time for
HVAC systems to adjust the indoor temperature &pecified target set-point, lower level of
resolution may not lead to a significant thermacdmfort. As a result, two different prediction
time-steps are defined to determine occupancy giieds for lighting and HVAC systems

control.

Five-minute prediction time-step is considered tedmt the office occupancy pattern and
accordingly adjust the lighting system. While thisie-step changes to 30-minute prediction
time-steps to control the HVAC system. Having tieeupants’ zones for every five-minute time

interval, the distribution of the time being spénthe office’s zones and outside is determined
for each day of a week (i.msgf). After calculating the number of transition oaaunces (i.e.,

t,d
ntroli i

), the transition matrices corresponding to eactetstep of each day of a week would be
calculated using the average valuesréﬁ- andsf.j:‘f for that specific day of the week throughout

the whole month. For instance, the transition matfioccupanbs; on Mondays at 02:40 pm is

shown below:

0.8125 0 0.0625 0 0.125]
on o 0 0 0 0
Pij, ""(02:40 pm) = 0.0625 0 0.8125 0 0.125 (11)
o 0 0 0 0
0125 0 0125 0 0.75
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In this matrix, a row of zero probabilitié@ppens when tl‘gf is zero. In these cases, since the

probability of being in staté is zero at that specific time-step, it is not ploiesto have

probabilities of state transitions.

4.2.3. Validation of the Inhomogeneous Markov Chain Occupacy Prediction Model

To validate the performance of the inhomogeneousk®achain occupancy prediction model,

the actual occupancy for different days of a week @mpared to those of resulted from the
prediction model. The comparison between the oauuparofiles resulting from the prediction

model, to be used for the purpose of lighting aanfire., five-minute time-step prediction), and

the real data is illustrated in Figure 14 for ocis o, andog. This figure shows the zone of

each occupant for each five-minute time-step. Caoimgahe prediction results and the actual
occupancy patterns shows the high accuracy of teeliggion model (92% and 84% for

occupants,; andog, respectively) in capturing the variations in quants’ zones.

As mentioned in the previous section, two differéime-steps are defined to determine
occupancy predictions for lighting and HVAC systégantrol. In the case of using occupancy
prediction to control the HVAC system, the initithte of occupancy is determined using the
real-time collected data. Then, the inhomogeneoaskbV/ chain prediction model predicts the
occupancy pattern for the next 30 minutes usingrduasition probability matrices and the IFM

method as shown in Figure 8.
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(Mondays)

Since thePijz(t) matrices are derived based on five-minute timpsstéhe prediction model

should be run six times to produce the occupandtemafor the next 30 minutes. Then, the
actual occupancy state is read again from the @uyp sensors to restart the prediction
procedure. This update improves the accuracy optediction model by avoiding accumulation
of errors happening at each five-minute time-stég prediction process is then repeated for the
next 30 minutes and this loop is continued till tved time of occupanc¥T. Figure 15
demonstrates this proceduiEhe same method is applicable in the case of ustoypancy

prediction to control the lighting system with tté#ference of changing the 30-minute to five-
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minute time-steps. Thus, the prediction model iy oun once in this case since the time-step of

having thePijZ(t) matrices and prediction time-step are identical.

— W - Prediction —@— Real Data

ST | ! -
= 90 T+ . Reading the £
é | Correcting the i (1) occupancy state from I e \
i U ol geonpancy state at the i the occupancy sensor i
= b end of time-step 5 \ L N
g 70 4 | / .
o . Reading the ’ a Correcting the N
= 60 1 | (1)  occupancy state from 7 ' \(2) occupa:{cy state at the
= N end of time-step
=1 : the occupancy sensor
= 50 +
51 . ]
S0 L

30 +

20 +

10 + i

08|00‘)8:05 08:25 08i30 08:35 ----e- 08:55 09|00 09:05 09:10 "
a2 \ 30 minutes B 30 minutes i
Reading the current Time of Day

occupancy location from
the occupancy sensor

Figure 150ccupancy Prediction Process and Updates

The proposed prediction model is an adaptive mtiglevolves and improves itself over time.
The adaptive probabilistic occupancy model deteesithe HVAC and lighting systems’
settings at the beginning of each day based orcallected data. In this manner, the HVAC
system starts working half an hour before the dtar¢ of occupancy to reach to the desired
temperature by the time the first occupant arratethe office. The lighting system will be turned
on at the time of arrival of the first occupant.ingsthe prediction model, the level of occupancy
is estimated for the next time-step and the HVAG@ kghting systems are accordingly adjusted.
This procedure continues for each time-step dutiegday (as specified for the control purpose)
until the estimated end time of occupancy is redchi®wever, there may be some cases that the
real occupancy does not follow the predicted oneis Ttcould happen when an unexpected
occupancy happens when the prediction model esisnacancy for space. For instance, one

occupant can arrive earlier than the time she/he exgected to start working. In these cases,
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there would be a switch to real-time operation wfding systems where the sensors detect the
unexpected occupant and turn on the light autordticThus, a real-time occupancy detection
and control give an indication of the wrong estimratof occupancy. In such cases, an update is
sent to the adaptive prediction model to adjusitfitsy correcting the current state of occupancy.
Using newly collected occupancy data helps the mtudeapture changes in occupancy space
utilization patterns, especially in the case of reptan offices with varying occupancy (e.qg.,
common labs). In this type of offices, occupanctadahould be collected over a shorter period,
and more frequent updates are required to reflemges in occupancy patterns. This would help
the model to evolve and become more precise inigined the office occupancy. Therefore, the
idea of frequently updating the occupancy predictimodel can improve the reliability of the
model for future predictions. However, the datdestion period can be longer for offices with
fixed occupancy, such as research labs; since theodd not be many variations in the space
utilization patterns. Using different data collecti periods and frequent updates make the

proposed prediction model more general for diffetgpes of open-plan offices.

Having the occupancy profile prediction for eaclewggant results in developing the occupancy

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

occupants in each zone can be predicted. Usingtieguh, the occupancy rate at the zone level
is calculated and the results are used to corttelighting system. Since the prediction model
demonstrated the same performance for differerd dag week, Figure 16 shows the occupancy

rates only for Mondays.

The same comparison was made between the occupasesyresulted from the prediction model
to be used for the purpose of HVAC system contrel,(30-minute time-step prediction), and

the real data as also illustrated in Figure 16.sAswn in this figure, the prediction model
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captures the real behavior of occupants at occupahizone levels. The prediction model is able
to accurately estimate the location of occupantaat periods of data collection during the day,
which shows that the overall performance of thelgteon model is satisfactory. Table 2 shows
the performance measurement of the prediction madelg the coefficient of determination
(known as R) for different cases. The values of Rhen using the proposed prediction model
for the lighting control are 0.8 and 0.92 for zordeand 2, respectively. This would result in
having 0.86 on average for this parameter (86%}Herapplication of lighting system control.
The same method is used to calculate the averalye v R when using the proposed
prediction model for the control of the HVAC systd68%). These values indicate the high

accuracy of the prediction model in imitating tlealroccupancy patterns of the open-plan office.
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Figure 16 Comparison of Predicted and the Actual OccupandgfR@iondays)
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Table 2Performance Measurement of the Prediction Model

Purpose of use of occupancy prediction Level of pdiction R?
Lighting control Zone 1 O',8
Zone @ 0.9z
’ c
HVAC Control Zone . 0.6<
Zone : 0.7

5. Conclusions and Future Work

In this study, the occupancy modeling (i.e., ocaugaprofiles) has been further enhanced using
inhomogeneous Markov chain prediction model baserkal occupancy patterns data. The main
contributions of this research are: (1) developtnghethod for extracting detailed occupancy
information with varying time-steps from collect®TLS occupancy data. This method can
capture different resolution levels required fog tpplication of intelligent, occupancy-centered
local control strategies of different building sysis; (2) developing a new adaptive probabilistic
occupancy prediction model based on the extractedpancy information; and (3) developing

time-dependent inhomogeneous Markov chain occupanogel, which distinguishes the

temporal behavior of different occupants withinogoren-plan office.

The proposed prediction model is an adaptive mtiglevolves and improves itself over time.
By frequently updating the occupancy prediction sloddhenever an unexpected occupancy
happens, the model captures changes in occupancg sgilization patterns and becomes more

precise in predicting the office occupancy.

Having the occupancy profile prediction for eacleuggant results in developing the occupancy
rate prediction at the zone level. The comparisetmvbeen the occupancy profiles resulting from
the prediction model and the actual profiles shotirad the prediction model was able to capture
the actual behavior of occupants at occupant amk Zevels. The prediction model can

accurately estimate the location of occupants attrperiods of data collection during the day.

High accuracy (86% and 68% on average for the marmd the lighting and HVAC systems

38



566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

control, respectively) of occupancy patterns prgaiicalso indicates the acceptable performance
of the prediction model in capturing the temporahévior of different occupants working in the

same open-plan office.

Although the overall performance of the predictiondel was satisfactory, it may not capture
variations in occupancy patterns that may happear #ie data collection period, especially in
the case of open-plan offices with varying occuganthis limitation could be solved by

collecting occupancy data for a longer period aietiand frequently updating the prediction
model whenever a real-time occupancy detectioncamdrol happened to consider changes in

the space utilization patterns.

There is a privacy issue when the occupants’ itlestiare used to have detailed occupancy
patterns. However, this issue can be resolved lmnyanizing the occupants’ data through
defining occupancy profiles per zone. In additioaying this type of data could be vital for other
purposes, such as emergency and safefgrming the monitored occupants about all the
benefits coming from using the real-time monitorgygtem for a reasonable period could also

be helpful to solve this issue.

As future work, the performance of the proposediipteon model should be evaluated using
occupancy data collected over a longer periodditten, the effect of having more data on the
overall performance of the proposed model shoulohbestigated using different data collection
periods (e.g. using smaller periods to controlligieting system). Future work will also consider
applying sensitivity analysis and finding the opindata collection period to balance between

accuracy and computation time.
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The main output of this research is an occupanegigtion model that produces the office
occupants’ profiles. Future work will also use #hgsofiles as inputs to the energy simulation
tools. Simulation models are then used to assdfsratit occupancy-centered local control
strategies considering occupants’ preferencesekl&d building systems (e.g., HVAC and
lighting systems). In addition, the proposed ocoggaprediction and the energy simulation
models will be encapsulated within an optimizatadgorithm to select the optimal settings for
the building systems. The ultimate goal of applyiimg local controls is achieving two objectives
of minimizing the office energy consumption, andtié same time minimizing the office
occupants’ discomfort. Therefore, the main focushefresearch is on the office occupants who
are assigned to that office. Running the simulabiased optimization model in near real-time
provides more reliable occupancy responsive looatrol strategies to optimize building energy

consumption.
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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



