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ABSTR ACT
This paper presents the development of a prototype for a new sensing device for anonymously
evaluating space utilization, which includes usage factors such as occupancy levels, congregation and circulation patterns. This work builds on existing methods and technology for measuring
building performance, human comfort and occupant experience in post-occupancy evaluations as
well as pre-design strategic planning. The ability to collect data related to utilization and occupant
experience has increased significantly due to the greater accessibility of sensor systems in recent
years. As a result, designers are exploring new methods to empirically verify spatial properties
that have traditionally been considered more qualitative in nature. With this premise, this study
challenges current strategies that rely heavily on manual data collection and survey reports. The
proposed sensing device is designed to supplement the traditional manual method with a new layer
of automated, unbiased data that is capable of capturing environmental and social qualities of a
given space. In a controlled experiment, the authors found that the data collected from the sensing
device can be extrapolated to show how layout, spatial interventions or other design factors
affect circulation, congregation, productivity, and occupancy in an office setting. In the future, this
sensing device could provide designers with real-time feedback about how their designs influence
occupants’ experiences, and thus allow the designers to base what are currently intuition-based
decisions on reliable data and evidence.
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(Left) Device prototype.
(Right) Proposed device configuration for indoor spaces.

INTRODUCTION
Post-occupancy evaluations (POE) are the primary method
for measuring building performance and occupant satisfaction.
Although undoubtedly valuable to improving the human experience in the built environment, POEs are largely underutilized
as a validation step to the design process. With the exception
of building types where financial performance is intimately tied
to the behavior patterns of its occupants (i.e., retail and medical
building types), architects often face the challenge of communicating the value of the POE to the client, mitigating liability
concerns and justifying the cost and time required to complete
the studies (Hiromoto 2015). Many firms also lack access to
coherent strategies and tools to perform comprehensive studies
that produce meaningful results. This gap between the architects’ underlying assumptions of how the spaces will be utilized
and how the occupants actually use them still remains wide and
unquestioned.
The existing toolkit for POE measures building performance and
occupant comfort through quantitative parameters like indoor
air quality (pollutant levels), temperature, light and sound levels.
The studies rely on expensive tools such as light meters, thermal
imaging cameras, air quality sensors and decibel meters to collect
quantitative data about the indoor environment. Over the years,
the combination of these metrics determined a set of guidelines
that the industry accepts as comfort zones, which ultimately
enable us to design, verify and evaluate our building performance. Though based on quantitative metrics, it is important
to note that the concept of thermal comfort has always been
a qualitative property. Companies like Comfy, Wristify and
researchers at the Berkeley Center for the Built Environment
embrace this qualitative nature of comfort, and have proposed
methods to fine-tune the management of building systems at a
personal level (CBE 2017; EMBR Labs 2017; Laput, Zhang, and
Harrison 2017). However, designing a successful space extends
well beyond quantifiable environmental metrics. The social
properties of a space, such as utilization, occupancy patterns or
relationships between usage and correlating events of the place
are currently measured with surveys, on-site monitoring, and
interviews. This type of manual data collection is costly, time
consuming and highly prone to subjectivity, due to the nature
of the collection methods mentioned above. As an industry, we
have begun to explore other tools that can verify some of these
social properties empirically.
We have created a tool that will augment the existing toolkit
for post-occupancy evaluations and pre-occupancy strategic
planning explorations. Our device can collect a low-resolution
pixel grid of temperature data about large areas of space. From
this data, we can extrapolate information about room occupancy,

space utilization, and circulation patterns with complete
anonymity. Because it requires no engagement or interaction
from the occupants, it is minimally intrusive to the space and
requires no adjustment period before the collected data is “clean.”
By providing an automated way of collecting less subjective
data, this tool would supplement the manual collection that most
design researchers currently engage in, ultimately resulting in
more accurate data sets to represent the utilization of space and
produce more informed design solutions. The tool in this paper
marks the initial development of a much more complex and
sophisticated sensor system that will help designers evaluate and
verify their design intuition.

BACKGROUND
Strategic planning of the workplace environment focuses the
design of the space on the end-user’s needs first, then on the
place and performance. Since the 1990s, many firms engaged
in this process to better address the necessary interaction,
communication and creativity of the modern workplace. In
order to understand the needs of the staff, as well as equipment requirements, designers conducted surveys, interviews
and design sessions to identify variables that would ultimately
produce an integrated, satisfying environment. The focus of a
workplace might have changed to allow “innovation” or “disruption” in recent years, but design methods in architecture are still
attempting to move away from prescriptive spatial solutions in
order to craft environments calibrated to the people within them
(Duffy, Laing, and Crisp 1995; Duffy 1990). While the traditional
toolkit for POEs relies on manual data collection or expensive
equipment, the proliferation of indoor positioning systems (IPS)
and Internet of things (IoT) devices has pushed research in architecture and human–computer interaction to develop automated
and cost-effective technology for quantifying the occupant
experience (Liu et al. 2007; Koyuncu and Yang 2010).
In industry, designers are deploying new mobile applications
and sensing devices to collect data about occupant satisfaction,
building performance, and room occupancy in the workplace.
Designers at Gensler paired with software developers to create
mobile applications for building management and user feedback
surveys (Pogue et al. 2013). Similarly, the research and development team at WeWork has distributed survey apps throughout
their work sites to tabulate user feedback (Davis 2016). WeWork
has also experimented with infrared sensors, break sensors and
machine learning to quantify space usage and optimize program
and space assignments (Carlo 2016; Phelan 2017). Their vertically integrated business model provides unhindered access to
their spaces and enables them to combine the data collection
with occupants’ core tools. This level of access to occupant data
is incredibly rare for most designers in the industry.
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In academia, researchers are using IPS for behavior mapping
and tracking social interaction among people in indoor spaces.
One study created an interactive headset to deter users from
unwanted interruptions in the workplace, either from coworkers
or personal electronic devices (Danninger et al. 2005). Another
study created a digital fabrication process that constructed
spaces based on observed and recorded human circulation
patterns (Kalantari, Poustinchi, and Ahmadi 2016). Other studies
have utilized various location tracking systems to visualize interaction and collaboration in group working environments (Liu et al.
2007; Williams et al. 2015). Similarly, Humanyze (initially developed at MIT Media Lab) provides a way to understand the social
network of an organization by recording and analyzing interaction patterns among the participants. By analyzing people's
engagement patterns, they provide ways to improve processes
critical to the operation of the organization or space planning.
For the majority of indoor location tracking and behavioral
mapping in both academia and industry, occupants were required
to actively participate in the studies with explicit consent. Hence,
data was collected only from participants who wore tagged
devices (headsets or name tags) or installed relevant customized
applications onto their mobile devices. While this strategy does
mitigate concerns of privacy, it also limits the scalability of the
studies, as well as skew the data to a particular technological
demographic. The strategic planning discussions surrounding
the possibility of automated data collection among designers
(and often with clients) revealed that the burden of collecting
opt-in volunteers, as well as attending to the legal ramifications of doing so, were significant hurdles to deploying these
studies. Contrary to these existing systems, our device not only
completely preserves occupant anonymity, but also functions as
a passive system to track occupant movement and quantify room
occupancy.

infrared sensors to name a few. Infrared cameras proved the
least suitable for our experiment. While they do offer unobtrusive installation and accurate imagery, they resemble traditional
surveillance systems, thus sacrificing occupant anonymity, and
potentially altering occupant behavior. By comparison, range
finder sensors and individual infrared sensors preserved occupant
anonymity by abstracting human forms to height and temperature data respectively. However, installation of these sensors
would be invasive and costly to collect a reasonable resolution
of data.
TABLE 1: Opportunity-Cost Comparison of Sensors
Sensor
Name

Type of
Sensor

Cost/
Sensor
(USD)

FOV
(degree)

Coverage
Area*
(SQF)

Quantity** Data
Points

Maxbotix
Range
Finder

Ultrasonic

24.95

N/A

N/A

100***

100

MLX90614
ESF-BCF

IR

20.40

70

36

4

4

MLX90614
ESF-BCF

IR

26.52

20

2.5

49

49

Panasonic
Grid Eye

IR

22.16

60

25

4

256

*Assumes 10′ high ceilings. Viewing area at 4.5′ away from sensor.
**Quantity required to sample a 10′ x 10′ room.
*** Assumes 1 SQF sampling resolution

We decided to use the Panasonic Grid Eye infrared array sensor
for our device (Figure 2). The Grid Eye is an eight by eight
array of infrared sensors contained in a compact package. If
mounted on a 10′ tall ceiling, it collects 64 data points over a

METHODS
HARDWARE

The primary function of our device is to capture occupants’
positions in space in an indoor environment. As a critical design
requirement, the device needed to track human occupants
passively and anonymously, rather than rely on active user participation. The device also needed to be scalable to the varying
number of people occupying a space, as well as accommodate
spaces of different shapes and sizes. The device must have a
small form-factor for simple, unobtrusive installation, and the
design must be subtle to minimize any behavioral effect it may
incur in the testing spaces.

2

We considered several different methods for detecting room
occupancy including infrared cameras, range finders, and
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2

Panasonic Grid Eye Infrared Array
sensor and breakout board for easy
prototyping.

3

Left to right, Feather M0 WiFi, real
time clock with coin cell battery,
Grid Eye sensor, LiPo battery.

4

Assembled prototype with wifi
module enabled (see green indication light).

4

25 square-foot area about 5′6′′ off the ground (average person
height). Only four Grid Eye sensors would cover the entire area
of a 10′ x 10′ room and would provide 256 data points within
that room. This sensor would also preserve occupant anonymity
by obscuring human figures to small clusters of hot temperature
pixels.
In addition to the Panasonic Grid Eye Infrared Array Sensor,
the prototype uses Adafruit’s Feather breakout board with an
ATSAMD21G18 ARM Cortex M0 processor and an on-board
ATWINC1500 WiFi module. We chose this board for its small
size, the availability of prototyping shields, wireless capabilities,
number of IO pins, battery connections, and processing power.
Although ultimately a BLE-enabled board would have provided
optimal power consumption, the WiFi board offered a faster and
simpler alternative to wireless connectivity. The microprocessor
was combined with a real-time clock to timestamp our data
entries and a 350 mAh lithium-polymer battery for cordless operation (Figure 3).

We set up the device as an independent web server to wirelessly
transmit the collected data values to a nearby computer. In the
future, this data would be uploaded to an IoT cloud service to
collect data for at-scale experiments over several work days.
Our current prototype relies on a comparison between an empty
room (no human occupants present) and an occupied room.
We calibrated the empty room temperature by collecting 20
temperature samples over 20 seconds before anyone entered
the viewing area. We averaged the temperature values per pixel
over the 20 second period to obtain a baseline room temperature. This strategy accounted for any unexpected hot spots
caused by the electronic equipment or thermal gradients in the
room.
We created tests based on two different office scenarios: active
spaces (kitchens and hallways) and sedentary spaces (desk areas
and meeting rooms).
Active Spaces

DATA COLLECTION

For our experiment, we installed the device in a room with an
8′10′′ ceiling. We assumed the average person to be 5′6′′ tall. At
this height, the viewing area of the Grid Eye sensor was approximately 46′′ x 46′′, with each pixel measuring 5.75′′ x 5.75′′. We
taped a grid on the floor representing the Grid Eye’s viewing area
5′6′′ above the ground and used this grid to manually record the
position of occupants for later comparison.

Given the limited viewing area of our prototype, we collected
data for a single person moving within the viewing area for the
active space tests. We defined three different walking paths in
the viewing area. For each test, the subject completed the path
over a period of 20 seconds and the microcontroller recorded
temperature readings once per second. We also manually
recorded the paths on a grid to later compare the tracking accuracy of the device.
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Sedentary Spaces

We created several tests with varying densities of stationary
occupants in the viewing area. The density ranged from a single
person to four people. For each case, subjects stood in the
viewing area for 20 seconds while the device recorded temperature readings once per second. We manually recorded the pixels
that the subjects were standing on for later comparison. The
subjects for these tests varied in gender, height, and clothing.
DATA ANALYSIS

5

Pixels representing human subjects were differentiated from the
surrounding environment through a simple comparison. For the
active space tests, pixels from each data sample were compared
to the baseline room temperature calibrated at the initial setup.
If the pixel temperature was more than 1.25 degrees Celsius
greater than the corresponding baseline room temperature pixel,
it was considered a “hot” pixel. For the sedentary space test,
because the subjects were sedentary over the 20 second testing
period, we computed the average temperature per pixel for the
whole testing period and compared the results to the baseline
room temperature. In this scenario, pixels whose temperature
was more than 1.75 degrees Celsius greater than the baseline
room temperature were considered “hot” pixels.
To identify which “hot” pixels were human subjects, we wrote a
recursive graph traversal blob detection algorithm specifically
for our low-resolution thermal images. The algorithm defined
a “blob” as a cluster of pixels that share at least one edge.
Clusters ranging from three to six pixels were considered a
single human figure. Clusters containing fewer than three pixels
were considered noise. Clusters containing more than six pixels
were considered multiple people standing close together. These
assumptions were based on male and female subjects of average
build and height.

RESULTS
Active Spaces

6

5

Active space test with figure
moving in a C-formation.

6

Comparing computed path (black)
with manually recorded path (red)
from the active space tests.

We created simple visuals of the figure moving along the path
in the pixel grid. We filtered out blobs with fewer than three
pixels to isolate the moving human figure. This strategy worked
for 98.3% (59 out of 60) of the data samples and failed on only
one sample where the sensor picked up the human figure as only
two pixels (notice the blank frame in Figure 5). In all three active
space tests, the human figure appeared as a cluster of three to
seven pixels with an average around 4.6 pixels. With our current
counting algorithm defining a human figure as a cluster of three
to six pixels, we correctly counted the number of people in the
viewing area for 91.7% (55 out of 60) of the data samples.
To evaluate the localization accuracy of our results, we connected
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the centroid of the human figure in each data sample to form a
path. We then compared the computed path with the manually
recorded path (Figure 6). While this method for location tracking
captured the general shape of the paths traveled, it appeared
that the viewing area was larger than we predicted, as well as
shifted to the left. The shifted viewing area was likely the result
of the sensor not being perpendicular to the floor. Even the
slightest deviation from the vertical axis would create a significant shift in the viewing area. The difference in the size of the
viewing area may have also been caused by the sensor detecting
the largest heat signatures at the person’s shoulder height. A
distance of 4′2′′ instead of 3′4′′ from the ceiling would increase
the viewing area by approximately 10′′ in each direction. This
change in dimension would shift the human figure one pixel
closer to the center of the viewing area, which we see in all three
test cases (Figure 6).
Sedentary Spaces

We used our recursive graph traversal blob detection algorithm
to count the people in the sedentary space tests. As shown in
Figure 7, the counting algorithm worked very well for the lower
density test cases (one, two and three occupants). However, in
the four-occupant test case, the algorithm became less reliable.
Because a single person ranges from three to six pixels, as a
room becomes more crowded and people move closer together,
their pixels merge to form one giant blob. In its current build, the
algorithm cannot, for example, differentiate between four small
people (three pixels) standing close together, and two larger
people (six pixels) standing close together.

7

The location accuracy of this test was similar to that of the active
space test. The computed positions of the figures are consistently closer to the center of the viewing area (Figure 8). This
result supports the conclusion that the sensor was registering
the heat signature at the height of occupants’ shoulders instead
of the tops of their heads. This difference is also dependent on
the occupant’s height—the viewing area for a 6′ tall person will
be different from the viewing area for a 5′ tall person. Overall,
the computed position only deviates by about 6′′ from the manually recorded position.
8

FUTURE APPLICATIONS
In this section we will discuss potential applications of this
sensing device as a tool for architectural design and post-occupancy evaluations. It is important to note that our tool’s capability
to quantitatively investigate spatial usage patterns is proposed as
a supplement to existing human observations. By adding a layer
of objective data in many of the proposed applications, it is our
hope that this tool begins to expand current design strategies
and ultimately improves the design practice.

7

Visualizations from sedentary space
tests.

8

Computed location (solid maroon)
compared to manually recorded
location (red outline). Each square
in the grid is 5.75′′ x 5.75′′.
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Temperature & Thermal Comfort

Indoor temperature monitoring is a key topic for building
management and occupant comfort alike. With the current
focus on human-centered design strategies, the idea of a master
building management system that is aware and responsible
for coordinating various parts of building performance is being
challenged by a decentralized model. In this new model, each
space is independent from others and is expected to respond
quickly depending on its own changing needs. Several studies
conducted in the last five years have utilized passive infrared
array sensors as a means to determine room occupancy and
therefore control indoor climate systems among other electronic
devices (Gonzalez, Troost, and Amft 2017; Erickson et al. 2013).
However, most existing devices for measuring temperature on
the market are only capable of sampling one point in space.
Our device is capable of mapping temperature gradients over a
larger area in space, thus providing a finer resolution of data for
thermal comfort. As the performance measurement continues to
evolve from room-unit to person-unit, this increased resolution
of data output will become a necessity.
Space Utilization & Room Occupancy

Using a series of counting algorithms and filtering programs,
these devices are capable of quantifying room occupants and
tracking occupant movements. Different from existing technologies such as surveillance systems, infrared cameras or manual
surveys, our proposed device automates the collection of such
data while completely preserving occupant anonymity. This
data would begin to answer questions related to the effect of
spatial design variables on factors such as occupancy preference, proximity of occupants to each other (activity density) or
other unknown occupancy patterns. Imagining these scenarios
in a conference room setting might not seem revolutionary (it
would tell us how popular a conference room is or reveal the
distribution of gathering sizes, etc.) but it can reveal unexpected
correlations in an open plan. Currently, arriving at such conclusions after analyzing the numerous snapshots of the data is no
simple task, especially for spaces that are designed to be more
flexible. We are able to achieve this by prescribing the various
scenarios in our algorithms and filtering the data, but would
ultimately require the help of statisticians and rigorous data
scientists for accurate diagnosis.

of social interactions occurring in a space. Each new sensor
introduced to this system would require us to explore how it
might change the anonymity of the data collection. Aside from
acoustic sensors, we will be looking to collect vibration, motion,
and light levels as a next step. In many cases, we predict that
the additional layers of data will increase the complexity of the
analysis manyfold. Rather than attempting to explicitly correlate
the nature of the results to the social properties of the space, we
plan to use machine learning for the property correlation and
categorization. A successful application of machine learning to
harvest sensor data to reveal meaningful correlations has been
shown by CMU’s Synthetic Sensor team (Laput, Zhang, and
Harrison 2017).

CONCLUSION
The aim of this study was to develop a passive system for
collecting empirical data about room occupancy and circulation
patterns in indoor environments. This study is the initial phase
of a larger proposal to develop a design methodology that can
supplement manual and subjective methods of evaluating or
verifying many of our design decisions. Our device prototype
utilized a low-resolution thermal imaging sensor to anonymously
capture human figures in space with their heat signatures. After
processing the collected temperature data with rudimentary blob
detection and filter algorithms, we were successfully able to visualize occupant position and occupant movement in space.
The advantage of our device over a system with tagged participants is that our device is passively scalable to both the spaces
studied and the number of people within them. Our system is
capable of capturing any number of human figures independent of tagged electronics or mobile devices on their person. In
addition, it preserves occupant privacy by abstracting human
form to a cluster of a few pixels. Employed at scale, this device
offers a wide range of applications for socially driven design in
architecture.
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