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Abstract

Building occupancy, which reflects occupant presence, movements and activities within the
building space, is a key factor to consider in building energy modelling and simulation.
Characterising complex occupant behaviours and their determinants poses challenges from
the sensing, modelling, interpretation and prediction perspectives. Past studies typically
applied time-dependent models to predict regular occupancy patterns for commercial
buildings. However, this prevalent reliance on purely time-of-day effects is typically not
sufficient to accurately characterise the complex occupancy patterns as they may vary with
building’s surrounding conditions, i.e. the urban environment. Therefore, this research
proposes a conceptual framework to incorporate the interactions between urban systems and
building occupancy. Under the framework, we propose a novel modelling methodology relying
on competing risk hazard formulation to analyse the occupancy of a case study building in
London, UK. The occupancy profiles were inferred from the Wi-Fi connection logs extracted
from the existing Wi-Fi infrastructure. When compared with the conventional discrete-time
Markov Chain Model (MCM), the hazard-based modelling approach was able to better capture
the duration dependent nature of the transition probabilities as well as incorporate and quantify
the influence of the local environment on occupancy transitions. The work has demonstrated

that this approach enables a convenient and flexible incorporation of urban dependencies
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leading to accurate occupancy predictions whilst providing the ability to interpret the impacts

of urban systems on building occupancy.

Keywords: Urban system; Competing risk hazard model; Building occupancy simulation; Wi-

Fi connection data

1. Introduction

Building occupancy is a key parameter of building energy modelling and a basic factor
of modelling occupant behaviour [1]. Bahaj and James [2] discovered that different occupancy
patterns lead to different energy consumptions in identical buildings. Therefore, accurately
modelling and comprehensively understanding how people use building can help improve
energy efficiency [3]. Although the IEA Annex 66 on Definition and Simulation of Occupant
Behaviour in Buildings has given guidance on the current state of occupancy modelling, there
are still unanswered questions relating to the enhancement of modelling techniques, from the

sensing, interpretation and prediction perspectives [4].

Driven by multidisciplinary factors, occupancy has three features that pose challenges
to occupancy modelling: stochasticity, diversity and complexity [4]. Stochasticity has been the
research focus over a past decade and has enriched the methodological approaches for
modelling random occupancy chain. In fact, occupancy is not purely random but could also be
characterised by deterministic factors in surrounding systems. These factors could be the
internal conditions of building environment and/or the conditions external to the building
system. Such conditions can be natural (weather and local topology) as well as anthropogenic,
related to urban systems (conditions of transport network and presence of event).
Incorporating both of those conditions as potential driving factors of building occupancy into a
modelling framework could be a promising way of understanding and enhancing the way we

model the complexity and diversity of occupancy patterns.

Considering spatial and temporal dependencies between building occupancy and

conditions on surrounding urban systems, this work proposes a modelling framework that
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comprehensively and flexibly accounts for such interactions. The framework is operationalised
by the means of a competing risk hazard model using implicit occupancy data inferred from
wireless (Wi-Fi) networks in the case study area. This approach has apparently not been
applied in this discipline so far and has capabilities exceeding those of the more conventional
approaches, e.g. MCMs. In particular, it can more easily incorporate multiple exogenous
variables simultaneously and allow insights into exogenous impacts on occupancy and thus
energy consumption. As an additional contribution, this work also presents and applies a

methodology of processing customarily available Wi-Fi data for occupancy modelling.

2. Literature Review

The review is structured to correspond to the three contributions of this work. Section 2.1
summarises studies related to interactions between human behaviour and factors originating
in urban systems. Section 2.2 comparatively discusses the applications of MCMs and hazard-
based models in occupancy modelling to date. Section 2.3 reviews different approaches to
implicit occupancy detection, including discussion of the challenges associated with the use
of Wi-Fi data for occupancy modelling in the present context. Section 2.4 summarises gaps in

existing studies and states the aims of this paper.

2.1 Review of human-environment interactions in building occupancy modelling

Occupant-centric building performance is a subject of improving building design and
operation through understanding how occupants interact with the building environment. Most
studies have considered effects of time and building characteristics on occupant behaviour
(Table 1). Studies that have incorporated the influence of external factors have been sparse,

often lacking a systematic and comprehensive approach.



Table 1 Summary of building occupancy studies

Author(s), Occupancy Emplrl_cal Exogenous variables Data sources ,
modelling . . Model performance metrics
year level modelled methodology considered considered
(2). Building (component,
properties, and location);
General Proposed DNAS (2).' Occupgnt (attributes,
Hong et al. energy-related framework which ?;;'tlfl.?riz (Iggatl\?vg’einsnztﬁ?ﬁth)- ) )
(2015) [5,6] occupant was tested in ' \day, ? d
behaviour obXML schema (4). Environment (climate an
weather);
(5). System (properties and state
of building facilities).
Page et al. Presence and . Movement :
(2008) [7] absence MCM Time of day SENSOrs Chi-squared test
Erickson etal. Wireless sensors
(2011) [8] Count MCM Time of day Jensen-Shannon test
and cameras
Wana et al Time of day and schedule;
(201% [9] ' Location  and Recommended but not Plots of maximum, minimum
count MCM incorporated possible influencing Work schedules and average  occupancy
factors (building type and size, counts.

geographic location and climate)




Normalised root-mean-square

Chen et al. o
. deviation (RMSD);
(2015) [10] Count MCM Time of day Cameras Kullback-Leibler (K-L)
divergence
Cameras, one
Adamopoulou . Time of day, day of week, season acoustic sensor Root-mean-square error
Count MCM; Semi-MCM ’ . ' . (RMSE) and normalised
et al. (2016) and zone correlations and one passive
) RMSE
[11] infrared sensor
Mean Absolute Error (MAE);
Wang et al. Markov based Wi-Ei probe, Mean Absolgte Percentage
(2018) [12] feedback recurrent _. cameras and Error (MAPE);
Count neural network Time of day environmental RMSE;
algorithm SeNnsors x-accuracy (one error metric
9 intended for assessing
occupancy modelling).
Wilke et al High-order Markov Time-use surve
" Activity Chain Survival Time of day Y Ten-fold cross validation

(2013) [13]

Analysis

data
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The effects of the local transport conditions have rarely been linked to occupant
behaviour in existing studies. The stochastic nature of an occupant transition is not only
naturally similar to traffic movements, but can also be similarly influenced by environmental
variables [14]. For example, Hong et al. [5] state that the location of the building relative to
busy roads is a potential factor, and should be considered to correlate with occupant behaviour
in future research. Oliveira-Lima et al. [15] used vehicle counts in the neighboured parking lot
to estimate building occupancy. While not establishing the causal relationship, the evidence
for correlation has pointed out that occupants used cars to travel to the building. Hence
disruptions on the road network, especially unexpected disruptions, could influence when or

even whether occupants arrived at the building, thus changing the occupancy patterns.

Another set of studies has linked occupant behaviour to events, including urban-scope
events which possibly affect occupants’ transitions between buildings (e.g. sports) or local
events which only lead to movements within one building (e.g. meeting). Roy [16]
demonstrated a causal correlation between special events or exhibits in a shopping mall and
the frequency of shopper visits. Ab Majid et al. [17] also found that the number of occupants
within malls greatly increases during the periods of seasonal sales. People movements are

also highly attracted by sports events and are independent on the location where they are [18].

Similar to the effect of events, the presence of retail stores also influences occupant
presence and absence. Retail outlets can exist in either a multi-purpose shopping cluster or
in an office building (e.g. a café). Rajagopal [19] found that buildings with recreational facilities
and stores lead to higher frequency of visits. In spite of the increasing popularity of e-
commerce, Cachero-Martinez and Vazquez-Casielles [20] discovered that people are still
willing to visit physical stores to experience the service. As people are sensitive to price, Roy

[16] points out the high degree of attractiveness of discount stores to ‘deal—-prone’ customers.

Occupants’ behaviour and locations are significantly associated with polices and
regulations [21]. The longer opening times of a store in a building attracts more visits to the
building [17] and could influence transitions within the building. Under the indoor smoking ban,

6
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smokers have been found to have higher frequency of indoor absence and higher rate of
leaving the space [22,23]. D'Oca et al. [24] found that educating occupants on energy saving
tactics can evoke the self-motivated management of their behaviours. This agrees with the
study by Stephenson et al. [21] which reports that people change their behaviour to respond

to the energy pricing mechanism.

Weather is another factor that has been used in some analyses of occupant behaviour
[6,9,25]. Parsons [26] observed decreasing shoppers during the period of high rainfall;
increasing occupants in shopping mall during the months of hot summer and cold winter.
Similarly, Eliasson et al. [27] found that air temperature and wind speed have significant
impacts on attendance in a place. Regarding the influence of geography, Stephenson et al.
[21] emphasised the effects of culture-dependent lifestyles on energy-related behaviour in
households. Fabi et al. [28] and D'Oca and Hong [29] also included habit, lifestyle, income,
household composition, age and gender as the potential drivers of occupant’s window opening
behaviour. Motuziene and Vilutiene [30] demonstrated a causal relationship between

occupants’ culture and the durations of working, eating and leisure.

Regarding the links between occupant behaviour and characteristics of the building itself,
space layout has been an accepted driver for modelling occupancy due to its description of
functional areas [31]. Building type and locations of facilities identify the range of activities
allowed in the given space and accordingly determine movement patterns [32]. Hong et al. [5]
additionally point out the considerable impact of building orientation (facade exposure to solar
radiation). A case study by Ab Majid et al. [17] has also revealed that architecture and interior

design significantly attract the frequency of shoppers’ visits.

Although the concept of an urban-level analysis has been discussed before by Zimring et
al. [32], Delzendeh et al. [33] and Happle et al. [34], incorporation of multiple driving factors
simultaneously in the modelling of building occupancy remains a novelty. In the previous
studies, time of day is the most frequently used covariate for modelling occupancy (see Table
1), due to its good performance in capturing the regularity of occupancy patterns. However,

7
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time of day is effectively a convenient proxy variable that represents broader societal dynamics
within urban spaces: typical work-day hours, business open hours, meal times or transport
network peak and off-peak periods. Hence variations in the urban environment within which
such dynamics exist are likely to affect building occupancy. Consequently, the existing
literature supports the need ready-to-operationalise modelling approaches that systematically
and comprehensively reflect the interactions, at different spatial and temporal scales, between
building occupancy and urban systems. The primary benefit of such modelling approaches
lies in their ability to better understand and forecast changes in the building occupancy
patterns (and hence energy consumption) due to changes in urban systems, including those

resulting from policy interventions.

2.2 Review of occupancy modelling methods

Various modelling approaches have been developed to simulate building occupancy
including MCM [7], logistic regression [35], agent-based approaches [36,37] and decision
trees [38]. Considering the popularity of MCM in modelling occupancy [4], it is used as the
benchmark in this paper. MCM is based on an assumption that the current state only depends
on the most recent past state. Generally, the state is defined as either the number of occupants
or the individual occupied location. The states can transit between the time steps, according
to the transition probability matrix, itself calibrated using empirical data. The earliest
application of generalised MCM was adapted by Page et al. [7] to model occupants’ presences
in single-person offices, depending on the time of day. With the good prediction for the
stochastic occupancy process, MCM was further expanded to address more complex scenario,
i.e. multi-occupant in multi-zone [8-10], with various specifications for improving modelling
accuracy [8,11,12]. While appealing, the MCM is challenging to operationalise when a need
arises to include multiple covariates and interactions between them. The other limitation
concerns absence of the inferential statistics associated with the calibrated parameters,

limiting the ability to understand external impacts from a statistical perspective.
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Another approach comprises survival analysis or Hazard-based modelling and is
designed to model the expected duration until a particular event occurs. With a wide range of
applications in epidemiology, engineering and economics, models of this kind have flexible
and transparent ways of incorporating the effects of covariates. However, survival analysis
has not yet been widely applied to model building occupancy. For example, the initial related
application of survival analysis was to characterise occupants’ actions with regards to opening
windows [25]. Wilke et al. [13] and D'Oca et al. [39] implemented survival models with Weibull
distributions to estimate the durations of intermediate absence and occupancy, while
occupancy-state transition modelling still relied on the MCM. As shall be shown in section 3.2,
it is possible to overcome this reliance on MCM by making use of the competing risk hazard
model to achieve a joint duration- and transition-choice modelling. This methodology has been
used to model the choice of activities and the duration of activity participation in transport
studies [40-42]. As will be shown in this paper, these models can also underpin the
operationalisation of building occupancy modelling, allowing for both interpretation of
covariates effects and the simulation of occupancy patterns. To the best of our knowledge,

this is the first independent application of hazard-based models (HBMSs) in this discipline.

2.3 Review of implicit data usages for occupancy modelling

Implicit occupancy data is collected from existing infrastructures, which can provide
information on occupancy despite not being designed to do so as the primary task [43].
Considering costs and privacy concerns, implicit occupancy sensing has seen increasing

research interest in the recent decade.

In the literature, CO, concentration data, which indicates indoor air condition,
demonstrates good performance in measuring occupancy [44—-46]. However, the lower spatial
and occupant resolutions of C0, data limit granularity in modelling outputs to room and count
level. Bluetooth Low Energy (BLE), itself based on the traditional Bluetooth but consuming
less energy, was adopted to detect more granular occupancy information [47-50].

Nevertheless, the data availability and quality may be affected by the occupant’s device, e.g.
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operating system (e.g. iOS and Android) and state of its Bluetooth (e.g. whether switched on
or not). Therefore, Park, et al. [50] applied a capture and recapture methodology, using limited
logs of Bluetooth connections to estimate occupancy profile for whole population in the
building. Overall, both sensing techniques still need extra installations or modifications for

collecting data and hence restrict their more universal application for occupancy detection.

In comparison, Wi-Fi occupancy detection has the lowest cost as it has no additional
requirements for either hardware and software installations. It is a promising single opportunity
for the broad monitoring of occupancy, given its wide availability and frequent use [12,51,52].
Despite its appealing nature, there is a lack of an authoritative guideline for collecting and
processing such data for modelling occupancy in either academic literature or industrial
applications. Pritoni et al. [51] describe the mechanisms for extracting occupancy information
in the common Wi-Fi systems and report current applications of Wi-Fi data in occupancy
sensing. Although detection errors (e.g. passing by detections) have been discussed in the
article, authors provide treatment strategies relying on coordination with manufactures. For
the time being, the data from existing Wi-Fi infrastructure still requires substantial data
cleaning methods to filter errors and obtain reliable occupancy information. However, most
efforts to date have neglected, or at least not described in detail, how to process Wi-Fi data
for occupancy modelling. For example, Martani et al. [53] and Balaji et al. [54] assumed Wi-Fi
short-term disconnections as rare events in the future and do not show any treatments. Other
studies alternatively used the active scanning technology, called Wi-Fi probe, to prevent
issues due to unstable connections [55,56]. However, its application needs probes to be
deployed, which is not always feasible as in our research context. More recently, Wi-Fi has
been tested to act as a Doppler radar [57,58], thereby removing the usual requirement for an
occupant to possess a Wi-Fi-capable device to be ‘visible’ in the data. Overall, it is clear that
Wi-Fi as a source of data for occupancy is a promising avenue for operationalising and

validating the modelling frameworks.
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2.4 Aims and significance

In summary, existing studies indicate that occupancy location could be driven by
surrounding urban systems and hence there is a need for an approach which integrates urban
dynamics into building occupancy modelling. Extracting occupancy inputs from Wi-Fi data still
lacks a standard procedure and method. Therefore, an approach capable of calibrating Wi-Fi

data is also needed.

The aim of this study is to propose an urban-system level framework to comprehensively
relate urban conditions with building occupancy. Under this framework, a competing risk
hazard model, which can incorporate exogenous variables and filter Wi-Fi connection data,
was used to model urban impacts on occupancy pattern and achieve prediction at least as
well as the MCM. The means of inferring occupancy profiles from Wi-Fi data is also presented

in detall in this paper.

3. Methodology

The following sections describe the urban-system level modelling framework, the HBM
approach, the development of the conventional discrete-time MCM, the case study description,
Wi-Fi data pre-processing and the performance metrics used to evaluate the two methods

(HBM and MCM) from the estimation, interpretation and prediction perspectives.

11
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3.1 The urban-system level modelling framework

—> -

Arrival Departure

Figure 1. An urban-system level modelling framework for occupant-environment
interaction

Considering the need to represent the aforementioned interactions between building
occupancy with both internal and external factors, we propose an urban-system level
modelling framework for occupant-environment interaction (see Figure 1). The building
occupancy, located at the centre of the framework, can interact with the surrounding urban
systems: transport, events, retail spaces, regulatory policy and energy. The interactions might
be further affected by weather and geography, and take place at a local (e.g. frequent absence
due to smoke-ban), at a district (e.g. late arrivals due to regional congestions) and even at an
urban range or beyond (e.g. big events impact building uses and transition patterns).
Examples of simultaneous effects from more than one sector are visualised as overlaps in
Figure 1. Overall, the interactions in the framework can be summarised as a function (Eq. (1))

of factors from the building envelope (denoted as BE) and urban environment:

Occupancy Duration and Transition = f(TS,E,RS,RP,W,G,BE) Q)

where

12
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TS represents the transport system, that involves the conditions of road, underground, water
and air traffic;

E represents events, that describe planned and organised occasions;

RS represents the retail system, reflecting retail store locations and operational details;

RP represents regulatory policy, i.e. local, regional and urban regulations and laws;

W represents external weather conditions, such as air temperature and rainfall;

G represents geography, including local topography, cultural habits and economic geography.

3.2 Hazard-based model formulation

This section describes the formulation of a HBM for building occupancy, including its
underlying functions and model specification, and the model estimation and simulation

approaches.

3.2.1 Basic formulation and model specification

HBM is a class of survival models, which relates the probability of state-end to its
duration. It uses a set of interrelated mathematical formulations to describe a random variable
t: probability density function (PDF, or f(t)), (cumulative) probability distribution (F(t)) and its
complementary survival function (SF or S(t) = 1 — F(t)) and hazard function (HF, or h(t)).
The HF is defined as the probability of an event taking place at time t given it has not taken

place before then, and is, given by,

_ . PEST<t+AUT =21t) _ f©®
h(t) = lim =50 2)

At—0 At

The probability that the state will end before time t is defined as the first integral of PDF from

Ototin Eq. (3).

F(t)=P(T<t)= jtf(t) dt 3
0

The SF, as a key function in the model, expresses the probability that the state has survived

until t,

13
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SW)=1-F@t)=P(T=t)= foof(t) dt

h(t)
4

3.5
2.5
1.5

0.5

(4)

Parameters (A=1)

(i) monotone decreasing:
a<l f=<1 or
azl <1 af <1

(i) monotone increasing:
a>1 B=1 or
a1l f>1af=z=1

(iii) unimodal:
a<l f>laf<1

(iv) bathtub shaped:
azl <1 af>1

Figure 2. Shapes of parametric hazard functions [59]

HBMs in applied contexts commonly consist of two components: the underlying

probability distribution (and hence the respective PDF, SF, HF) and equations that relate the

distribution’s parameters to exogenous covariates and their associated coefficients. Two

commonly used forms of HBM are the proportional hazard model and the accelerated lifetime

model, which both describe how hazard changes monotonically with duration. However,

monotonicity of hazard can be rather restrictive as an a priori assumption of potentially

complex human behaviour in the context of transitions within a building. A more flexible form

of HBM that can capture monotonic and non-monotonic hazard functions was proposed by

Dimitrakopoulou et al. [59], as shown in Figure 2. The shape and monotonicity of the hazard

function is controlled by two shape parameters a (>0) and £(>0), and a scale parameter 4

(>0), while the respective equations for the PDF, SF and HF are Eq. (5-7).

f(ta,p,2) = apath1(1+26F) " exp{1 — (1 + 2¢8)")

St a,B,1) = exp{l — (1 + ltﬁ)a}

14

(5)

(6)
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The formulation above considers only duration of staying in a zone. To incorporate
destination choice model, the model above is extended to incorporate the competing risk
hazard formulation [40]. In the current context, zones are modelled as if they competed against
each other as the next occupancy location. We assume that physical transitions from the same
origin are dependent (competing) and those with different origins are independent. The model
was specified to each transition (from zone a to zone b) and coupled with the generalised
formulations by Dimitrakopoulou et al. [59] to obtain the following PDF, SF and HF:

fa,b (t; ®Aabr Bap, Aa,b)

(8)
= aa,bﬁa,b/la'btﬂa'b_l(l + Aa,btﬁa'b)aa'b_l exp{l - (1 + /’{a,btﬁa'b)aalb}

Sab (t; Xa,b, ﬂa,b;/la,b) = exP{l - (1 + Aap tﬂa‘b)aa’b} 9)

fab(t:®apBaprap) _ _ agp—1
ha‘b (t; aa’b'ﬁa’b'la’b) = Szzgt:aZ:nﬁzZﬁZig - aa'bﬁa,b;{a,btﬁa,b 1(1 + Aa,btﬂa'b) a (10)

To incorporate the urban interactions with occupancy behaviour (duration of stay in a
zone and transition choice probabilities), exogenous covariates X were specified as the
exponential (to ensure positivity) of a linear-in-parameters specification of the function a as
Eg. (11). Covariates in the model can be generic X; , and transition-specific X; , , ;, depending
on whether the postulated effect occurs for a particular individual across all transitions or only
for a particular set of zonal combinations. The other shape parameter g was specified similarly
though only using a constant term (Eq. (12)) to ensure covariate parameters are identifiable.
Specifications of @ and § are largely interchangeable in this case, which means that including
covariates in § and constant terms in a will produce similar estimation results (though not the
same parameter values). The scale parameter A is fixed as one, because it is not identifiable

with other parameters at the same time.

15
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agp = exp(agpX) = exp| Ogqp + Z OrXi + z Ok +),abXiab,j (11)
k=1 =

Bap = exp(Bap) = exp(®o,ap) (12)
3.2.2 Model estimation

As we mentioned, all possible destinations have a competing relationship when the
individual changing their state makes the decision on destination. Therefore, when one
transition takes place, transitions to other possible destinations must be reflected as surviving
during the estimation. Data noise is handled (the details of the procedure are further
elaborated in section 3.5) by adding weights to duplicated records. Similarly, right censoring
was incorporated to deal with observations for which transitions were not observed until
midnight, when respondent identifiers were reset (due to privacy compliance, see section 3.5).
Gathering the above conditions and further assuming independence between individuals and
the transition-specific model to be the same across the sample (to facilitate estimation), it is

possible to define a log-likelihood function as follows (see Table 2 for full parameter notation):

LL(O, plt, X) =TI X4_1 T5_1 diq (1 - widia) {(1 -
dic) [di,a,b log (fa,b (ti,a,blxi,kin,a,b,j)) +(1—dyap) log (Sa,b (ti,a,b|Xi,k'Xi,a,b,j))] + (13)
dic log (Sa,b (tian |Xi,kin,a,b,j))}

which can then be used for parameter estimation using the maximum likelihood principle. The
estimation procedure was implemented in R and used the ‘optimx’ [60,61] and ‘Rccp’ [62]

packages.

Table 2 Parameters used in the formulation of HBM

Notation Description of variable

The time of state transition (zone change)
Origin zone (occupied zone)

Destination zone (next zone)

Sample size

The number of origin zones

I

16
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eo,a,b

O
Ok+),ab
(po,a,b
aa,b

ﬁa,b
Aa,b
Xik

X i,ab,j

fa,b
Sa,b

tiap

The number of destination zones

A constant term in a specific to transition from zone a to b

The k" coefficient of a generic covariate

The (K + j)** coefficient of a specific covariate

A constant term in S specific to transition from zone a to b

A shape parameter specific to transition from zone a to b

A shape parameter specific to transition from zone a to b

A scale parameter specific to transition from zone a to b

The k" generic covariate

The jt" covariate specific to transition from zone a to b, at the time when a
transition happens

PDF specific to transition from zone a to b

SF specific to transition from a to b

Duration (hour) until the occupied state ends

Dummy variable that represents the combination of occupied zone a and next
zone b

Dummy variable that indicates whether zone a is occupied for it" sample
Dummy variable that directs whether i sample lacks destination (di. = 0) or
not (d;. = 1)

Dummy variable that indicates whether it" sample has duplicated records
Weight to duplicated movement record

w; = 1/the number of duplication

3.2.3 Simulation using HBM

The HBM can be used to create a simulation process that can provide occupancy

distributions, given the conditions described by the exogenous variables. As the current

implementation of the HBM operates at the respondent level, the output of the simulation was

individual occupancy pattern, i.e. a set of durations of stay in zones and transitions between

them. The simulations for individuals were aggregated to obtain the occupancy profile as

predicted by the HBM.

17
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Figure 3. The workflow of HBM simulation for prediction
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Figure 3 depicts the workflow of the HBM simulation process. The process is initiated
from an individual’s first observed presence (obtained from empirical arrival times) to the end
of the day. This follows from the assumption that the initial state at the start of each individual
simulation can be obtained from separate arrival models, not considered in this study. The
simulation for each occupancy state consists of two parts: duration simulation and choice
simulation. As the start zone a is known, the occupancy duration can be derived from the time
of the next transitions out of zone a. Hence, the probability of the occupancy duration at zone
a is defined as Eq. (14):

B
P =1-]] Sia® (14)

Using a random draw, the above can be used to simulate occupancy duration t. in zone a.

To complement the above, the destination zone choice function was used to simulate
the destination. We assumed that transition was an instant process and the time when
occupancy ended was also the time when transition happened. From the Bayes’ theorem, it
is possible to observe that the probability of transition from zone a to zone b given that a
transition occurred at time t. (obtained from the duration model) is given by the probability of
transition from zone a to zone b over the past t. hours divided by the probability of transition
to any zone, shown as Eq. (15).

1—=S8;4p(t)

Pl(bl t= tc) =
g=1 (1 - Si,a,e(tc))

(15)

The estimated choice probability was then cumulated over all possible destination zones,
generating the cumulative probability distribution of transition, defined by Eq. (16). A random
draw from this distribution provided the simulated next occupancy zone.
Fb=bplt=t)= ) Pblt=t) (16)
b<bpn
Subsequently, the estimated duration and next occupancy zone were used to update

covariates for the simulation of the next state. The individual simulation was repeated until
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either an individual exited the building after 14:00 (assumed to leave for home) or the time
crossed 24:00 with an individual still within the building. Aggregation of simulated results for
individuals provided occupancy profiles for the building. The simulation for one workday was

run 100 times consecutively and randomly.

3.3 Markov Chain model formulation

A first-order discrete time MCM was implemented as a reference method to compare
against the proposed HBM. In this paper, states during the Markov process were zone-level
locations. Transition probabilities between state a and b are estimated by counting the

frequency of transitions in historical data [8]:

Nos an
P b — -
@ Zglea,e
B
> Pap=1 (19)
b=1

where N, , is the number of transitions from zone a to zone b in the training data. Eq. (18)
expresses the constraint of transition probabilities from the same origin a. Transition
probability can be specified to the time of day, which has been widely implemented in literature.
The time-specific probability is estimated by using historical data during the specific time

period. The estimated transition probability matrix is shown as:

(19)

Puy -~ Puy
Similar to the choice simulation process for HBM, a random seed generated from the uniform
distribution between 0 and 1 was compared with cumulative transition probabilities over
possible destinations. One difference from the HBM simulation is that, instead of using survival
functions to determine duration, ongoing occupancy at the next state is still characterised by

the transition probability P, , where a = b.
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3.4 Case study description

Our testbed, Imperial College Faculty Building, is a four-storey administrative building
in South Kensington Campus, London, UK. This building is made up of open plan offices,
individual offices and meeting rooms, capable of accommodating up to 350 employees. The
building has two entrances: the main access gate on level 1 and a minor rear entrance under

level 1 from the bike storage area.

ﬂ Zone 2 Zone 4
B M BT
R A
Zone 1 ? Zone 3
Imperial College Faculty Building Level 1 Level 2
V V Open Plan Office
‘ﬁ o8 o8 Individual Office/Meeting R
ndividua ice/Meeting Room
=n i =Ry (
Common Space (e.g. reception,
— I_—IO ; = I__L breakout zone, lift and staircase)
Zone 5 U Zone 7
® | Access Point
Level 3 Level 4

Figure 4. Real case study building and its layouts on each level

The occupancy data for calibrating the two models was harvested from the existing Wi-Fi
infrastructure of the testbed on dates between 28 April 2017 and 18 May 2017. This Wi-Fi
infrastructure only allowed for passive scanning and the default frequency of protocol scanning
was 10 minutes. Access points (APs) of the infrastructure worked as detectors for recognising
the existence of Wi-Fi equipped devices. Two APs were installed on each floor and totally
eight APs worked to support the wireless network for the whole building (see Figure 4).
Depending on the AP signal coverage, the space within the whole building was divided into 8
indoor zones and 1 ‘outdoor zone’ representing occupant absence in the building, which is

shown in Figure 4 as zone 9. The next section outlines the Wi-Fi data processing procedure.
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Figure 5. The spatial relationship between the case study building and the surrounding
urban system

To complement the occupancy data, exogenous covariates which are hypothesised to be
correlated with the shape parameters of the occupancy distribution in Eq. (11) were gathered
to describe the urban system (as shown in Figure 5) as well as the building envelope, in line

with the conceptual model in section 3.1:

e TS: The business of South Kensington underground station. South Kensington station
is the closest underground station to the testbed. Three lines in the station serve the
high travel demand at South Kensington. The transport covariate used was the ratio of
passenger flow at a given time to the maximum passenger flow in a sample in 2017

[63].
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E: London Farmer’'s Market at Imperial. This event takes place on every Tuesday
between 9:00 and 14:00, and offers fresh produce as well as takeaway lunch bites.
The time of the event was used as an independent variable.

RS: Senior Common Room (SCR) is a food retailer open to college staff and students
during lunch time of every workday (11:45-14:30). Its opening time was used as an
independent variable.

RP: Weekends and public holidays. This was represented with variables for the
weekends and one UK bank holiday during the data collection period.

W: External air temperature. The impact of weather was studied by including a variable
for the outdoor temperature (°C) which was extracted from Weather Underground [64].
BE: The time of day and the coverage of open plan offices. The time of day, as the
building variable in the temporal dimension, was defined in terms of work routine in
this case; the proportion of open plan area in each zone was a variable to reflect the

spatial impacts of building.

3.5 Occupancy data pre-processing

| 13.38%of |
| transitions |
Extract daily logs N Convert N Order data [, Insert state ‘absence’ N Data de-
from Wi-Fi protocol Unix time by ID into dataset duplication
A
Occupancy |, | Define <« | Remove (| Handle | | Estimate
profile censored data abnormal data missingness duration
[ 010%of | 1 3180%of : ! 15.70%of !
i transitons 1 1 transitons 1 ! transitions

Figure 6. The flowchart of data pre-processing
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As discussed in section 2.3, since Wi-Fi infrastructure is not designed to specifically
measure occupancy, it cannot be used directly for model calibration. Figure 6 presents

guidance showing how to process the raw Wi-Fi connection logs.

The raw data has been extracted using the Simple Network Management Protocol
(SNMP), which provided a database of devices connected to Wi-Fi networks in the building at
10-minute intervals, denoted by Unix date-time stamps. The initial step therefore was to
convert the Unix time to readable date and times and classify data according to those and the
anonymous IDs. For each individual, absences following early arrival in logs were considered
‘out of building’ (denoted as zone 9). After the above processing, the data clearly and

straightforwardly presented individual occupancy at each 10-minute time step.

The next steps focused on resolving record duplications that reflected as two different
APs (and hence zones) simultaneously associated to the same ID at a particular date-time.
The duplication likely resulted from either movement during the period of scanning the
connected devices as part of the SNMP. However, in the absence of further information
regarding order of visit, signal strength or physical proximity to APs, we assumed that the
zones had equal chance to be occupied by that respondent. In this case, the weight w; in the
log-likelihood function (recall Eq. (13)) was set to 0.5 (such weights could be adjusted if the
aforementioned information were available). With the duplicated data resolved, occupancy

duration for each state could be estimated as the difference between end and start times.

The next step concerned dealing with missingness in the data. This could result from
either transition being unrecognised during the temporal gap between the consecutive
connections scans due to the low frequency of scanning or from short-term disconnections
because of signal block in lifts or staircases. The former issue cannot be observed and
handled based on the available logs, as it would require an increased scanning frequency. In
contrast, the second issue was captured by short-term absence at specific time steps in the

dataset. The duration of real individual absence was assumed to be longer than 10 minutes
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while all 10-minute absences (15.70% of transitions in the dataset) were removed. All

absences with durations longer than 10 minutes were assigned to the out-of-building zone.

At the other end of the spectrum, observed abnormal durations longer than 960
minutes was the third issue to handle. The maximum 960-minute threshold was identified by
supposing that an occupant appears at the earliest time of security permission in the morning
and leaves at the latest permitted time in the evening. The longer durations could result from

stationary Wi-Fi items (e.g. printers) or left devices, which were deleted from the data.
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Figure 7. The empirical distributions of occupancy duration in each indoor zone

Another abnormal duration among the observations was the 10-minute duration in the
building, which formed 31.8% of all occupancy states (see Figure 7). The high proportion of
short-term occupancy could have been caused by the detection of building passers-by. In

other contexts, such records could reflect real occupancy for some quick activities, such as
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buying coffee. However, as this was unlikely in the current context, such observations were

removed from the dataset.

The last issue was about the right censoring that ID appears at a certain time and stays
until the end of the day. As respondent identifiers were reset every midnight for privacy
protection, it was unlikely to observe when and whether the censored ID left the building.
Therefore, we incorporated such data into survival models as shown in Eq. (13). Following the
data pre-processing, the final sample used for model estimation was made up of 27,286

transitions out of which 28 (0.10%) were censored and 3651 (13.38%) were duplicated.

3.6 Performance metrics

The modelling performance of the HBM and MCM were evaluated from four
perspectives: transition probability distribution, covariate interpretation, occupancy count and
duration prediction. The estimated transition probabilities by two baseline methods (with only
constant terms) were compared to indicate the advantages of HBM in capturing more complex
information with the ‘new’ dimension of duration. The interpretability of HBM, which is limited
with MCMs, enabled reflections on the external impacts on occupancy duration and transition.
The estimated coefficients reported the relative importance of those variables in influencing
occupancy patterns in the testbed. The occupancy prediction was validated in future unseen
data during workdays between 19 May 2017 and 25 May 2017. 100 runs of simulation were
done for each day using each model, using the empirical arrival data. The average of the 100
occupancy-count outputs was the result for accuracy validation. The precision of prediction

was validated through all of the simulation results.

The accuracy of prediction was evaluated using four metrics: root-mean-square error
(RMSE), normalised root-mean-square error (NRMSE), Kolmogorov—Smirnov (K-S) test and
Kullback-Leibler (K-L) divergence. RMSE and NRMSE were used to measure differences
between predicted mean occupancy counts and observed occupancy counts. The RMSE and

NRMSE applied in the validation were defined as:
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RMSE = \/ 144

RMSE (21)
Q1-Q3

NRMSE =

where Q1 and Q3 are perspective values at the 25" and 27" percentile. The K-S and K-L tests
evaluated similarity of distributions of the observed and predicted durations. Lastly, we also
provided percentage of time periods for which observed occupancy counts belong to the

ranges of predictions at 95% and 99% confidence level.

4. Results and Discussion

4.1 Comparison of transition probability distributions

Comparison between the MCM and HBM with respect to the distribution of the
transition probabilities requires plotting of the underlying PDFs. However, a PDF underlying a
HBM parameterised using covariates will also depend on those covariates, themselves being
particular to the circumstances they reflect. Hence for the purpose of demonstrating how the
HBM captures more complex duration-dependencies in the transition distributions when
compared to the MCM, we use the example of a baseline HBM which includes only constant
terms. This ensures that the model does not vary across the sample, while still reflecting the

postulated flexibility.

— Hazard-based Model - - Markov Chain Model

Transition 2-5 Transition 1-3
0.0201 0.0201
0.0154 0.015-
fa a ]
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0 200 400 600 800 1000 1200 1400 0 200 400 600 800 1000 1200 1400
Duration (minute) Duration (minute)

Figure 8. PDFs of duration times by baseline HBM and homogenous MCM
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Two typical distributions of occupancy duration, which is also the probability of
transition happening, estimated by two models are shown in Figure 8 (the estimated
parameters of the baseline HBM and the transition matrix for the MCM are reported in Table
A.1 and Table A.4). As expected, the results reflect that while the MCM assumes an underlying
uniform probability distribution of transitions across time (given the constant transition matrix),
the HBM relaxes this assumption. In other words, the inspection of estimated baseline HBM
parameters reveals that most transition probabilities, as computed using Eqg. (8), have
unimodal distributions while the remaining are monotonic decreasing, which can be seen in
Table A.2. For the unimodal distributions, this means that probability of transition increases
until the peak (mode) at between 60 to 120 minutes, and falls afterwards. Inclusion of
covariates will alter shapes of those distributions, reflecting impacts of the circumstances on

occupancy behaviour.

4.2 Exogenous impacts on duration and transition in the HBM

Inclusion of covariates in the HBM allows us to reflect the impact of various
circumstances on occupancy behaviour while also providing insights into the determinants of

such behaviour, through parameter interpretation.

Table 3 The estimation results of the HBM with urban framework variables (sample
size 1=27,286)

: Indoor zonal Leaving the Entering the
Covariate " . S
transitions building building

TS:

The crowding o_f the nearest 0.226% .0.022 -0, 25 4%k
underground station
E:

Tuesday Farmer's Market 0.056 -0.036. -0.092**
RS:

Senior Common Room 0.190* 0.047 0.376%
Lunch time
RP:

Weekends and public 0.010
holidays
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W:

External air temperature (°C) -0.110 0.825*** 0.955***
BE:
The ratio of open plan office
to the total area of origin zone -2.918™
Time of day, reference time:
20:00 — 07:00 (workdays) 0 (fixed) 0 (fixed) 0 (fixed)
07:00 - 09:00 (workdays) -0.080 -0.088* -0.006
09:00 - 11:45 (workdays) 0.213* 0.141%** 0.218***
14:30 - 16:00 (workdays) 0.453*** 0.507*** 0.468***
16:00 - 18:00 (workdays) 0.309* 0.531*** 0.194*
18:00 - 20:00 (workdays) -0.931* 0.453*** 0.331**

Goodness of fit
The log-likelihood of baseline model: -56444.884
The loglikelihood of specific covariate model: -55679.265

*¥*xp < 0.001 **p < 0.010 xp < 0.050.p < 0.100

Table 3 presents the estimated coefficients of exogenous variables alongside the goodness
of fit. The final log-likelihood value of the models with covariates and without (baseline) are
respectively -55679.265 and -56444.884. Likelihood ratio test shows that the test statistic
(1531.238) with 29 degrees of freedom is much larger than the critical chi-squared value
(49.588) at the 99% confidence level. It demonstrates that the model with exogenous

covariates has a statistically significantly better fit.

a. Transition from outdoor to zone 1 b. Transition from outdoor to zone 1
with tube station business (covariate) with external temperature (covariate)

Figure 9. Example plots of transition probabilities respectively against transport and weather

covariates
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a. Transition from outdoor to zone 1 b. Transition from outdoor to zone 1 c. Transition from indoor zone 1 to 2

during Farmer's Market during SCR lunch period during the period 18:00-20:00
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Figure 10. Example plots of transition probabilities before and after respectively adding

event, retail and time covariates
With respect to interpreting coefficients, positive values indicate higher rate of
transition hence shorter expected duration of occupancy within a zone and vice versa. The
three-dimensional plots in Figure 9 display examples of how transition probabilities are
simultaneously affected by duration and exogenous continuous variables (i.e. crowding of tube
station and external air temperature). Figure 10 shows effects of exogenous binary variables
(i.e. Farmer’s market, SCR lunch and time of day) on transition probability in two-dimensional

spaces.

The coefficients associated with the crowding of the nearest underground station suggest
a higher rate of transition within the building and a lower rate of entrance to the building as the
passenger flow increases. The former might indicate an increased circulation in the building
around peak times. The latter association could reflect the impact of station congestion on
arrival rate to the building. It is also possible that the coefficient captures the effect of increased
congestion at the station that follows end-of-day departures from the nearby buildings,
including the case study building. It is unlikely, however, due to the relative size of the building
occupancy to the station flows that there is a substantial impact of the case study building on
the station congestion. Nevertheless, this points out the possibility of converging transport

modelling and building occupancy modelling to calibrate modelling accuracies in both domains.

With respect to event variable, we only observed a negative impact on the transitions

to inside, which could indicate flatter profile of returns to the building, possibly as some
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occupants could choose to visit the event. As for the SCR lunch, we observed that occupants
are more likely to move within the building and enter the building when the food retail opens.
This is not surprising, as at lunch time people would tend to have breaks and move around
the building more, to access facilities (e.g. kitchenettes), though for shorter periods. We also
observed higher rates of entering the building (see Figure 10b), which could indicate returns
from lunch break but also from earlier, morning commitments with lunch time as a natural
break point. This interpretation would also help explain why a similarly statistically significant
effect on transitions outside was not observed. In terms of the positive coefficients associated
with external temperature, we observe that occupants are more likely to make transitions
between the building and the outside with warmer weather. This would be expected given the
period of study (April-May) and public preference for going outside during warm weather in

the UK.

When it comes to the building characteristics, the coefficient of open plan office reflects
fewer transitions from the zone and longer occupancy duration with a larger ratio of open plan
office. It suggests the open workplace satisfies most occupants in this case and hence there
is no need for retrofitting the interior design. In contrast, the higher transition rate from the
zone with the larger open area might indicate frequent movement of occupants due to noise
disturbances. The open workplace is just one example of covariates representing effects of
building layout on occupancy behaviour. In future implementations, more building
characteristics could be calibrated in the model and then the estimated coefficients provide

building designers with design and refurbishment suggestions.

These observations from estimation results highlight the need for and help further
incorporation between urban-based modelling and building modelling. From the perspective
of behaviour, occupancy preferences reflected by the estimation results could be used for
assessing the popularity of surrounding systems and the need for developing activities within
the campus. In building and energy domains, the parameterised determinants of occupancy

and transition demonstrate how the use of building space changes with various urban
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conditions and then indicate the dynamic pattern of occupancy-related energy uses (e.g. plug
loads) within the building. At the urban level, analysing various building occupancies under
different surrounding conditions could help urban planners design or retrofit cities for energy

efficiency.

With respect to the time of day dependency, we observe that as compared to the reference
period (between 20:00 and 7:00), the rate of transitions into and within the building between
7:00-9:00 is not significantly different. However, there are slightly fewer transitions out of the
building, likely reflecting this to be conventional arrival times. We also observe that transitions
within the building decrease between 18:00 and 20:00, possibly showing people’s tendency
to stay focused to finish up their tasks. At other times, transitions are more frequent than during
the reference period which reflects general activity during the building working hours as
compared to the reference period. These temporal parameters evaluate business schedule of
the building, which can be used for adjusting the operation schedule of building management

systems (e.g. HVAC and lighting).
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4.3 Comparison of full HBM and time-inhomogeneous MCM performance in

occupancy prediction

— Hazard-based model -- Markov Chain model < Observation
Zone 1 Zone 2
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Figure 11. Mean occupancy profiles (5 days, subsequent to the estimation dates) of the
full HBM (blue solid) and time-inhomogeneous MCM (red dash) for each building zone as
compared to the observed Wi-Fi counts.

The mean occupancy-count profiles considering five days of validation data and for
the indoor zones (zones 1-8) as predicted by the full (inclusive of covariates) HBM and the
time-inhomogeneous MCM are shown in Figure 11. It can be seen from this figure that except
for zone 7, all zones have similar occupancy profiles with two peaks and a local reduction
around noon. The occupancy profile of zone 7 has the lowest occupancy-count and looks
stable without obvious changes during the lunch time. This difference could be due to the

different features of occupants: zone 7 at the top of building where most of the senior staff are
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1 based. As they occupy individual offices instead of open plan workplaces, the number of
2 occupants is relatively low as compared to other zones. Occupants of those offices might also
3 have a substantial number of external commitments, which reduces their presence and hence
4 the lunch-time patterns observed elsewhere.
5 Considering matches between predicted counts and observed Wi-Fi counts, both
6 models do well to capture the increasing occupant numbers during the morning arrival;
7  predictions of the MCM for the decreasing trend during the period of afternoon departure are
8 fairly closer to the observed Wi-Fi counts. Whereas, the full HBM makes better predictions as
9 compared to the time-inhomogeneous MCM for zones 1, 3, 4 and 6 regarding the occupancy
10 between arrival and departure times; while both methods perform similarly for zones 5 and 8.
11 The HBM performs worse in zone 2, possibly due to the high proportion of noise caused by
12  the presence of the main building entrance. Specifically, the relatively large reception area in
13  zone 2 may attract lots of passers-by detections and hence short-time occupancy for waiting
14 or guest logging. The removal of the 10-minute occupancy observations as part of the data
15  pre-processing may have caused the transition probability distribution to skew towards the
16  longer duration.
17  Table 4 Performance metrics for evaluating the accuracy of two methods
- K-L
RMSE NRMSE K-S statistic ,
divergence
Baseline Baseline
Zone HBM HBM MCM HBM HBM MCM HBM MCM HBM MCM
1 3.328 2.196 2.405 0.316 0.227 0.239 | 0.210 0.386 | 0.272 0.689
2 6.092 6.158 2.760 0.565 0.590 0.343 | 0.209 0.297 | 0.301 0.505
3 3.473 2.589 2.703 0.307 0.251 0.264 | 0.212 0.403 | 0.273 0.653
4 4.753 3.416 3.852 0.442 0.350 0.389 | 0.219 0.346 | 0.335 0.525
5 2.342 2.082 1.948 0.257 0.251 0.220 | 0.190 0.372 | 0.280 0.620
6 4.178 2471 3.727 0.335 0.222 0.296 | 0.189 0.355 | 0.291 0.594
7 2.335 2.305 1.526 0.386 0.413 0.264 | 0.213 0.385 | 0.258 0.698
8 2.560 2.500 2.023 0.285 0.297 0.226 | 0.196 0.357 | 0.233 0.547
18 The results of formal performance evaluation for the HBM and the MCM are shown in
19 Table 4. In line with observations from Figure 11, the RMSEs and NRMSEs of the two models
20 indicate that the full HBM does well to capture occupancy counts in zone 1, 3, 4 and 6, and
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1  the time-inhomogeneous MCM outperforms the full HBM for the rest of the zones. The
2 improved RMSEs and NRMSEs of HBM when adding urban covariates demonstrates the
3 usefulness of integrating urban systems impacts into building occupancy models. We also
4  observe that urban covariates greatly help improve occupancy-count predictions for zones in
5  which the full HBM outperforms MCM. These findings might suggest that occupants on the
6 lower floor of the building are more sensitive to impacts reflected in the covariates. This could
7  be related with more flexible work schedules allowing them to more easily move around the
8 building and outside as compared to occupants of zones 5, 7 and 8, which host offices of more
9  senior staff with possibly less flexible but also more diverse agendas. However, in absence of
10 further data covering these aspects, exploration of these factors is suggested as a direction of

11 future study.

— Hazard-based model -- Markov Chain model ¢ Observation

Zone 1 Zone 2
1.00 1.00
s e
© 0.25 © 0.25
0.00 0.00
0 500 1000 1500 0 500 1000 1500
Duration (minute) Duration (minute)
Zone 3 Zone 4
1 00 Tl Tl s i st ] D 1 OO Tl Dt e ks ks b ] Lt T
s o
© 0.25 e 0.25
0.00 0.00
0 500 1000 0 500 1000 1500
Duration (minute) Duration (minute)
Zone 5 Zone 6
1.00 1.00
p 075 w 075
00.50 00.50
0.25 0.25
0.00 0.00
500 1000 1500 0 500 1000 1500
Duration (minute) Duration (minute)
Zone 7 Zone 8
1.00 1.00
w 0.75 w 075
0050 0050
0.25 0.25
0.00 0.00
0 500 1000 1500 0 500 1000 1500
Duration (minute) Duration (minute)

Figure 12. The CDFs of duration estimated from Wi-Fi connection logs, modelled by the
full HBM (blue solid) and the time-dependent MCM (red dash)
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The results of the K-S tests indicate that from the statistical standpoint, all simulated
duration distributions differ from the observed distributions. However, those tests tend to be
very rigorous and might be too conservative for evaluating the performance of models of
complex behaviour. Looking comparatively at the K-S statistics for the HBM and MCM in Table
4, we observe that in general the HBM outperforms the MCM in reflecting the occupancy
duration distributions. This is also confirmed in Figure 12 as well as in the K-L divergence tests
which quantify the distance between simulated and observed distributions. It is also found that
divergence of the HBM for zones 2 and 4 are higher than that for other zones, which can be
the reason for the significant overestimation of occupancy counts in Figure 11. Recalling the
empirical distributions in Figure 7, those two zones have the highest proportion of 10-minute
occupancy durations. Removing these data might have resulted in missing some real 10-
minute occupancy states biasing the duration and occupancy-count predictions. This finding
suggests the urgent need for developing methods of more effective filtering of passers-by

observations while retaining the real occupant observations.

One potential limitation of the continuous-time full HBM in duration prediction is the
treatment of changes in exogenous variables after the prediction process for each occupancy
state. In its conventional form, as presented in the current paper, the expected occupancy
duration is predicted by considering exogenous factors at the start of the occupancy. In reality,
the occupant’s decision can be influenced by the environment at any moment. For instance,
the HBM simulation may predict a long duration outside given the high external temperature.
But it would not take into account changes in the temperature during that stay, instead
considering the temperature again only at the point when the expected outside duration ends.
This issue could be particularly severe for long episodes and rapidly changing covariates. In
this study, relatively high proportions of shorter durations in the sample (see Figure 7) and
slow changes of exogenous variables over time jointly lead to fewer biases in duration
predictions. However, this approach should be cautiously applied to cases with a sudden

change in the surrounding environment, e.g. sudden congestion due to an unexpected traffic
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1 incident. In future implementations, upper limits might be incorporated to restrict the
2 overestimation of duration. Alternatively, dynamic HBMs [65] may be used at the cost of

3 additional complexity.
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Figure 13. The intervals of predicted occupancy count at three specific time points as
compared to the observed Wi-Fi counts (OBS)
4 To complement the performance accuracy analysis above, we also analysed precision

5 of the simulated results. In particular we looked at how narrow the occupancy-count profiles
6 were in 100 simulations of each workday. To that end, Figure 13 displays ranges of predicted

7  occupancy for eight zones at 10:00, 15:00 and 17:00. In the time slice, the outer horizontal
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lines and inner horizontal lines respectively represent the boundary of occupancy interval at
99% confidence and 95% confidence. Overall, most slices are able to capture the observed
Wi-Fi counts but MCM generally produces the narrower range of occupancy counts for most
zones at those three times. HBM performs better at 10:00 as 95% of observations fall in their
prediction intervals at 99% confidence as compared to 83% by MCM. At 15:00, both methods
do well to capture the observed Wi-Fi counts at 99% and 95% confidence, though MCM
appears to slightly outperform the HBM. At 17:00, both models perform weaker than the earlier
predictions. Although most observations are within the predicted intervals, they are skewed
towards the boundary.

Table 5 The percentage of time slice which contains the observed value at 95%

confidence and 99% confidence

95% confidence 99% confidence
Zone

HBM MCM HBM MCM
1 90% 90% 94% 93%
2 81% 80% 88% 84%
3 86% 85% 90% 90%
4 76% 75% 83% 82%
5 84% 85% 88% 89%
6 80% 74% 87% 79%
7 67% 67% 72% 74%
8 84% 88% 89% 91%

Finally, we also looked at how many of the simulated confidence intervals for the 144 time
points per day captured the observed Wi-Fi counts in the validation dataset (see Table 5). The
results in this table suggest that the HBM is more likely to predict more true values across the
entire week for zones 1-4 and 6. With respect to zones 5, 7 and 8, though the MCM performs

better, both methods have similarly good performance with a difference of no more than 4%.

4.4 Summary of findings

As discussed above, the HBM has remarkable advantages over the MCM in capturing
duration dependence and exogenous impacts, helping gain insights into the interactions
between building occupancy and surrounding conditions. The estimation results of the HBM
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confirms the significance of time variables which have been widely used in past studies, as
well demonstrates that proposed urban variables (i.e. transport, retail, events, building and

weather) make statistically significant contributions to fitting occupancy models.

The significant covariates show that building occupancy is linked to the activity of local
urban environment such as different retail stores, the transport network and microclimate. As
occupancy is a significant driver of building energy use, the incorporation of an urban-aware
occupancy model allows designers to consider how the location of a building in the urban
environment can affect its energy usage. This understanding could translate into more energy
efficient design and operation by accounting for how occupants will use the space considering

the context of their urban environment.

The prediction difference between the two methods is small for this case but it could be
much larger for buildings with more dynamic occupancy. The reason for this could be that
office buildings have fairly stagnant occupancy profiles. Even though they have similar
performance, we observed that the HBM produces relatively better predictions for zones which
have more occupants with flexible work agendas, who could be significantly driven by
exogenous factors. In contrast, the MCM slightly outperforms in simulating occupancy with

fixed work agendas.

5. Conclusions

In this paper, we propose an urban-system level framework conceptualising the
interactions between building occupancy and urban systems. We demonstrate how the
framework can be operationalised using a competing risk hazard model, incorporating Wi-Fi
connection logs, to analyse the occupancy of Imperial College Faculty Building in April-May
2017. A time-inhomogeneous discrete-time MCM was also implemented as the reference
method. Comparing the performance of the two models, we identify three key findings. Firstly,
the proposed HBM model, which combines duration modelling and transition-choice modelling,

is capable of capturing the observed transition probability distribution in the duration dimension
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as opposed to the stationary distribution assumed in the Markov Chain approach. Secondly,
the proposed model operationalises the framework variables in a convenient and flexible way.
The estimated coefficients support the strong associations between time of day and
occupancy, as well reflect the importance of external covariates in influencing occupancy
duration and transition. Thirdly, the proposed model performs better in predicting occupancy
patterns which are sensitive to external impacts. Overall, the satisfactory performance of the
proposed model suggests that it is a useful tool as an alternative and even an upgrade of the

conventional MCM.

Whilst this work is a significant contribution towards independently using the competing
risk hazard model to address building occupancy modelling, some issues still exist for further
implementations and improvements. The imperfect match between individual trajectory and
device trajectory is an issue to handle, for developing an extra value of Wi-Filogs in occupancy
inference. Especially, it was found that a certain proportion of passers-by data in this case
could affect the prediction performance. Thus, there remains the need for studying how to
effectively filter Wi-Fi data for measuring occupancy. Moreover, this paper only explores the
impacts of several urban covariates as a preliminary test of external importance. Future work
should, therefore, include more external variables to broadly evaluate urban influences on
building occupancy and enhance accuracy and precision of occupancy prediction. The next
intended step is also to link the proposed model to building energy models, in order to evaluate

how it can improve modelling and possibly reduce building energy consumption.
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6. Appendices

Table A.1 Estimated constants for a« and g parameters in the baseline HBM

(7] Zonel Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 Zone 7 Zone 8 Zone 9
Zone 1 - -1.418***  -5139***  -3.765***  -4.624**  -3.863**  -4.476**  -3.875***  -0.591**
Zone 2 -1.238*** - -4.373%*  -2.791%*  -4.101**  -3.688** = -5056***  -3.285%**  -0.447**
Zone 3 -4 555*%* .3 2Q7 *k* - -1.879%*  -3.294%**  .2.048***  -4.891**  -3.670***  -0.436***
Zone 4 -3.430%**  -2.481**  -1.380*** - -3.785%**  -1,732%*  -6.098***  -3.262**  -0.569***
Zone 5 -4.243*%*  -3,689%*  -3,205%**  -3.411*** - -1.761**  -5.015***  -3.604**  -0.496***
Zone 6 -4.244%%* 2. 874%*  _3,056**  -2,153***  -1.767*** - -4.046***  -2.095***  -0.553***
Zone 7 -4.165%**  -3.291**  -4.256**  -4538**  -4.310%**  -3.111*** - -1.438***  -0.408***
Zone 8 -3.790%**  -2.684** 777 3527 -3,928**  -1.874** -1 755%* - -0.404***
Zone 9 -1.952%%*  _1.843%*  -1,682%* .2 0653**  -1.964***  -1.861***  -2.047**  -1.882*** -

P Zone 1 Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 Zone 7 Zone 8 Zone 9
Zone 1 - 0.462%* 0.281 0.725*** 0.709*** 0.435** 0.600** 0.701*** 0.386***
Zone 2 0.455*** - 0.323 0.602*** 0.645*** 0.773*** 0.921** 0.654*** 0.421***
Zone 3 0.866***  (0.868*** - 0.586*** 0.575*** 0.636*** 0.883*** 0.546*** 0.290***
Zone 4 0.486***  0.618*** 0.427*** - 0.581*** 0.604*** 0.939. 0.552*** 0.424***
Zone 5 0.621***  (Q.770*** 0.498*** 0.742%+ - 0.474%** 0.661* 0.574*** 0.286***
Zone 6 0.407* 0.589*** 0.556%** 0.504*** 0.529%** - 0.530*** 0.524*** 0.417***
Zone 7 0.598*  0.611*** 0.700*** 0.776** 0.484* 0.540*** - 0.427*** 0.338***
Zone 8 0.829***  (0.856*** 0.908*** 0.782%* 0.878*** 0.625*** 0.538*** - 0.416***
Zone 9 0.513**  0.623*** 0.473*** 0.654*** 0.507*** 0.530*** 0.512%** 0.477** -

**xp < 0.001 *xp <0.010 *p <0.050.p <0.100
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Table A.2 Estimated distribution shapes for transition-specific baseline HBMs

Zonel Zone 2 Zone 3 Zone 4 Zoneb5 Zone 6 Zone 7 Zone 8 Zone 9
. monotone . . . . . .
Zone 1 unimodal . unimodal unimodal unimodal unimodal unimodal unimodal
decreasing
. monotone . . . . . .
Zone 2 unimodal . unimodal unimodal unimodal unimodal unimodal unimodal
decreasing
Zone 3 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
Zone 4 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
Zone 5 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
Zone 6 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
Zone 7 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
Zone 8 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
Zone 9 unimodal unimodal unimodal unimodal unimodal unimodal unimodal unimodal
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Table A.3 Estimated constants for a and g parameters in the full (inclusive of covariates) HBM

7N Zone 1 Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 Zone 7 Zone8 Zone?9
Zone 1l - 0 (fixed) -3.723%*  -2.344**  -3.204** -2.446** -3.058** -2.455** (.890***
Zone 2 | -0.730%*** - -3.864**  -2.280***  -3.591** -3.077** -4.544%* -2.776**  0.101
Zone 3 | -3.346** -2.077*** - -0.671%*  -2.088*** -1.741** -3.682** -2.466*** (0.819***
Zone 4 | -2.902** -1.947** -0.846*** - -3.256***  -1.200*** -5563** -2.734***  (0.032
Zone5 | -3.470%* -2.812%* -2 434*%* -2 637+ - -0.987**  -4.241** -2.833** (.319***
Zone 6 | -3.902** -2,529%* 2. 711¥*  -]1.809** @ -1.421%* - -3.702%*  -1.751%** 01 4:3***
zZone 7 | -3.542%* -2.667** -3.633*** -3.914**  -3.690%* -2.489** - -0.810***  0.254***
Zone 8 | -3.756** -2.648*** -3.742**  -3.493**  -3.894** -] 839%* -1.72]1%* - 0.33-6***
zZone 9 | -2.184** -2.076*** -1.814**  -2.282** -2, 197** .2,092%* .2280%* -2,115%** -

) Zonel Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 Zone 7 Zone8 Zone?9
Zone 1l - 0.479%** 0.294 0.739***  0.723**  0.449**  0.614**  0.716*** 0.428***
Zone 2 | 0.464*** - 0.329 0.610***  0.652***  0.780***  0.928**  0.661*** 0.451***
Zone 3 | 0.882**  0.886*** - 0.607***  0.592**  0.653*** 0.900***  0.562*** (0.340***
Zone 4 | 0.507**  0.641***  (0.452*** - 0.603***  0.630*** 0.961. 0.573**  0.463***
Zone5 | 0.640*** 0.789***  0.517**  0.762*** - 0.496**  0.680**  0.593** (.326***
Zone 6 0.423**  0.605***  0.572**  (0.521**  (0.548*** - 0.546**  0.542*** (0.453***
Zone 7 0.616**  0.629***  0.719**  (.793*** 0.501* 0.558*** - 0.452***  (0.394***
Zone 8 | 0.842** 0.870** (0.921**  0.796**  0.892**  0.641**  (0.554*** - 0.447***
Zone 9 | 0.534** 0.645**  0.495***  0.675***  0.529**  (0.552***  (0.532**  (0.498*** -

*xp < 0.001 *xp <0.010 *p <0.050.p £0.100
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Table A.4 Estimated transition probability matrix in the MCM

Zonel Zone?2 Zone3d Zone4 Zoneb5 Zone6 Zone7 Zone8 Zone?9

Zone 1 0.927 0.013 <0.001 0.001 <0.001 <0.001 <0.001 0.002 0.054
Zone 2 0.022 0.901 <0.001 0.004 0.002 0.002 <0.001 0.003 0.066
Zone3 <0.001 <0.001 0.918 0.009 0.003 0.008 <0.001 0.002 0.063
Zone 4 0.002  0.004 0.020 0.902 0.002 0.015 <0.001 0.003 0.052
Zone5 <0.001 <0.001 0.004 0.001 0.927 0.011 <0.001 0.002 0.053
Zone 6 0.001 0.002 0.004 0.008 0.010 0.913 <0.001 0.010 0.052
Zone 7 0.001 <0.001 0.001 <0.001 <0.001 0.002 0.918 0.015 0.061
Zone 8 0.002 0.004 0.002 0.001 0.002 0.011 0.012 0.905 0.062
Zone 9 0.010  0.009 0.014 0.007 0.009 0.009 0.008 0.010 0.924
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