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Numerous studies on Space Syntax and Evidence-based Design explored
occupancy and movements in the built environment using traditional methods for
behavior mapping, such as observation and surveys. This approach, however, has
majorly focused on studying such behaviors as aggregated results -totals or
averages- to corroborate the idea that people's interactions are outcomes of the
influence of space. The research presented in this paper focuses on capturing
human occupancy with a high spatiotemporal data resolution of 1 sq.ft per
second (0.1 sq.mt./s). This research adapts computer vision to obtain large
occupancy datasets in a hospitalization setting for one week, providing
opportunities to explore correlations among spatial configurations, architectural
programs, organizational activities planned and unplanned, and time. The vision
is to develop new analytics for building occupancy dynamics, with the purpose of
endorsing the integration of a temporal dimension into architectural research.
This study introduces the ``Isovist-minute''; a metric that captures the relationship
between space and occupancy, towards a point of interest, in a dynamic sequence.

Keywords: Spatiotemporal Occupancy, Occupancy Analytics, Occupancy
Patterns, Building-Organizational Performance, Healthcare Settings

CAPTURING AND ANALYZING SPA-
TIOTEMPORAL OCCUPANCY
The built environments concept encompasses sev-
eral aspects beyond the traditional three spatial di-
mensions. It acknowledges its social logic, incor-
porating the complexity of spatial configuration as
well as its embedded social purposes (Hillier 2007).
Unfolding this definition, the built environment in-
cludes spatial aspects, such as the layout dimensions
and the geometrical configuration, as well as non-

spatial aspects, such as building program, organi-
zational activity programming, and human behavior
over time, considering human behavior not as ac-
tions that merely occur but as an attribute of the
built environment. Activities such as walking, con-
gregating, dispersing, communicating, and interact-
ing create patterns of people distribution in space,
influenced by spatial and non-spatial built environ-
ment’s dimensions, which in turn are alteredby those
patterns. “Spaces are qualified by actions just as ac-
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tions are qualified by spaces” (Tschumi 1996, p.130).
This paper is situated in the interplay of the afore-
mentioned spatial and non-spatial dimensions of a
building setting, and proposes a set of techniques to
capture and analyze one aspect of human behavior:
occupancy, with the purpose of demonstrating the
value of behavioral related metrics.

For several decades, numerous studies on the
areas of Space Syntax and Evidence-based Design
(EBD) in Architecture have focused on movements
and occupancy in the built environment (Alexander,
1977; Hillier, 1989; and Zimring, 2004 among oth-
ers). This approach has majorly focused on studying
such behaviors as aggregated results, counting to-
tals or averages to corroborate the idea that people’s
interactions are outcomes of the influence of space
(Bafna, 2003), but disregarding the temporal charac-
ter of building occupancy, in particular with a high
spatial and temporal resolution. Specific questions
addressed in the aforementioned studies, such as
how movements are displayed in specific spatial set-
tings; how occupancy is distributed in specific spa-
tial configurations; or how spatial characteristics cor-
relate with such behaviors, may be attributed to the
challenges faced when trying to collect occupancy
data of high temporal-and-spatial resolution. It is
common to see the use of traditional methods, such
as observation and manual mapping, which is very
accessible since they rely on human abilities. How-
ever, other methods recently matured into commer-
cially available tools, such as Computer Vision or the
use of Wearables, offer a remarkable opportunity for
collecting occupancydata of high spatial and tempo-
ral resolution.

The importance of obtaining high spatial-and-
temporal resolution occupancy data lays on allow-
ing the study of building occupancy dynamics. “Oc-
cupancy and movement data are crucial to deepen
the understanding of the build environment perfor-
mance” (Tome and Heitor, 2015).

Figure 1
Intensity of research
distribution
regarding spatial
and temporal
resolution. Dark
gray indicates more
research (Example
of a Research
Question: ”What is
the role of spatial
layout in shaping
the way in which
visitors explore (the
space)...?”); Light
gray indicates less
research (RQ: ”How
the configurative
properties of
leaning settings
influence the users’
experience of the
space?” and, ”What
is the length of stay
of a patient in an
exam room?”);
Finally, color
indicates this
research targeted
position within the
existing research
context.

The improved dataset allows advanced methods for
data analysis to promote new architectural research,
such as exploring questions that fit the structures:1)
“what is the appropriate data resolution to answer
a specific question in a particular scenario?”; and
2) “what is the best approach to capture the data
to achieve such resolution?”(Liu, 2007). Also, other
questions emerge, such as what are the aspects to
consider in defining the scenario to allow for plausi-
ble generalization? And, what are the suitable mod-
els todescribeoccupancypatterns inbuildings? Each
of the above questions poses significant challenges
and research opportunities.

This research proposes to automatically collect
high resolution spatiotemporal occupancy data in
the built environment (1 sq.ft. per second) by adopt-
ing and adapting existing systems and computer vi-
sion methods. Although research have been con-
ducted on developing wearable systems, triangulat-
ing data using WiFi networks and embedding sen-
sors in the environment. The innovation of this re-
search focuses on the resolution and the large size
of the datasets obtained, which unlock a wide range
of research questions, which have not been explored
yet. Those questions fit on previous frameworks,
but they are fine-grain tuned, providing opportuni-
ties to explore correlations among spatial configura-
tions, architectural programs, organizational activi-
ties planned and unplanned, and time. The dataset
is explained as outcomes of a statistical model, seek-
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ing to demonstrate that the characterization of occu-
pancy depends on the influence of spatial parame-
ters as well as architectural program and fine-grain
activity factors, distributed in time.

Figure 2
A Parallel
Coordinates Plot
that represents the
links of a
multi-dependent
problem, indicating
the relation of the
positioning system
selection (left) with
the potential
research question
to be answered
(right). Highlighted
is the Scene
Analyses selected
method,
emphasizing its
technical and social
aspects. This
content is
presented here as
an introduction,
and further detail is
presented in
Spatiotemporal
Occupancy by
Gomez (2017). This
Parallel Coordinates
plot was created
using ‘Sprout Space
Parallel Coordinates
Plot’ developed by
Perkins and Will
Research Group.

OCCUPANCY IN ARCHITECTURE
Most of the studies have focused on the unidirec-
tional influence of layout on human behavior, ana-
lyzingmovements, flows, occupancy, and interaction
among individuals in different layout configurations,
as previously reviewed. These studies have answered
questions such as how open-layouts influence pat-
terns of exploration (Peponis, C.Dalton, Wineman,
Dalton, 2004) or the role of the physical environment
in a hospital setting (Zimring, Joseph and Choud-
hary, 2004), to name a few. Some findings reported
that in complex layouts, such as museums, the spa-
tial configuration restricts humanmovements anddi-
rects their flow and viewing patterns (Bafna, 2003).
In re-configurable layouts, such as offices, “spatial
configuration directs movements and influences the
field of vision, directly affecting the co-presence of
people and their face-to-face interaction.” (Gomez
et al. 2012 a and b; Choi, 1999). Such findings pro-
vide evidence that layouts, in fact, influence behavior
and movements; however, most of the conclusions
reached by these studies have been based on aggre-
gated behavioral data correlated with geometrically
derivedattributesof spaceonly. The rangeof such re-
search questions has not broadened since data spa-
tial and temporal resolution cannot increase as long
as the data collection methods require human inter-
vention and interpretation. Despite these observa-
tions, such traditional methods of data collection are
very popular and accessible.

The characteristics of behavioral data collected

through these classical methods lead the research
questions toward general descriptions of behavioral
data patterns, presenting three main issues that are
central to this thesis. First, the investment of re-
sources and the continuous presence of observers.
Second, the variables collected usually refer to hu-
mans’ position in space, their role, and particular
event possible to be captured within a human re-
action timeframe, which is usually in the range of a
minute. And third, the spatial and temporal reso-
lution of the data obtained is limited to human ca-
pacity to observe and annotate. To overcome these
limitations, research in computer science has devel-
oped a series of positioning systems and algorithms.
However, very little architecture research has incor-
porated them yet. Since 2009, very few studies in ar-
chitecture have adopted new technology for collect-
ing behavioral data. Some attempts included the use
of radio-frequency identification (RFID) proximity-
tracking sensors (Heo et al., 2009), followed by scene
analysis systems based on video capture (Gomez et
al., 2012(a and b); Tomé and Heitor, 2012, 2013 and
2015 a and b), and proximity and triangulation sen-
sors (Erickson, Lin, Kamthe, Brahme, Surana, Cerpa,
Sohn, and Narayanan, 2009). Two major differences
between these studies were the focus on occupancy
versus movements and the time aggregation range,
with the first study having a time resolution of one
second and the second having a time resolution of
one hour.

Other architectural-related Computer Science
studies with a focus on technology development are
also crucial to this research, i.e., “Vis-A-Viz” (Romero,
2008), “The History of Living Spaces” (Ivanov, 2007),
and (WeWorkBIM, 2015). All the studies utilized infor-
mation visualization techniques, including time as a
variable for human occupancy and movement anal-
ysis.

Within the context of existing technologies, a
remarkable opportunity for collecting data of high
spatial and temporal resolution arises, allowing en-
hanced methods of behavioral data collection and
data processing to promote new research analyses,
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such as the influence of organizational activities -
both scheduled and unscheduled in time- on occu-
pancy patterns.

An exhaustive review of each system and tech-
nology was done based on previous research and
the products’ online reviews (Gomez Z., P., 2017) for
selecting the system. This review included ten spe-
cific technical and social criteria: accuracy, precision,
range, dimensions, temporal scale, robustness, cost,
privacy, passiveness and pervasiveness. Each of the
analyzed systems provides occupancy data of differ-
ent characteristics in terms of the criteria aforemen-
tioned, establishing an interdependency between a
specific architectural research question and the po-
sitioning technology that provides the appropriate
data to answer such a question. Hence, the problem
becomes a multi-dependent problem, presenting a
platform that, based on the review of positioning
technologies, helps to technically select the appro-
priate methodology for high-resolution spatiotem-
poral occupancy data collection and analyses. It also
supports the co-evaluative process of the research
question formulation in correlationwith both the po-
sitioning tools and the dimensions of the built envi-
ronment possible to capture. This platform indicates
the influence of one research variable over the next
one, in a chain, providing a matrix of research possi-
bilities (Figure2).

Once one “best-fitting” system was selected for
this study, the potential research question is nar-
rowed down to a specific building program, social
context, scenarios and data resolution and accuracy.
In this particular proof-of-concept study, a hospital in
Chilewas selected, the scenariosweredeterminedby
the organizational schedule, and the data resolution
was one square feet per second or higher. To achieve
such resolution, Scene Analyses using Computer Vi-
sion was the selected method for positioning infor-
mation. Specifically, the first challenge is to define
the required data characteristics, consequently, the
appropriate system that would allow capturing such
data to answer the specific question of interest that
belongs to the specific scenario. Additionally, a list of

parameters that describe the diverse environmental
conditions for determining accuracy in the automatic
detection is proposed, shifting the focus to answer-
ing research questions that are sensible to the sce-
nario’s significance, and at the same time providing
insights for meaningful detection in context of Com-
puter Vision research. This research is presented in
detail in a separate publication (Gomez, P., 2017).

SCENE ANALYSIS
Scene Analysis was tested in a real scenario, collect-
ing data for oneweek on aHospitalization building in
Chile, as a proof-of-concept. The aimof the studywas
to investigate practical andmethodological issues in-
volved in using scene analysis to collect occupancy
data at high spatial and temporal resolutions, and to
demonstrate how new measures of occupancy rates
can be developed in order to understand the rela-
tionship between spatial configuration andbehavior.

AHospitalization Setting
The key aspects involved in selecting the scenario
are the architecture program type and specific ar-
eas of interest. The selection of a strong program
- a hospital - helped to restrict the programming
variables. Moreover, the corridors of the hospital,
- which share an almost identical layout configura-
tion among floors, have no specific program or activ-
ity assigned to them other than their role as connec-
tors; therefore, their description is, by sections, linked
to the adjacent spaces. These constraints frame the
contributions of scene analysis for occupancy detec-
tion in a restricted spatial context, assigning most
of the accountability for the outcomes to activities
scheduling and time, building the argument from a
technical as well as theoretical perspective. Also, a
strong healthcare program was selected based on
the evidence produced by the EBD and spatial anal-
yses fields of study, and the interest that healthcare
has received because of its organizational complex-
ity and its effects on people’s well-being.

This research addresses the proof-of-concept
study by processing one week of surveillance videos
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over twelve corridors of the hospital in Chile. The re-
sulting occupancy was captured at a spatiotempo-
ral resolution of one sq.ft (0.1 sq.mt.) per second us-
ing Scene Analyses methods based on Computer Vi-
sion. Scene Analysis allows for the collection of high
spatial-and-temporal occupancy data using existing
surveillance recordings from a hospital, avoiding in-
terference with the social aspects of pervasiveness
of technology into daily routines. Afterwards, com-
putational methods adapted from Computer Vision
rely on adapting pre-built algorithms for automati-
cally recognizing occupancy. These algorithms can
be trained and have a certain accuracy range influ-
encedbyenvironmental aswell as occupancyparam-
eters, which can be represented by amultiple regres-
sion model.

Scene Analysis Process
This section describes the general approach to ob-
tain the spatial and temporal data needed for further
spatiotemporal analytics. The details on data collec-
tion and processing, and accuracy and precision cor-
rections are described in Spatiotemporal Occupancy
in Building Settings (Gomez, P. 2017). After obtain-
ing the video files from the server, computer vision
methods that rely on pre-built algorithms for auto-
matically recognizing people, were adapted to de-
tect occupancy and its accuracy (Figure 3). The ac-
tual data collection provides the empirical perspec-
tive, introducing specific methods of scene analysis
including video acquisition, video processing, adap-
tation of computer vision detection algorithms, as
well as the practical and technical challenges faced
in obtaining the required high-resolution occupancy
data results.

The data accuracy range influenced by environ-
mental as well as occupancy factors (Romero, 2008;
Tome, 2015), can be represented by a regression
model. The hypothesis is that the statistical model
will help us understand the spatiotemporal occu-
pancy characterization, independently of the influ-
ence of the data source accuracy. The last stage
presents the computation of the accuracy of the oc-

cupancy recognition algorithm by explaining the en-
vironmental and occupancy factors that influenced
the errors obtained.

Figure 3
a) Automatic
recognition
algorithm; b)
Bounding box
position (x,y, width,
height); c)
Calculation of
horizontal
occupancy (i = bbox
(x) + bbox width/2);
d) Calculation of
vertical occupancy (
j = bbox (y) + bbox
height); e) Area of
interest
represented by
magenta area.

Once the occupancy data are discerned, the goal is
to measure the relationship between space and be-
havior in a specific scenario, delineating and devel-
oping a new key occupancy metric: Isovist-minute,
which is defined as the relationship between real
and probable occupancy and their temporal visual
fields towards a target. All the methods proposed
along this research are general enough to be applied
to any specific built environment; However, this re-
search focuses on occupancy of individuals in hospi-
tals corridors, as they are aweak-program spaces into
a strong building program. The corridors are charac-
terized by its layout complexity, high spatial segrega-
tion, strong control over spatial divisions, strong con-
trol over the use of spaces and activities assigned to
spaces, and strong control over inhabitants‘ routines
and visitors’ schedules (Koch and Steen, 2012).

Nevertheless, the main focus of this research is
not the adoption of the scene analysis using surveil-
lance systems, but the collection of high spatial-and-
temporal occupancy data avoiding the interference
with the social aspects, such as the pervasiveness
of technology into daily routines, which in turn di-
rectly compromises the legitimacy of the data collec-
tion (Heo, 2009; Koch, 2012), and the creation of new
architectural metrics to measure building organiza-
tional performance.

SPATIOTEMPORAL OCCUPANCYMODELS
A spatiotemporal occupancy model refers to the
structure and presentation of the collected occu-
pancy data, organized and displayed to support its
exploration. Its purpose is to facilitate the identi-
fication of occupancy patterns to explain the theo-
retical influence of “organizationally scheduled ac-
tivities” on people’s behavior, with the main goal of
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characterizing the occupancy patterns of a particular
building.

Figure 4
It shows the 2D
occupancy gird size
and grid indices
(row,col), staring at
the upper left
corner (0,0).

The spatiotemporal occupancydata is storedas aCSV
file because it provides a manageable file size to ac-
commodate the amount of data stored in this case.
Each occupancy record consists of three fields in the
automatic data collection (x, y, and time) and ten
fields in the manual data collection besides x, y, and
time. These ten fields include lighting type, light-
ing quality, and camera condition as environmen-
tal conditions, and role, activity, body posture, ac-
tivity type, activity frequency, occlusion, and cloth
color as occupancy conditions. Each CSV file con-
tains occupancy data by hour and by corridor. The
mechanisms for exploration are the accumulation of
a set of hours or the comparison among a set of
files. The graphic display of the data is structured as
x and y on a two-dimensional (2D) occupancy grid
and with a z-axis temporal dimension to construct a
three-dimensional (3D) “occupancy cube,” referenc-
ing Mario Romero’s work on ‘activity cube’ (2008).

The occupancy grid in this research is a fine-
grained2Dmapcomposedof a collectionof cells rep-
resenting the continuous space of possible locations
in the scenario, reducing the spatial complexity (Fig-
ure 4). Additionally, a set of 2D occupancy grids are
sequentially aggregated together by time instances
in a Z-axis to create a spatiotemporal 3D occupancy
cube. Both the 2D occupancy grid and the 3D oc-
cupancy cube are based on a grid-based approach,
which is computationally easy to build and repre-
sent, providing independent locations. The first grid-
based map was originally proposed by Elfes (1987)
and Moravec (1988), who assigned an occupancy bi-
nary value to each cell to determine its occupancy.
Occupancy grids have also been defined in the area

of probabilistic robotics, the goal of which is to “es-
timate the posterior probability over maps given the
data” (Thrun, Burgard and Fox, 2005).

The resulting aggregated 2D occupancy grid
stores a set of the binary occupancy values (0 and
1) assigned to each cell, resulting in a 2D binary oc-
cupancy grid or a weighted occupancy grid, which
reflects the aggregated results of the temporal occu-
pancy grid. The values for each cell refer to the total
amount of time the cell was occupied during a pe-
riod of time, representing the percentage of the total
time the cell was occupied. Also, each occupancy cell
imports the occupancy probability values calculated
from the regression models.

Figure 5
Binary Occupancy
Grid (yes and no, or
0 and 1, values);
Weighted
Occupancy Grid (0
to total number of
time stamps,
represented as
continuous values
between 0 and 1);
and Occupancy
Probability (values
between 0 to 1).

The fundamental differences between occupancy
probability and weighted occupancy are that the oc-
cupancy probability values are calculated from the
accuracy results and are expressed as percentages,
while the weighted occupancy values are calculated
as the sum of the occupancy temporal duration dur-
ing a determined period of time. These results are ex-
pressed first as integers, representing the time units
that the cell was occupied, and later, normalized as
percentages.
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ANALYZING SPATIOTEMPORAL OCCU-
PANCY
The purpose of analyzing spatiotemporal occupancy
is to understand the fundamental characteristics of
occupancy in terms of spatial and temporal distribu-
tion in different scenarios, with the main goal of de-
termining key indicators for a building’s data-driven
occupancy performance. The spatiotemporal analy-
ses consist of the following four stages: 1) a visual ex-
ploration of the data by importing subsets of activity
types to provide insight about the occupancy distri-
bution of sample scenarios; 2) the quantitative anal-
ysis of occupancy distribution to compare the sce-
narios, determining their statistically significant dif-
ferences; 3) the definition of spatiotemporal param-
eters based on the visual understanding of the occu-
pancy data subsets; and 4) the definition of spatial-
behavioral metrics based on the spatiotemporal pa-
rameters to specify precise built environment perfor-
mance indicators.

Figure 6
Comparison of 4
sample scenarios.
Columns from left
to right indicate the
corridor
organizational unit:
General
Hospitalization and
ICU; and a sample
day: Wednesday.
Rows indicate the
two one-hour
samples, two times
a day: Medical
Rounds at 8 am and
Visiting Hours at
4pm.

The goal of comparing samples scenarios was to un-
veil the differences in occupancy distribution based
on the type of activity. The comparison occurred be-

tween several of the scenarios’ occupancy patterns
under the same spatial conditions but different pro-
gramming and scheduling conditions. The nine sam-
ple scenarios selected to show thesedifferenceswere
medical rounds, visiting hours, and no scheduled ac-
tivities in two corridors and on different days of the
week. The three types of activities occurred at 8
a.m., 4 p.m., and midnight respectively, in all corri-
dors. The corridors selected had two different orga-
nizational programs: the 7th floor, which contained
private rooms, and the 3rd floor, which contained the
ICU. The twodays of theweek selectedwereWednes-
day and Saturday (Figure 6).

THE ISOVIST-MINUTE: A NEW SPATIOTEM-
PORAL OCCUPANCYMETRIC
Fewprevious studies haveproposed Isovist fieldmet-
rics that originate from patient beds. The targeted
visibility study (Lu, 2011), discussed above, counted
the heads of patient beds that were in sight of each
position from the corridor, assigning this character-
istic to the space. Another study by Osman (2016),
defined Isovist-connectivity as the properties of each
patient bed’s Isovist fields, such as its internal con-
nectivity, determining their influence on patient’s
outcomes, such as mortality rates. Both metrics
were founded on three geometrical - and static -
parameters of space: visual fields, positions of the
beds, and connectivity. These studies, however, did
not include occupancy data; which left no informa-
tion about actual surveillance. Therefore, import-
ing actual spatiotemporal occupancy data will deter-
mine the transformation of static-geometric metrics
into a parametric spatiotemporal occupancy-related
metric of actual surveillance, which would vary de-
pending on the values of the time- and position-
parameters. Consequently, this research proposes
a new spatiotemporal occupancy-related metric for
measuring the performance of the occupied space:
the Isovist-minute.

This specific study proposed the Isovist-minute;
metric that captures the relationship between space
and occupancy, and the projected directional Isovist
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Figure 7
Visual description
of an Isovist-minute
computation: At
the top of the
image is the
hospitalization
layout, represented
by spaces. The pink
weighed grid at the
center represents
the occupancy by
cell, during a period
of time. The gray
Isovists represents
the fields of view
from the patient’s
beds 16-c (corridor)
and 6-w (window).
At the bottom of
the image, the
black arrow
indicates the visual
direction from the
nurse station to the
patient’s bed,
blocked by the
bathroom wall. The
heat-map indicates
the Isovist-minute
of patient’s bed
number 16-c.

(Benedikt, 1979; Turner, 2001) towards a point of in-
terest, in a dynamic sequence. An Isovist-minute of
a target is defined as the visibility of a specific tar-
get during a determined time frame. In a hospital,
for instance, it can be computed for a patient’s head,
where it measures the amount of visual surveillance
of apatient’s bed fromthe corresponding target’s Iso-
vist areas in the corridor (see figure 7). The Isovist-
minute is calculated based on the actual occupancy
data collected automatically and corrected statisti-
cally as described previously, measuring the real and
probable surveillance of a hospitalized patient. The
Isovist-minute of the patient, or “target,” measures
the time that the head of a patient’s bed is within any
observer’s sight or probable sight. This probability
takes into account the statistical accuracy and preci-
sion corrections presented, as well as the probable
direction of the head of the occupant. The Isovist-

minute output is a value that represents the total
time duringwhich the target was observed or poten-
tially observed.

Computationally, the Isovist-minute is calculated
as a sub-set of a 3D occupancy array of cells contain-
ing positioning and time information (x,y,t). This ap-
proach is based on both the ease of the computa-
tional resources required and the MATLAB language.
The calculation of an Isovist-minute requires a de-
scription of the patient’s fields of view and of the
spatiotemporal information occurring inside those
fields. The first step is to describe the patient’s vi-
sual fields - or Isovist-fields - from the head of each
patient’s bed, and the next step is to define the sub-
set of occupancy cells that belong to each particu-
lar Isovist-field. The patient’s Isovist-field is defined
as the maximum field of vision generated from the
upper-third of the patient’s bed (Figure 6). Some
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Figure 8
Comparison of
eight Isovist-minute
computational
results by schedule,
bed position and
bed location.

cells, as expected, belong to several Isovist-fields (Fig-
ure 8). In this research, every hospitalization wing
contains 22 rooms (Figure9)withoneor twobedsper
room positioned either at the center of the wall (m),
the corridor (c) or the window (w), thereby creating
several potential Isovist areas. Once the Isovist-fields
are created from the head of each patient’s bed, the
array of cells that belong to that Isovist is stored as an
independent CSV file containing an array of cells (x,y),
named as “Floor level,” “Roomnumber,” and “Position
of the bed”.

CONCLUSION
The vision for this research is to develop and recom-
mend new analytics for building occupancy dynam-
ics. The outcomes of this research include a frame-
work that formulates the relationships among the

scenario aspects, generalizing the methodology for
collecting and analyzing high-resolution spatiotem-
poral occupancy data. It includes the guidelines for
the diversification of scenario conditions focus on
answering a variety of research questions that are
weighted by the scenario’s significance; a proposal
for understanding occupancy patterns by construct-
ing the appropriate statistical models to compare
and contrast the data; and the emergence of new
metrics that respond to the performance of a partic-
ular scenario. This paper focuses on spatiotemporal
occupancy data collection and analysis methods, to
endorse the integration of a temporal dimension into
architectural research.
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