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Abstract

In recent years, the research on sensing environments has received consid-
erable interest, allowing a plethora of intelligent services to help people
in their everyday life. Intelligent building automation, e-health, surveil-
lance, entertainment, smart factories are only few examples of applica-
tions which can benefit from this technology.Different kinds of sensing
floors have been proposed in the past, but they are conceived for specific
applications and often very expensive and difficult to install.

In this thesis, we describe the design and implementation of the "Florim
Age" technology: a new, versatile, scalable and cost-effective interface
based on sensing floors compliant with the Internet of Things (IoT) ap-
proach.

All the components of the proposed framework are described and pre-
sented, from the hardware device, which captures the pressure field vari-
ations generated by moving people, to the high level applications. Al-
gorithms of floor data processing, communication protocols, and system
architecture details are also defined.

In particular, three different application types have been addressed: real-
time surveillance, human-computer interaction, and zone statistics. In the
first case, we proposed and tested algorithms for action recognition and
human behavior understanding. In the second case, the floor has been
used as input device for games and interactive applications. Finally, we
exploited the sensing floor technology to develop people counting and
zone statistics systems. All these applications have been deeply tested on
both laboratory and public installations.
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Introduction

According with the "Internet of Thing" (IoT) paradigm [3], the tech-
nological and cultural evolution of the last few years has led to an
increasing presence around us of sensing devices. The environ-
ment where we live is increasingly scattered with sensors able to
improve the human-environment interaction and to provide dis-
tributed surveillance and monitoring.

Among different types of sensors, in this thesis we will focus on the
exploitation of sensing floors. Their applications are manifold in
several fields, including both public and private environments. For
example, smart buildings can include sensing floors to detect the
presence of people and to automatically switch on/off the lighting
or the heating systems.

In the e-health field, these devices can be used to detect danger-
ous situations such as an elder falling or getting out of his/her bed
[42]. Furthermore, sensing floors can be used for people count-
ing or to monitor crowd movements during public events, exhibi-
tions, and so on. In comparison with other traditional technologies

such as video cameras, sensing floors provide less information but



have two undoubted advantages. First, they are completely pri-
vacy compliant. In fact, it is not feasible to recognize and identify
users from their data only. Thus, the installation of these sensors is
also allowed in private places, such as toilets or bedrooms. Second,
sensing floors data are not affected from occlusions, a typical issue
of visual camera systems. We believe that smart floors could be a
reliable solution, complementing or substituting other technologies
(e.g., cameras or depth sensors).

In this work, we discuss about the technical requirements which we
consider indispensable to obtain a reliable solution and which led
us to the development of an innovative sensing floor. Hardware,
architectural, and software issues have been handled during all de-
velopment and testing steps of this research project, with a close
cooperation between the Imagelab laboratory of the University of
Modena and Reggio Emilia and Florim Ceramiche SpA, an Italian
ceramic Company located in Fiorano Modenese (Modena, Italy).
This work has been partially funded by Florim Ceramiche SpA un-
der the contract "FLORIMAGE: the floor is an image", started in
September 2012, within the project funded by Emilia-Romagna Re-
gion in the "Bando Ricerca, Innovazione e Crescita" (2013-2015). Af-
ter the end of the contract, the collaboration has been continued
with a Research Agreement between Florim Ceramiche SpA and
the Interdipartimental Center Softech-ICT for the establishment of
the "Florim Lab" in the Technopole of Modena.



The thesis is structured as follows: in the next chapter we introduce
the IoT paradigm and, after discussing its economic and strategic
impact in modern society, we will describe the main characteristics
of an IoT device. In the same chapter, we introduce the Sensing
Floor devices and we will describe some related works of other ex-
periences and prototypes. The chapter underlines that these pro-
posals are very interesting research prototypes but none of them
represents a good solution to be integrated in Intelligent Environ-
ment projects for Human-Environment Interaction.

In chapter 2, we provide an overview of an innovative sensing floor
technology, compliant with the IoT paradigm and completely de-
signed and developed in our laboratories, giving details on its hard-
ware components and on physical processes exploited by the sen-
sor. This result is obtained adding a sensing layer below ceramic
tiles. The solution proposed is cheap enough to allow the coverage
of wide areas with sensing elements which do not change the de-
sign or the appearance of the floor. In addition, the data collected
from the sensors do not contain identifying elements, assuring an
high respect of the user privacy. Following the IoT paradigm, the
sensing elements communicate with the physical world by means
of a on board electronic acquisition/communication unit.

In chapter 3, taking advantage of the technical characteristics of the
proposed sensing floor technology, a hierarchical system architec-

ture as well as an ad-hoc communication protocol were proposed



to obtain a scalable and reliable solution.

The low-level data processing system is described in chapter 4. This
process is inspired by common computer vision and image process-
ing algorithms and is applied on the data captured from the sensing
floor. As a matter of fact, thanks to the regular distribution of the
sensors below the floor, the processing unit generates a pressure
image, in which each sensor corresponds to a pixel and the spatial
neighborhood relations are preserved. Thus, the pressure value is
an excellent feature to detect objects on the floor and to discrim-
inate between noise, people and objects. Suitable algorithms for
both people detection and tracking have been proposed and tested.
Moreover, with the aim to recognize people actions and behaviors
using floor data only, Machine learning algorithms have been ap-
plied. In particular, SVM and Random Forest classifiers have been
exploited to recognize some people actions such as jumps and falls.
Since the image processing algorithms above presented requires
a grid distribution of the sensors, we also studied an alternative
method based on center of pressures to extract high-level informa-
tion, which we describe in the same chapter.

In chapter 5, we present some use cases where the system has been
used as input device. In particular, three use cases are reported: two
Surveillance applications in which the floor is used for automatic



detection of intruders and people falls, three Human-Computer In-
teraction applications in which the floor is used as gamepad con-
troller for interactive applications, virtual reality and edutainment
games, and a Zone Statistics application in which the floor data col-
lection and analysis allows to characterize people movements and
common flows, for example in commercial or cultural heritage ex-
positions.

The ease of installation and configuration are essential features for
the diffusion of sensing floor systems, specially when the number
of installed modules grows. However, most of the solutions pro-
posed in the past have two drawbacks. First, an individual cali-
bration phase is required for each sensing element, because its re-
sponse depends both on intrinsic characteristics and on installation
issues. For example, the presence of ceramic tiles above the sensors,
the morphology and the flatness of the layer under the sensors may
affect the response level and range of each element. Secondly, a
manual configuration of the setup should be provided to correctly
specify the location of each module within the whole sensing area.
More specifically, the spatial transformations which convert coordi-
nates from the local coordinate systems of each module to a global
and common coordinate system are needed. For these reasons, in
chapter 6 we propose an automatic method to calibrate and dis-
cover the layout of sensing units solely based on acquired data.






Chapter 1

Internet of Things and
Sensing Floors: an overview

1.1 What Is the Internet of Things (IoT)

The Internet of Things is becoming a hot topic in research and in-
dustry but it is not a new concept. It has its roots in the "Ubiquitous
Computing" concept (also known as "Ubicomp") introduced by Mark
Weiser in 1988 at the Computer Science Lab at Xerox Palo Alto
Research Center.

This paradigm was introduced to describe a future in which a
general purpose machine (the PC) will be replaced by a large num-
ber of specialized computers, which are embedded into everyday
objects.

In one of his seminal articles Weiser [61] suggests that, due to the
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trend of unobtrusive technology and more intrusive information,
the Ubicomp technology will develop exponentially fast. He states
that: in the long run, the personal computer and the workstation will
become practically obsolete because computing access will be everywhere:
in the walls, on your wrist, and in "scrap computers” (like scrap paper)
lying about to be used as needed. Hence, ubiquitous computing.

At the time, this idea might seem visionary and it required major
technological improvements. Today, since the size, cost and
computing power of microcontrollers and microprocessors has
dropped drastically, this vision became reality. There is an huge
number of possible physical objects that might contain computing
technologies: electrical appliances, digital measuring devices,
smart homes, smart cars and so on.

However, in his work Weiser doesn’t assume that there will be
network connectivity but he only dealt with the question of how
users would interact with an environment that is physical, but
enriched with computing functionality. As he writes: Ubiquitous
Computing has as its goal the nonintrousive availability of computers
throughout the physical environment, virtually, if not effectively, invisible
to the user.

Kevin Ashton, the co-founder of the Auto-ID Center of the Mas-
sachusetts Institute of Technology (MIT) is usually credited with
coming up with the term IoT in 1998 [45].
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At the time, Ashton was focused on the creation of a global stan-
dard system for Radio Frequency Identification (RFID) tags, when
he had the idea of objects that could sense, communicate and share
information, all interconnected over a public or private Internet
Protocol (IP) networks.

Since then, the term IoT is used to refer to the general idea of
things, especially everyday objects, that are readable, recognisable,
locatable, addressable, and/or controllable via the internet, irre-
spective of communication means (e.g. via RFID, wireless LAN,
wide-area networks or other means). Everyday objects includes not
only the usual electronic devices we encounter or the products of
higher technological development such as vehicles and equipment
but things that we do not ordinarily think of as electronic at all -

such as food and clothing.

As depicted in Figure 1.1, in 2012 the number of everyday
physical objects and devices connected to the internet was around
8.7 billion. But Cisco’s Internet Business Solution Group (IBSG)
[17] predicts there will be over 50 billion connected devices by 2020
(about 6.58 connected devices per person). In this Scenario, the
impact that IoT brings to our daily lives become more prevalent.
New services and tools can emerge to address society and to
help people in everyday life [21]. For example, online devices
can be worn by people to track location, health, or fitness record,
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||7||

FIGURE 1.1: Number of connected objects expected to reach 50 bil-
lions in 2020.

similar to most wearable worn today. These devices can be used
to monitor children, employees, or elderly people which may
require special assistance. Furthermore with an advanced GPS
management system with IoT integrated into smart vehicles, traffic
and park services applications can be developed to help people
to make the best routes to work or to the nearest free parking
area. LCD monitors can be installed at bus stops to provide travel
information from buses that are fitted with GPS capabilities along-
side various other sensors which transmit data about the vehicle’s
location and current progress. Environmental IoT applications can
be developed to use sensors to monitoring air or water quality,

atmospheric or soil conditions and so on.
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Sensor
Microprocessor or

Actuator

Communication
Device

FIGURE 1.2: IoT device components: sensor or actuator, micropro-
cessor, communication device, and power source.

The above examples are just a small sample of what you can do
with the introduction of the IoT paradigm, but we can recognize
some common characteristics that can be used to define an IoT
device. These can be summarized as follow: an IoT device is a
physical object equipped with a form of sensor or actuator, a micro-
processor, a communication device, and a power source (see Figure 1.2)
[56].

The sensor or actuator gives to the object the ability to interact with
the physical world. An IoT device can possess one or more sensors
to collect surrounding information, record it, forward it or react
directly to it. Each sensor can monitor a specific condition such as

location, vibration, motion or temperature. An IoT device can also
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contain actuators to manipulate their environment (for example
by converting electrical signals into mechanical movement). Such
actuators can be used to remotely control real-world processes via
the Internet.

The microprocessor (or microcontroller) plus a storage capacity
enables the object to transform the data captured from the sensors,
although at a limited speed and at limited complexity. These
resources can be used, for example, to give products a "memory"
of how they have been used.

The communication device enables the object to communicate
its sensor readings to the outside world and receive input from
other IoT devices. In the IoT paradigm, objects have the ability to
network with Internet resources or even with each other, to make
use of data and services and update their state. IoT devices can use
various types of local area connections such as RFID, NFC, Wi-Fj,
Bluetooth, and ZigBee. They can also have wide area connectivity
such as GSM, GPRS and LTE. Within an IoT network, objects
must uniquely identifiable. RFID or optically readable bar codes
are examples of technologies with which even passive objects
(with no built-in energy resources) can be identified (with the aid
of a "mediator" such as an RFID reader, tablet or smartphone).
Identification enables objects to be linked to information associated
with the particular object and that can be retrieved from a server,
provided the mediator is connected to the network.
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The power source provides the electrical energy for the object to
do its work. In addition to traditional power sources, IoT devices
often make use of energy harvesting processes to capture and
store energy from ambient sources - including light, vibration and

temperature changes - and to convert this energy to electricity.

1.2 Intelligent Environment Systems and Sens-

ing Floors

Advances in IoT and smart sensor technology have facilitated the
rapid growth of the research activity on Intelligent Environments
(IEs). Research in this area takes on different labels and terms such
as intelligent environments, smart spaces, smart homes, and ambi-
ent intelligence are often used as synonyms; IEs are living (public
or private) spaces with embedded sensors that sense and effectors
that react to occupants. The occupant need not wear or carry a
computing - capable device, although wearable devices may aug-
mented and provide context awareness [30].

As proposed in [4], in the following we report a list of characteris-

tics that every intelligent environment should aspire to have:
* to be intelligent to recognize a situation where it can help.

* to be sensible to recognize when it is allowed to offer help.
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* to deliver help according to the needs and preferences of
those which is helping.

* to achieve its goals without demanding from the user/s tech-
nical knowledge to benefit from its help.

* to preserve privacy of the user/s.
* to prioritize safety of the user/s at all times.
* to have autonomous behaviour.

* to be able to operate without forcing changes on the look and
feel of the environment or on the normal routines of the envi-

ronment inhabitants.

* to adhere to the principle that the user is in command and the

computer obeys, and not viceversa.

These principles summarize the aims of this research area and
many of these achievements can be obtained with the integration
between an intelligent environment with a sensor devices IOT net-
work. For this scope, a wide range of sensors can be adopted with

varying capabilities, allowing, for example, the measurements of:
* position, direction, distance and motion,

e light, radiation and temperature,
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* solids, liquids and gases,
¢ identification information, including biometric data,
* sound, and images

They provide a variety of different inputs, that can range from
a simple on/off value, to values in numerical ranges (e.g., tem-
perature, and weight of a person), to richer data like fingerprints,
sound, pictures and video [13].

In Figure 1.3 a common working schema is depicted in which
the state of each IE is provided by a variety of distributed sensors
and the flow of the acquired data is channeled to the main system
through a wired or wireless network. Then, all the flux of infor-
mation is merged in real-time by a layer of software commonly
referred as middleware. This layer presents the information in a way
that can be useful to other higher decision-making modules of the
system and manages eventual incomplete or corrupt information
coming from malfunctioning sensors. The middleware of a IE
system facilitates interoperability between different parts of the
system (sensors,actuators, devices, network, etc.) created by
different providers to understand each other and converge into a
representation that is understood by software at upper levels of
the system architecture [44].

In addition to those presented in Section 1.1, the IoT sensors



16 Chapter 1. Internet of Things and Sensing Floors: an overview

\-———-__IntelligentEnvironment________ ,

loT Sensors |oT Actuators:

-
i
s
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FIGURE 1.3: Work schema of a generic Intelligent Environment. ot

Sensors devices and actuators controlled via e middleware software

service embedded into a local processing unit and remotely via inter-
net.

devices used in this scenario must have other specific charac-
teristics. For example, it is often required an high scalability for
these devices, because the sensors should be integrated into a
hierarchical network and they must also be invisible to the users
and must preserve their privacy.

In addition to the most commonly used type of sensors in IEs
projects, such as smart cameras [36], temperature sensors [37], pres-
sure sensors [52] or a combination of heterogeneous sensors [5, 53,
10], Sensing Floors (SFs) are recently attracting the interest of the
research community [47, 31, 18].
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Simplifying its structure, a sensor floor can be seen as a pres-
sure measuring system composed of a protective surface, made of
(wood, plastic, ceramic, etc.) tiles, and a grid of pressure sensors
below it (see Figure 1.4). Often the term sensing floor is also re-
ferred to common floors provided with proximity sensors such as
Passive InfraRed sensors (PIR) or with sensors that exploit optical
techniques. These can be used, for instance by illuminating translu-
cent floorboards with IR from below and inferring range from de-
tected intensity reflecting off the foot. While this can also measure
the foot when it is above the floor, it requires calibration for varia-
tions in sole reflectance and floor transparency (which can change
with time), and does not directly provide pressure signals.

In the past, many different types of measuring techniques were
used to create SFs prototypes and in Section 1.3 we will intro-
duce some of these setups. For example, SFs can use large-area
force-sensitive resistors that respond to foot pressure. These can be
fragile, however, and difficult to transport for mobile installations.
Moreover electric fields can be used, either measuring the change
in capacitance between two plates sandwiching an insulator that
compresses with pressure, directly measuring the loading of a ca-
pacitive electrode by the body when a foot is nearby, or measuring
the coupling of an external signal sent from the shoe into a receptor
electrode on the floor. But each techniques has certain advantages

and disadvantages and we will try to analyze them. However, none
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FIGURE 1.4: Work schema of a generic Sensing Floor. A SF can be

seen as a pressure measuring system composed of a protective sur-

tace, with (wood, plastic, ceramic) tiles, and a grid of pressure sensors
below it.

of them fulfills all the following requirements, which are manda-
tory to generate a reliable solution to an Intelligent Environment:

* low cost: the cost of the sensing elements should be compara-
ble to traditional floors;

* high scalability: the sensors should be integrated into a hier-
archical network, in order to allow the coverage of narrow

rooms as well as wide areas;

e transparent design: for design issues, the sensing layer must be
invisible to the users and the floor should appear like tradi-
tional floors;
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e high reliability and durability: breakable and fragile elements
should be avoided or limited to protected packages;

 temporal and spatial resolutions: they should be high enough
to allow people detection and tracking, even in presence of
multiple targets.

1.3 Related Works

Some prototypes of sensing floors for human-based action de-
tection and identification have been designed in the past. They
exploited different physical characteristics, and especially the
pressure as measurable quantity and the proximity effect related
with the electrical properties of human body. In the following, we
provide a brief overview of some previously developed prototypes,
underlying their differences and their capabilities in terms of some
evaluation parameters: the cost, the scalability, the modularity, and
the generality of the architecture. A summary is provided in the
Table 1.1.

In 1997 J. Paradiso, from MIT, proposed the famous Magic Car-
pet [32] and it was the first example of a sensing floor. The system
was designed to be used in an audio installation, where users

could launch and modify complex musical sounds and sequences
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by wandering about the carpet. A 16 x 32 grid of piezoelectric
wires, placed below a 6 x 10 foot trapezoidal segment of carpet,
running across the carpet at a roughly 4” inter-wire pitch, was used
to sense foot pressure and position. Although this wire appeared
as standard RG-174, 0.1” diameter, shielded, coaxial cable, the
insulation between center and outer conductors was made from
PVDF (polyvinylidene fluoride) polymer, which is a commonly
available piezoelectric material, often used as a transducer. This
cable will thus produce a voltage when pressed or flexed anywhere
along its length. The signal from each PVDF wire under the
carpet was buffered by a high-impedance operational amplifier,
and a pressure profile was produced by a simple diode/capacitor
envelope detector. This interactive environment was completed
with the use of a pair of Doppler radar motion sensors to tracking
movement of user’s arms and upper body. Even if the system is
characterized by a large sensing area and frame rate, it present a

poor sensor densities and it is not modular.

The ORL active floor [1], designed by Oracle Research Lab,
used a large 1.5 m x 1.5 m plate which was balanced on a 4 x 4
array load cells. Using a hidden Markov model they showed a
degree of recognition of individuals. However, this project was
primarily intended for tracking people, using the information on

the distribution of the vertical ground reaction force measured
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over the entire area of the floor. When only an object or a person is
in contact with the floor, its center of pressure correspond with its
position, but this is no longer true when two or more objects are in
contact with the sensing surface. This drawback, together with a
poor modularity and temporal and spatial resolution of the used
sensors, make this system not very useful for the development of a

modern intelligent environment.

Another FS system is the Z-Tile [41], designed by the University
of Limerick Ireland and MIT Media Lab. The system uses modular
nodes connected together to create a pressure sensitive area of vary-
ing size and shape, giving it the potential to be integrated into an IE.
Each node, known as a Z-Tile, has twenty force sensitive resistors
(FSR’s) on its surface (0.5 sensors per square inch). The nodes them-
selves have an hexagonal shape, which allows them to interlock
with each other in a regular pattern, and to be self-holding. Each
hexagon on the tile surface, even those that interlock, has one FSR
for reading pressure values, so there are no unsensed areas at tile
joints. When the tiles are being used in a floorspace, the pressure
sensors are protected by a 2 mm layer of plastic material that covers
the surface of each tile. The system have the advantage of having a
modular design, and, when joined together, the nodes form a flex-
ible, pixellated, pressure sensing surface, with a high frame rate,
but a low sensor density. The major drawback it’s related with the
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impossibility to hide the system to the users.

Lee Middleton [29] developed a floor sensor mat specifically
conceived for gait recognition. The sensor is made of a set of
binary switches and uses a simple design inspired by computer
keyboards. Each switch is made by separating a pair of wires
with a deformable foam material. Wires come into contact and the
switch is closed when a pressure is applied. These switches are
disposed on a grid and their state is read using the same approach
of computer keyboards. The design is simple and easily scalable,
even if the adopted switches are binary and they do not provide a

response commensurate with the pressure.

A portable high-resolution sensing floor prototype was pro-
posed by Prashant Srinivasan [50]. The sensor the developed
measures the pressure field generated by people walking on it. The
system consisted of several sensor mats, each one is composed of a
42x48 grid of pressure sensors with size of 48.8 cm x 42.7 cm. The
system was entirely built employing off-the-shelf components. The
sensor elements of the mat were made using a pressure sensitive
polymer between conductive tracks on sheets of Mylar and they
changed the resistance with the applied pressure. On the one
hand the proposed architecture was suitable for research-oriented
application but, on the other hand, it did not show the required
scalability and it was not cheap enough to allow the coverage of



Chapter 1. Internet of Things and Sensing Floors: an overview 23

wide areas. A high number of expensive components were used
for each mat,as well as a multi-sensor element (model-5315 by
Tekscan ') and a Rabbit Ethernet-enabled controller.

Subsequently, Chen-Rong Yu [65] proposed a localization sys-
tem to accurately estimate human’s positions. It performs single
person and multiple people tracking in a home environment. The
Condensation algorithm is exploited to locate residents” position
via multi-camera and sensory floor approaches. This work, based
on a sensor floor and four video cameras, is almost completely
focused on the proposed data processing techniques which are
thoroughly explained. Conversely, no details concerning the
nature of the forty pressure cells employed in the sensing floor are
provided, neither on the architecture of the system used to collect
the sensor data, nor on the size of the sensing area.

In their study, Domnic Savio [43] described three processing
techniques to track the gait of human walk. They developed a
smart carpet that can be laid on the floor. The sensor set forms a
self-organizing sensor network. To identify the footstep, clustering
algorithms based on Maximum Likelihood Estimate and Rank
Regression have been applied. The proposed approach is scalable
and commercially viable even if the binary nature of the embedded

YWttp://www.tekscan.com/5315-pressure-sensor



24 Chapter 1. Internet of Things and Sensing Floors: an overview

nodes does not provide a response commensurate with the applied
weight. The authors developed a 240 cm by 200 cm smart carpet
composed of 180 interconnected capacitive nodes forming the sen-
sor network. Each node is equipped with a 16 bit micro-controller.
This solution is very innovative and smart though, at the same
time, very expensive. Besides, it does not seems to be not reliable
and durable enough, due to its complexity and fragility and to
the lack of a protective layer, being directly exposed to the human

activities. As well the invisibility requirement is not fulfilled.

Yu-Lin Shen [46] developed a distributed sensing floor using
an optical fiber sensor with a spatial resolution around 18 cm.
The described method is based on Brillouin Optical Correlation
Domain Analysis (BOCDA) technology, which detects the strain
deviation along a fiber caused by pressure events. Main drawbacks
of the proposed system are the complexity of the equipment
used to detect the Brillouin frequency shift and the lack of spatial
scalability.

A further step was made by the research of Miika Valtonen
[54] in which an unobtrusive two-dimensional human positioning
and tracking system based on a low-frequency electric field was
described. The capacitance between multiple floor tiles and a
receiving electrode was measured. Their method was based on the
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fact that the human body is able to conduct a low-frequency signal.
The authors did not handle, however, problems related to the large
scale deployment, nor to the scalability of the hardware architec-
ture. The proposed method, in fact, was based on the capacitive
floor and did not provide any information related to the human
weight. The lack of weight information represents a drawback to
perform human action detection blocking any possibility to detect

non-conductive objects, regardless of the weight.

Afterwards, Jan Anlauff [2] presented a prototype of a floor
surface based on sensing elements made out of conductive black
art paper and grouped into modules forming a grid of resistors
able to measure quasi-static forces. The suggested approach was a
low cost alternative for spatially resolved tactile sensing. However
the employed signal conditioning system was based on the matrix
arrangements of the sensing elements thus the proposed solution
suffered from mutual interference between different sensors in
the matrix. The authors don’t provide a detailed description of
the scalability of the communication infrastructure; moreover, the
invisibility and the physical implementation requirements were
not considered.

A probabilistic approach to the tracking and estimation of
the lower body posture was presented in the work by Rishi
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Rajalingham [38]. Their sensing floor had limited sizes, it was
not easily scalable and commercially viable. It employed off the
shelf resistive force sensors and consisted of a 66 array of rigid
tiles, 30 cm on each side. Tiles were equipped with four resistive
force sensors, which were located at the corners. An array of six
small-form-factor computers was used for data processing. The
studied solution was focused on data processing and the exploited
sensing floor did not seem to be feasible for creating wide area
implementations. Several reasons can be mentioned, ie. the
employed sensing elements are too expensive (several USD per
piece), unfeasible for large scale applications; there is lack of details
regarding modularity, scalability and physical implementation.

Finally, Ruben Vera-Rodriguez [57] presented a work focused
on footstep signals as a biometric with a comparative analysis and
fusion of spatio-temporal information of the signals for person
recognition. The described experiments were carried out on a
footstep database. The contribution of this work is the assessment
of footsteps in time, in space, and in a combination of the two. The
performance obtained for the two domains showed error rates in
the range of 5-15% for each domain, and in the range of 2.5-10% for
their fusion. The sensor arrangement used by the authors is based
on two (45 x 30 cm) sensor mats. Each mat is equipped with 88
piezoelectric sensors and the sampling frequency for each sensor
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is quite high, 1.6 kHz. Piezoelectric sensors need sophisticated
conditioning hardware and they are expensive, and they need high
sampling rates to exploit the dynamic nature of their electrical
response. The work does not provide any details related with the
physical architecture of the presented system and its scalability.

As shown Table 1.1, even many of these proposals are very in-
teresting research prototypes which could be integrated in multi-
sensing intelligent environment. However, none of them represents
a good solution for covering large areas with a scalable and low cost
technology.
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TABLE 1.1: Sensing Floors

Authors Application Low Cost Scalability Invisibility Reliability Temporal
Technology and Spatial
Resolution
[32] Piezoelectric n n n y
Wires
[1] Load Cells n n n
[41] FSR
[29] Custom y n n y
Switch
Metrics
[50] off-the-shelf n n n y
FSR sensor
based mat
[43] custom n y n y
capacitive
textile based
[46] Optical n n n n
Fibers
[54] custom n n y n
capacitive
[2] custom y n n y
"Paper FSR"
[38] off-the-shelf n n y y
FSR
[571 piezoelectric n n n y




Chapter 2

Florim Age: an IoT Sensor
for IE Applications

2.1 The Sensing Floor Device

Despite the development of several sensing floors as detailed in
Chapter 1, none of the proposed solutions completely fulfills the
mandatory requirements needed to integrate these smart sensors
in intelligent environments. Therefore, a collaboration between the
University of Modena and Reggio Emilia and Florim Ceramiche
SpA ! has been started aiming at developing a new solution, called
Florim Age, which bridges the technological gap mentioned before.
The basic idea behind this innovative sensing floor is to modify the

already commercialized floating floors in order to obtain sensorised

'Florim Ceramiche SpA is an Italian company specialized in production of ce-
ramic tiles; http://www.florim.it

29
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(a) (b)

FIGURE 2.1: The Slim4/+ floating floor: (a) the tiles structure allows
the products to be installed without adhesive. Tiles can be applied on
pre-existing floors using a Velcro hooking membrane and a sealant
for grouting the joints. (b) A roll of the conductive polymer used to
replace the traditional hooking membrane in the Florim Age System.

versions retaining, as far as possible, features like ease of installa-
tion, practicality, functionality, and low cost of production.

A floating floor does not need to be nailed or glued to the sublayer
and, thus, it might be constructed over a sub-floor or even over an
existing floor. It consists of a polymeric layer holding up the tiles.
Therefore, every tile can move perpendicularly to the floor plane
and independently from its neighbors, so it can transmit pressure
to the sublayer due to the presence of weight on it. The VELCRO®
system is employed to keep the tiles connected to the floor and a
sealant closes the joints between the ceramic slabs.
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To fulfill the requirements detailed in the previous chapter, the ce-
ramic covering follows the same process of the commercial prod-
uct, while the polymeric coat has been replaced with a sensing layer
(see Figure 2.1). In particular, superficially the module is covered
using SLIM/4+ tiles produced by Florim. Three different versions
of the Florim Age sensor module have been developed, to which
here in after we refer as FA-v1, FA-v2 and FA-v3. Each sensor mod-
ule has a rectangular shape and is composed of a sensing pad and
a capture board. In particular, the three versions differ for the sens-
ing pad part. Although all of them exploits the conductive layer
described in 2.1.1, they differ for the particular technique utilized
to physically connect the layer to the capturing board.

2.1.1 The Sensing Layer

Resistive tactile sensor systems exploit the changes of the interface
resistivity between two surfaces due to the applied load. This effect
was discovered by Theodore du Moncel in the late 19th century.
He discovered, that an electrical current flowing between a sooted
metal plate and a nail is modulated by acoustic waves. Based
on this conclusion, he invented the carbon microphone which
revolutionized telephony [15].

Today, in resistive tactile sensors the sooted metal plate can be
replaced with conductive polymers. The load-dependent change
in resistivity can be acquired using an electrode matrix and the
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electronics is conditioned by a simpler signal compared to that of
capacitive sensors. Plotting the measured electrical resistance as
a function of the applied load on a resistive tactile sensor system,
a hyperbolic trend can be observed. This nonlinear behavior can
be used in collision detection, since for lightweight contacts to its
surface the sensor is more sensitive than at high loads. Moreover,
resistive tactile sensors are generally very robust on overpressure,

shocks and vibrations.

The electrodes for measuring the resistance can be positioned

in two different arrangements: on opposite sides of the conduc-
tive layer (Figure 2.2(a)) or on the same side (Figure 2.2(b)). In
both cases, a compression of the electrodes on the conductive layer
changes the resistance between them.
The first arrangement was used for the FA-v1 version of the Florim
Age sensors, since it enables an easier construction of the sensor
matrices. A grid of force sensitive resistors can be obtained by plac-
ing horizontal and vertical (following a matrix layout) electrode (al-
luminium) stripes directly on the sensor material. In this arrange-
ment, the load has to be applied over the upper electrode. This is a
drawback, since the sensor material is usually flexible, whereby the
upper electrode is exposed to a bending stress, which reduce the
life time of the sensor.

The second arrangement, adopted in the Fa-v2 and Fa-v3 versions,
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F ]

(a) (b)

FIGURE 2.2: Two different arrangements for resistive tactile sensors:
(a) double sided contacting of the sensor material, (b) single sided
contacting of the sensor material.

solves this problem, since in this case the electrodes are not bended
due to the material compression.

As before mentioned, the sensorised solution includes a layer
of conductive polymer, obtained as a foam of Polyethylene and
Carbon, which substitutes the original electrically insulating ma-
terial of the commercial floating floor. The layer is an Electrostatic
discharge (ESD) polyethylene extrusion with anti-static properties,
medium density (32 Kg/m?) and closed-cell foam. The obtained el-
ement is durable, lightweight, flexible, and solid. It meets the EIA
541 requirements [16] for static decay and surface resistance. Many
types of conductive polymeric material with different resistivity,

elasticity and temperature range are commercially available. The
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mechanical and electrical characteristics of the polymer used in our
application are specified in Table 2.1. Among others, the ESD roll
shown in Figure 2.1(b) can be easily supplied at affordable costs.
The anti-static characteristic is achieved through conductive chem-
ical additives. These additives are usually incorporated into the
foam during the manufacturing process. Such a technique guaran-
tees an even distribution of the conductive elements throughout the
block, which is mandatory to have a uniform electrical resistance
property. As shown in Figure 2.3, regardless the used arrangement,
when a pressure is applied on the top of the tiles, the rough surface
of the conductive polymer is compressed onto the electrodes sur-
face [62]. The electric resistance between the two stripes is related
to their physical compression rate on the intermediate polymeric
layer. In particular, the contacting area between polymer and elec-
trodes is increased whilst the resistance between them is propor-
tionally reduced. In other words, the sensor converts the applied
pressure to an electric resistance, which is measured with the cap-

ture board described in Section 2.1.2.

2.1.2 The Capture Board

Each sensor module is equipped with a custom capture board (Fig-
ure 2.4(c)), which measures the electric resistance of each sensing
element S, . (cross between two electrode stripes). In addition, the
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FIGURE 2.3: Working principle of a resistive tactile sensor cell.

board digitizes and transmits these values 1, . to the processing
unit.

The board is equipped with a 32-bit ARM micro controller (STM
32 F 103 RB ?). The signal conditioning is done using a custom cir-
cuit composed of an array of trans-resistance amplifiers. The ampli-
fier outputs a voltage response V,, proportional to the conductance
G of the corresponding sensing element. A base configuration of
each cell is reported in Figure 2.4(a).

The sensing element is depicted as a resistance Rg. Due to the
inverting configuration, a constant voltage of V... /2 is applied to the

2http://www.st.com
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TABLE 2.1: Mechanical/electrical characteristics of the resistive poly-

mer.

Characteristic Min Max Unit
Thickness 2.5 3.0 mm
Compressive strength at 10 % of relative deformation 15 25 kPa
Compressive deformation at 100 kg for 60x60 cm tile 6 10 %
Temperature range -20 +80 °C
Surface Resistance 1.0 x 10° 1.0 x 101%  Q/sq
Volume Resistivity 1.0x 104 1.0x 10 Qxem

sensing element, inducing a current I through it:

Vee/2
Rs

Since the electric currents Iy and I, must have the same inten-

I, =

2.1)

sity, the output voltage Vo becomes:

Vo="V./2 -R;-G, (2.2)

with Vo ranging from V../2 (when Rg >> Ry) to V.. (when Rg <
Ry). Reference resistances Ry in the range of [20...100] K have
been exploited in our experiments.

Thanks to the grid distribution of the sensing elements, the
overall configuration of the amplifier array follows a matrix lay-
out, as shown in Figure 2.4(b). An inverting amplifier has been
connected to each column. Selecting one row at a time, the ampli-

fier senses the electrical conductance of the cell placed in the cross
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between the selected row and column.

The row selection is provided by an array of digital switches. If
the row is connected to ground, the corresponding cell is exposed
to a positive voltage and its behavior is the same of the schema in
Figure 2.4(a). On the other hand, the other rows are connected to
Vee/2, and thus all the corresponding cells are subjected to a zero
voltage. This solution has a good reliability against crosstalk ef-
fects [45], reduces the number of components and requires only a
single supply.

The output pins of the amplifiers are connected to the Analog-
to-Digital Converters (ADC) of the micro controller, which also trig-
gers the analog switches of the row selection. The micro controller
has been programmed with the acquisition process reported in Al-

gorithm 1.

Each captured value is encoded using 16 bit unsigned integers.
The device is able to sample each value in about 10us, allowing a
scan of the whole sensor matrix and the corresponding data encod-
ing and transmission at up to 20 samples per second. Two opera-
tional modes have been implemented, i.e. the single scan and the
streaming mode. In the first case, a single capture is done and sent
for each request, whereas in the second one the sensor data are con-

tinuously captured and sent as a stream, until a stop command is
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ALGORITHM 1: The acquisition process

while stream enable do
sensordata < zeros(N, M);
forr:=1to N do
Apply 0V voltage to row r;
Apply Voo /2 voltage to the other rows;
forc:=1to M do
V' = Digitize(V,);
sensordata[r,c| < V;
end
end

Send sensordata
end

received. A schema of the hardware components of the signal con-

ditioning circuit is reported in Figure 2.4(d).

2.1.3 The Ceramic Tiles

The sensitive area of the described stack does not cover the overall
surface, but is limited to the regions of intersection between vertical
and horizontal aluminum stripes. Therefore, only objects or peo-
ple located within these regions can be detected. This drawback is
solved thanks to the ceramic tiles, which are placed on the top of
the sensors (see Figure 2.5). First, the tiles have been included in
the system to obtain a complete and stylish floor solution, which
should fulfill the requirements described in the previous chapter.
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FIGURE 2.4: Signal conditioning circuit : (a) base and (b) matrix con-
tiguration. The capturing board: (c) a picture of the board and (d) a
schema of the hardware components.
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FIGURE 2.5: Measuring the pressure field. (a) the pressure field
f(z,y) generated by a person on the floor is captured by the sen-
sor only when placed on the top of it. (b) Using the ceramic tiles, the
pressure is diffused over the whole tile extent. (c) and (d) shown the
weighting functions without and with the tiles respectively.

In addition to aesthetic and design reasons, the ceramic tiles play
an important role in the sensor device, since they act as a blurring
filter. Ideally, the pressure applied on a specific point is distributed
on the entire floor, with an effect inversely proportional to the dis-
tance. As a consequence, the value 1 (r, ¢) acquired by the sensor
Sr.c is related to all the pressure stimuli applied to the floor. The re-
lation between the pressure field applied on the floor and the sensor
response can be modeled with a kernel convolution:

+oo +00
Y(r,c) = K- /_ /_ flxo+z,y0 +y) - wi(z,y) dedy (2.3)
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where (z0,yo) is the spatial location of the sensor S, . on the floor,
f(-,-) is the pressure field orthogonal with the floor and w (-, -) is a
weighting function.

The kernel term w;(z,y) depends on the distance between the
sensor and the object/person above the floor. The normalization
constant K is related to several building factors and, thus, its value
should be calibrated for each specific sensor S ..

The response of the sensing layer (without the ceramic tiles) can

be obtained using the weighting kernel wy (z, y) of Equation 2.4:

1 |zl <IA <1
w1<x,y>—{ x| <iA ] (2.4)

0 otherwise

where [ is the width of the aluminum stripes.

The sensing layer without the ceramic layer can be effectively
used only with a very high spatial frequency of the stripes. This
principle is similar to the one used in several previously devel-
oped carpets, where discrete arrays of FSR sensors are placed for
detecting pressure. Since they are sensible only in the exact position
where the pressure is held, many sensors must be used to avoid in-
sensitive zones. As a result, the system becomes too expensive for
covering large areas.

Pairing the sensing layer with very slim ceramic tiles, the re-
sponse of the sensor with respect to the object distance follows
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a Gaussian law. The corresponding kernel wz(x,y) is reported in
Equation 2.5:

—u —v)?
wg(a:,y):exp [((93 5 )2 n (y 2) >] (25)

o

2.2 Florim Age Module Versions

During the research activity, three different versions of the Florim
Age technology have been designed and tested. Each version con-
sists of rectangular modules (2x1 meters large) with a layered struc-
ture that can be arranged to cover areas with different sizes and
shapes. Each module is composed of a tile coverage, a conductive
layer, and a capturing board as previously described. Nevertheless,
each version differs for the electrode stripes arrangement and tech-
nology. In particular, in the FA-v1 version the electrodes and the
wires toward the capturing board are obtained with a sequence
of aluminium stripes unrolled on the two sides of the conductive
polymer, lengthwise on the top and crosswise on the bottom of the
layer. The first arrangement described in Section 2.1.1 is exploited.
On the contrary, Fa-v2 and FA-v3 versions adopt the second ar-
rangement of the electrode stripes and exploit a rigid and a flexible
Printed Circuit Board (PCB) to connect the conductive layer to the
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capturing board, respectively. Advantages and drawbacks of each
version are analysed in the following.

2.21 FA-vl

In FA-v1 version the conductive polymeric layer is put between alu-
minium stripe electrodes, lengthwise on the top and crosswise on
the bottom, thus a sensing element S,. .. is created at each intersection
between a lengthwise and a crosswise stripe. The stripes cannot be
glued to the conductive element, otherwise the contact resistance
will not change during the working conditions.

Therefore, two thin polyethylene sheets have been included in the
sensor stack as a support for the adhesive aluminum stripes (Fig-
ure 2.6(a)). The whole sensing module turns out to be composed
of four layers: a polyethylene sheet with the horizontal conductive
stripes on the bottom, the conductive polymer, another polyethy-
lene sheet with the vertical conductive stripes from one side and
the Velcro on the other side (Figure 2.6(b)), and ceramic tiles on the
top (Figure 2.6(c)).

The spatial resolution of the sensor is defined by the distance be-
tween two consecutive stripes. A step of 125 mm has been adopted
in the developed prototype, so that each rectangular module con-
tains 8x16 sensing elements. This size is a reasonable tradeoff be-
tween a sufficient spatial resolution (to detect each foot of a walking
person) and the sensor cost.
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The connections of the stripes to the capture board have been pro-
vided by ribbon cables manually soldered to the stripe endings (see
Figure 2.6(d)).

The FA-v1 version of the Florim Age technology has the advantage
to be really not expensive and easy to reproduce for experimental
environments, but, as mentioned in 2.1.1, in this configuration the
upper electrode stripes are exposed to a bending stress, reducing
the life time of the sensor module. Moreover, the external wires
manually soldered to the stripes ending have proved to be not sim-
ple to reproduce in an industrial production process, making really
difficult the coverage of wide areas.

2.2.2 FA-v2

In the FA-v2 version, below the ceramic tiles coverage, the con-
ductive polymeric coat is laid on a rectangular module obtained
by joining together eight square sub-modules (50x50 centimeters
large) as those proposed in Figure 2.7(a) and in Figure 2.7(b). Each
sub-module is a rigid PCB in which the electrode stripes connec-
tions are directly etched from copper sheets laminated onto a fiber-
glass non-conductive substrate, obtaining the arrangement shown
in Figure 2.7(c). The electrical connection between the upper cop-

per layer and the lower one is obtained through the metallization
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(©) (d)

FIGURE 2.6: Hardware components of the FA-v1 sensing floor ver-

sion: (a) the aluminum stripes glued on polyethylene sheets, (b) the

conductive layer overlapping, (c) the ceramic floating tiles placed on

the top of the sensors, (d) the external wires from the sensor to the
capturing board.
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Front view

R C R

e

Non conductive layer

FIGURE 2.7: Hardware components of the FA-v2 sensing floor ver-

sion: a) the 2x1 meters large module below the ceramic tiles cover-

age and the conductive polymeric coat, b) the 50x50 centimeters sub
module and c¢) a schema of its basic structure.
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of all holes (called "vias") previously punched via a Computer Nu-
merical Control (CNC) milling machine. The overall module gener-
ating a 8 x 16 grid of sensors through the lengthwise and crosswise
copper electrode stripes parallel connected with a single side of the
conductive polymeric layer. The electronic capturing board is di-
rectly mounted on one of the eight sub-modules and connections
between sub-modules are obtained via custom flexible connectors.
This sensing floor version allows to create low cost setups and it
is characterized by a high reliability and scalability features, that
make the proposed solution very promising also from the commer-
cial point of view, allowing wide installments in both private and

public spaces.

2.2.3 FA-v3

The Fa-v3 Florim Age system can be seen as the natural technical
evolution of the Fa-v2 version, but actually it represent just a proof
of concept. The rigid FA-v2 module can be substitute with a flexible
one in which the 8 x 16 grid of electrode stripes used to connect the
conductive layer to the capturing board can be printed directly on a
Polyethylene terephthalate (PET) sheet using the ink jet material de-
position [55] and [63]. This technique is used to deposit materials of
different physical characteristics on a substrates and aims to elim-

inate fixed costs of production, reducing the amount of materials
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FIGURE 2.8: Prototype of a FA-v3 module.

used to realize a PCB. Moreover, using appropriate printing ma-
chines, this technique allows the production of larger modules re-
spect to common rigid PCB production techniques. The alternating
layers of conductive and non-conductive materials to be deposited
on the PET sheet to realize the (2 x 1 meters large) FA-v3 module are
shown in Figure 2.8. Preliminary laboratory experiments on proto-
types have demonstrated the feasibility of the production process,
but these prototype are still far from a reliable and definitive ver-

sion.
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FIGURE 2.9: (a) Resistance w.r.t. applied load, (b) conductance (G)
w.r.t applied load, (c) load cycles ON-200N-0ON: applied load and con-
ductance w.r.t time.
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FIGURE 2.10: (a) Sensor time drift for constant load (100N applied
load).(b) Sensor element 200N side effect behavior.
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2.3 Sensor Characterization

Aiming at characterizing the single sensor element behavior, a test
bench has been designed to evaluate changes in the electrical resis-
tance and the mechanical displacement due to the applied strain on

a sensing module. The test bench consists of:

e INSTRON 5567 tension/compression testing machine;

e TEKTRONICS digital multimeter model DMM4040 6-1/2
digit precision;

e a Fa-v2 sub-module;

The device under test is a single sensor element, a three layers
stack composed by a 15 x 15 (or 60 x 60) cm SLIM/4+ ceramic tile
placed above a patch of the same size of the conductive polymer
laid over a rigid PBC FA-v2 sub-module. The compression testing
machine can exert to the sample a maximum force of 6750 lbs (30
kN). The machine can be equipped with different shape and size
crosshead. We used a circular shape 6 cm diameter crosshead with
a speed range from 3.33 x 107° in/s to 0.33 in/s (8.33 x 10° mm/s
to 8.33 mm/s). Force is measured with a load cell installed on the
crosshead of the machine. An LVDT (linear variable displacement
transformer) provides measurement of the cross-head position,
and an extensometer is used to determine the strain applied to a

sample. The machine is fully computer controlled, being able to
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use any of the aforementioned transducers as the feedback signal.
Data collection from the transducer signals is also computer based.
Finally, to evaluate the sensor electrical response we used the

digital multimeter.

Using the above mentioned experimental setup, we performed
three different kind of measurements:

1. Sensor time drift for constant load: evaluation of the sensor
time drift for constant load applied. The resistance drift of
the single sensor element is an important parameter for FSR
because their resistance vary over time when a constant load
is applied and gives the force-sensing-resistors not suitable to
perform quantitative measurements of force. The evaluation
has been performed by applying a constant load of 100N (by
placing a calibration mass) to a fixed tile position, capturing
1000 samples of the electrical resistance by DMM4040 multi-
meter for a test duration of 6 min. The results are shown in
Figure 2.10(a). The trial has shown a drift percentage of 52%
respect to the initial value over the whole sixty minutes test
duration. The most consistent drift, more than 50%, occurs in
the early stage of the test, during the first two minutes follow-
ing the application of the constant load. Then, starting from

the second minute up to the end of the test, the drift does not
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exceed 2%. This can be explained by the viscoelastic proper-
ties related with the creep behavior that semiconductive poly-
mer composites display (see [24] and [66]). When a constant
force is applied, the resistance decrease with time because of
the creep of the polymer.

. Electrical resistance, hysteresis and mechanical displacement

versus force characteristics: The evaluation of the electrical
resistance, conductance, hysteresis and mechanical displace-
ment versus force characteristics has been performed by IN-
STRON 5567 testing machine to apply a dynamic normal
force to the sensor plane on a fixed tile position. Two ramps
from zero to 200N and back to zero at the different slopes of
200 N/min and 100 N/min have been applied. The electrical
resistance values have been measured on the digital multi-
meter by collecting 1000 samples (test duration of 380 sec).
The results are reported in Figure 2.9. Figure 2.9(a) shows the
measured resistance versus force characteristic, while Figure
2.9(b) shows the conductance versus applied force. The con-
ductance has been calculated using the measured resistance
values. The graphs report the resistance values collected dur-
ing the application of the two load ramps labelled "Load" in
the Figure 2.9(c). The force in the two ramps is from 0 N to
200 N, but it is applied at different slope, 200 N/min and 100
N/min respectively. The trial shows the sensor response is
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related at the speed of the applied load slope, the gap is less
than 0.9 N/min.

3. Ceramic tiles blurring filter effect: The blurring filter effect
due to the role played by ceramic tiles. The ceramic tile is lo-
cated at the top of the three layers stack structure of the sensor
element. The pressure due to the force exerted by an object on
the tile is spread on a wide area, as consequence, each sensor
captures the weights applied on a neighborhood of its posi-
tion. This effect has been evaluated using a 60x60 cm wide
tile with only one golden copper stripe electrodes located
(buried) in the middle. Using a 6 cm diameter crosshead, a
10kg reference mass has been placed on the tile at different
positions following a 2x2 cm mesh grid. The Figure 2.10(b)
shows the blurring filter effect plotting the sensor conduc-

tance as a function of the sensor-to-reference mass distance.






Chapter 3

Florim Age: Network
Architecture and
Communication Protocols

3.1 Florim Age Network Architecture

The hierarchical system architecture we propose is consisting of
three different levels of deployment: sensing floor modules, local
processing units, and a desktop class host/server machine. A high
level view of this three-tiered architecture can be seen in the Figure
3.1.

At the lowest tier more sensing floor modules can be equipped
in parallel and can be synchronized to cover large areas, adopting

the same methodology used for creating large camera networks.

55
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FIGURE 3.1: Architecture of the Florim Age System.

Each device has a unique identifier that the low-level processing
uses to address and manage multiple sensors. It is connected to a
local processing unit through a USB link, exploiting compliant hubs
if needed.

The third tier is composed by a dedicated server connected to
the local processing units through an Ethernet network. The server
also hosts a database containing information about the different
sensor modules and the local processing units available. Finally, the
server makes available different data interfaces for the end-users.
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The entire system architecture is based on cheap, off-the-shelf
hardware and exploits open-source software at every tier. In addi-
tion, other sensor devices located in the same environment can be
included and the corresponding data can be sent to the server by
means of the local processing units.

3.2 Local Communication Networks

3.2.1 Serial over USB Network

The capture board described in Section 2.1.2 is equipped with two
serial ports for data communication, namely a main port and an
auxiliary port. R5422 or RS232 serial standards are supported by
both of them. The role of the main port is to provide a direct com-
munication channel to the low-level processing unit, whereas the
auxiliary port can be used to establish a chain of neighbor capture
boards. In this case, each board receives data packets from the aux-
iliary port and forwards them to the next board of the chain or to
the processing unit through the main port. The data packet contains
a header field, which embeds the unique identifier of the board, a
body with the sensor data, and a check-sum byte at the end. Sen-
sor values are arranged by rows and added to a data packet whose
format is depicted in Figure 3.2. Sg(4,7) and S.(7,j) are the most

and the least significant byte from the sensor .S; ;, respectively.
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FIGURE 3.2: Data packet format.

The main port is also equipped with a serial to USB adapter
to provide an easier connection with the low level processing unit.
A serial to Bluetooth adapter is also available if a wireless connec-
tion is required. The wired connection is preferable since it is more
stable and, together with data cables, power lines can be installed
toward the board as well. At the same time, a wireless connection
drastically reduces the network and installation costs, but a battery
power supply should be used.

The adopted serial protocol does not exploit compression algo-
rithms to reduce the computational load on the capture board. The
following analysis of bandwidth requirements confirms the scalabil-
ity of the system even without data compression. As reported in
Section 2.1.1, a sensor module contains 128 sensors and covers a
region of two square meters. The corresponding data packet has a
fixed size of 260 bytes. We have estimated the required bandwidth
in three different hypothetical setups, i.e. a single module, a sensing
floor for a typical room of 16 square meters, and a very large area
of 10.000 square meters. Three different frame rates have been also
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TABLE 3.1: Bandwidth estimation in three different hypothetical se-
tups

Single module  Typical room  Large area

Area [m?] 2 16 10.000
N. modules 1 8 5.000
Sensors 128 1.024 640.000
Bytes for frame 260 2.080 1.300.000
Bandwidth @ 5fps [B/s] 1.300 10.400 6.5 - 106
Bandwidth @ 10fps [B/s] 2.600 20.800 13- 10
Bandwidth @ 20fps [B/s] 5.200 41.600 26 - 106

considered. Table 3.1 summarizes the results. Even in the worst
case, the bandwidth is lower than 30 MB/s, which is more or less
the real limit of a single USB 2.0 link. Therefore, the implemen-
tation of compression algorithms is not required. In addition, the
total number of sensors in the very large room is comparable with
the number of pixels of a video camera. The further processing
algorithms should fulfill similar constraints imposed on real time
surveillance systems. As a consequence, it is reasonable to assume
that a single processing unit supports a whole sensing floor in most
of the real setups.

The adoption of the RS5232 to USB converter leads to two main
benefits. From one side, it simplify the connection to the low level
processing unit, reducing any problem of compatibility and port
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availability. Moreover, USB hubs can be added to the system multi-
plexing some links and eliminating the requirement of a one-to-one
connection between a sensing floor module and the corresponding
local processing unit. This enables significant cost savings without
compromising any of the system functionality.

Even more, the USB hubs give to the system one of its most im-
portant capability: the binary power-control over the sensing mod-
ules in the system. The USB Hub Specification 2.0 requires that
self-powered hubs support port power switching. By sending a
suitable USB control message, the software can control the power
state of a given port on the hub, effectively enabling/disabling the
power supply for any attached device(s).This means that we are
able to individually control the power supply of any sensor node
in the system architecture by simply issuing a suitable USB control
message to that particular hub to which the corresponding sensing
module is connected. Finally, additional sensors (e.g., Microsoft
Kinects, cameras, or mems) can be connected to the low-level pro-

cessing units through this USB hierarchy.

3.2.2 Serial Communication Protocol

The low level processing unit communicates with each board using
an ad-hoc communication protocol. In particular, commands can
be sent using a single 8-bit data. The four types of commands are
reported in Table 3.2. The capture board replies with a information
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or data packet (or a stream of them, if required). Details on the
format of the info and data packets are reported in Tables 3.3 and

3.4, respectively.

TABLE 3.2: Serial commands

Command Description Expected answer

s’ data stream start stream of data packets

‘e’ data stream end nothing

1',/2'/3'/4" set capture frame rate (5, 10, 15,20 Hz) nothing

7 get information info data packet
TABLE 3.3: Info Packet format

Field Size [Bytes] Description

Board Id 2 Id of the board (LSB/MSB)

Firmware version 2 Version of the capture board firmware

Framerate 1 Capture speed [Hertz]

NR 1 Number of rows (default 16)

NC 1 Number of columns (default 8)

BPP 1 bit per pixel (default 16)

3.2.3 The Ethernet Network

The connection among the low-level processing units and the
server is provided by a LAN network, which guarantees a better
scalability, remotization and distribution of the system.

The USB infrastructure is limited to 127 USB devices with a
maximum distance of 30 m between the low level processing unit
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TABLE 3.4: Data Packet format

Field Size [Bytes] Description

header 2 0xFD 0xFD

N 2 frame number (auto-increment)

Data NR xNCx2 sequence of sensor values (by rows)

Check-sum 1 bitwise Xor (header included, check-sum excluded).
Footer 1 OxFE

TABLE 3.5: Default Serial link parameters

Parameter Value
Baud rate 460800
Databits 8

Bit Stop 1

Flow control None
Parity None

and the sensor modules (achieved by daisy-chaining of up to 5 USB
hubs) [22]. While suitable for small to medium size architectures,
these limitations are not compatible with our goals for scalability of
the architecture and support for geographically extensive deploy-
ments.

Thus, the local processing units also act as bridge between the
USB infrastructure and the Ethernet one. In this case, the serial
data packets described above are embedded in TCP or UDP data
packets, if needed.

Finally, the Ethernet Network supports the transfer of processed
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data as described in the following chapters. Several application-
specific and generic protocols have been defined and tested. Some

examples are reported in Chapter 5.






Chapter 4

Data Processing

This chapter describes the software algorithms and architectures
specifically conceived to process floor data. As reported in Chapter
3, sensor values are sent to a processing unit which aim at extract-
ing high level information, such as presence and positions of peo-
ple and objects. Two main approaches can be adopted. The first one
takes inspiration from the video surveillance field. Sensors are seen
as pixels of a video camera. Thus, each frame (called floorimage,
hereinafter) contains a representation of the sensor data, where the
intensity of each point is proportional to the sensor value. A grid
distribution of the sensors is mandatory. Then, similarly to video
surveillance systems on static cameras, moving objects are detected
with the help of background subtraction steps and tracked using
discriminative or generative approaches. Finally, action and behav-
ior classification algorithms are adopted as last step to extract high
level information for each tracked person (see Fig. 4.1).
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FIGURE 4.1: Schema of the low level processing engine using the
floorimage model.

In addition to the floor image model, we studied and tested
an alternative method based on Center Of Pressures (COP), which
does not require a grid distribution of the sensors.
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4.1 Floorimage data processing

4.1.1 Definitions and Floorimage acquisition

Let ¥ be the whole data captured from a generic sensing floor. As a
mandatory constraint, the sensing elements are spatially arranged
on a grid; then the captured data ¥ can be stored as a 3D matrix
U = {Y(z,y,t)},x € [1... W],y € [1...H],t € [1...T]. W and
H define the size of the whole floor grid and 7' is the number of
temporal samples.

Each element ¢ (z, y, t) is a digital version of the value sampled
at time ¢ from the sensor S(x, y). The spatial neighborhood relations
among sensors are preserved in the matrix W.

Due to anomalies of the coat below the floor or irregular place-
ment of the tiles above it, each matrix element ¢ (z, y,t) may have
a proper output range different from the others. A linear transfor-
mation should be included in the capturing step to normalize the
sensor response 1(z, y, t), as in the following equation:

@b(l’, Y, t) = Qgy - 1&(337 Y, t) + ﬁ:v,y- (4.1)

In real implementations, the whole data V¥ are collected by mul-
tiple sensor modules working in parallel for scalability issues. The
modules can be freely disposed on the floor to cover large areas.
However, since a grid distribution of the modules leads to an easier
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FIGURE 4.2: From sensors to floorimages: the output value normal-
ization and the module mosaicing step used to generate the whole
floor data .

integration and processing of the data, we adopt this grid assump-
tion. Therefore, ¥ is obtained by mosaicing the sub-matrices ¥,,,
m € [1... M] sampled from the M modules.

A schema of the acquisition phase is reported in Figure 4.2. Each
sensor Sy, (x,y) delivers a digital value Um(z,y,t) at every instant
t. The index m refers to the hardware module which contains the
sensor, while the coordinates z,y indicate the position of the sen-
sor within the module using the local reference system (see Figure
4.3(c)).

Chapter 6 describes an automatic system to estimate the Sen-
sor Calibration and the Floor Layout configuration parameters (red
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FIGURE 4.3: A sensing floor prototype (a) composed by two modules
(b) of 8x16 sensors each. The complete Florimage is a matrix of 16x16
pixels (c).

parallelograms in Figure 4.1) directly from training data. The pixel
value (4, j, t) is proportional to the corresponding value digitized
by the capture board (sensordata|r,c]) and scaled to fit the range
[0-255] of 8-bit gray-level images (see Fig. 4.4).

4.1.2 Background modeling and update

Floor image pixel values include contributions due to deadweight,
tile weight and noise, in addition to the pressure applied by an ob-
ject or a person. Moreover, the presence of background objects in
the scene (e.g., a chair or a bag left on the floor) makes the sensor
calibration unfeasible. Thus, floor images are firstly pre-processed
in order to filter out those undesired contributions. The operation
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(b)

FIGURE 4.4: Graph of the sensor values (a) and the foreground image
(b) obtained with the setup shown in Figure 4.3.

is akin to the background subtraction task included in computer
vision systems for people detection with fixed-cameras [33, 23].
The foreground image F' = { f(4, j,t)} is computed as follows:

Fii) = { P(ing,t) = b(i 1) F (W0, 5,8) = bi,5,1)) > Th
0 OTHERWISE
(4.2)
where b(i, j, t) are the pixels of the background model B available
at time ¢ (floor-background) and T'h is a fixed threshold.
In most of the real tests, we have adopted a statistical back-
ground model with a very low updating rate. Each background

pixel b(i, j,t) is estimated as the mean value of N, samples. A
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uniform sampling within a sliding window is performed to speed-
up the background estimation step and to reduce storage require-
ments, as defined in Equation 4.3.

b(i7j7 t) = Inean {¢(i>j7t - At)a 7¢(i7j7t - NbAt)} (43)

where NV, is the number of samples used and At is the temporal
interval between two consecutive samples. In the following exper-
iments we have set NV, = 10 and At = 30 s.

4.1.3 People detection and tracking

The spatial resolution of sensing elements is set to 125 mm, as de-
scribed in Chapter 2. It is reasonable to presume that at least one
sensor has a non-zero response when a person is walking on the
floor. On the contrary, each person usually stimulates more than
one sensor with each foot. The final aim is the estimation of the
correct number of people on the floor as well as their position at
each time. We follow the well-established tracking-by-detection
paradigm, largely adopted in people surveillance through com-
puter vision [, 7].

In computer vision, people tracking is very challenging because
there are many sources of uncertainty for the object locations, such
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as measurement noise, clutter, changing background, and signifi-
cant occlusions. In order to cope with these difficulties, tracking-
by-detection approaches have become increasingly popular, driven
by the increasing reliability of object detection algorithms.

Such methods involve the continuous application of a detection
algorithm in individual frames and the association of detections
across frames. In video surveillance, this technique is in contrast
to background modeling-based trackers. The main challenge when
using an object detector for tracking is that the detector output is
unreliable and sparse, i.e., detectors only deliver a discrete set of
responses and usually yield false positives and missing detections.
Thus, the resulting association problem between detections and tar-
gets is difficult.

People detection on floor data has some advantages, in partic-
ular thanks to the (reasonable) absence of occlusions, a very slow
modification of the background due to environment factors (such
as temperature and humidity, which can be compared to the illu-
mination changes in computer vision), a favorable signal-to-noise
ratio. At the same time, floor data has two additional drawbacks.
The first one is related to the unavoidable bi-modal interaction of
each person with the floor. The contribution of each person’s foot,
in fact, has a temporal intermittent behavior which is not strictly
related to other foot (see Fig. 4.5). Specially in crowded situations,
it could be very hard to estimate the person position and number
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FIGURE 4.5: Picture of a person standing on the sensing floor and
the corresponding captured values. The two peaks correspond to the
two feet, contemporaneously touching the floor during static poses.

from the positions of the feet touching the floor only. In addition,
floor data is subject to the “Confusion Problem” [11]: confusion
happens when there are similarly-appearing objects close to the ob-
ject of interest. The similarity causes trackers to confuse the object
of interest with the others.

We solved both the problems with constraints on the spatial dis-
tance among detections. The non-zero values of the foreground im-
age are clustered using a Gaussian mean shift [12], starting from all
the local maxima as seeds. The variance parameter o of the kernel
has been set to 50 ¢cm?, which is large enough to cover a typical hu-
man step and to consider all possible data contributions due to both
the feet of a walking person (see Figure 4.6). The selected o value
allows to filter out noisy peaks within the Kernel radius. If two
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or more people are too close each other (the inter-person distance
P4 Pg of Figure 4.6 is comparable with the o value), the mean-shift
algorithm will generate a single detection for the whole group.

The association of detections to people (i.e., the tracking al-
gorithm) is based on positions only. The tracker should handle
two main challenges: the motion of the person and the absence
of interactions with the floor during aerial phase of a running or
a walking. Given the detections D; at frame ¢ and the current
set of tracks T}, we first compute the Euclidean distance matrix
M(i,j) = D2(D;, T}). The detection to track association is provided
using the schema proposed in [39]. For each frame, some detec-
tions may be assigned to tracks, while other detections and tracks
may remain unassigned. The assigned tracks are updated using the
corresponding detections. The unassigned tracks are marked invis-
ible. Finally, unassigned detections begin new tracks. Each track
keeps count of the number of consecutive frames where it remained
unassigned. If the count exceeds a specified threshold, the tracking
algorithm assumes that the object left the floor and it deletes the
track.

Since our applications are not required to work in very crowded
situations, the implemented tracking algorithm handles neither
groups (i.e., people closer to each other than a foot step) nor abrupt
position changes (e.g., people leaping around). The reader can re-
fer to [49] for more complex tracking schemes, if required by the
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FIGURE 4.6: The Gaussian Kernel used in the mean shift clustering of

people positions. The inter-person distance P4 P between two users

should be greater to the o kernel parameter in order to be correctly
distinguished.

4.14 Action and event recognition

The recognition of people actions and behaviors using video cam-
eras has been deeply addressed in the past [35]. A very common
solution is based on the classification of spatio-temporal descrip-
tors (STD) [25, 20]. We applied the same approach to floor im-
ages. In video analysis, spatio-temporal patches can be obtained

by stacking a set of rectangular sub-images of interest, which have
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FIGURE 4.7: Examples of spatio-temporal patches extracted during
different action classes.

been cropped from each frame (see Fig. 4.7). Similarly, the selection
of the rectangular spatial regions on floor images may follow two
different approaches, called region-based and person-based in the fol-
lowing lines. In the region-based approach, floor images are always
cropped on the same fixed region, such as the square area covered
by a tile. In this case, the region is manually selected independently
from its content. As a consequence, the patch may contain a person,
an object or even nothing. If a person or an object is located within
the region, its position with respect to the patch center is not fixed.
This first method does not require people detection and tracking.

In the person-based approach, instead, the region of interest fol-
lows and is centered around the estimated position of a detected
and tracked person. Differently from the previous case, the person
is always in the center of the patch. This assumption leads to the
selection of different feature sets and to the recognition of different
types of action. We have addressed the region-based action recog-
nition approach in the previous work [27], while in this section we
describe the person-based method.
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Generic people actions depend both on the spatial movements
of the person over the floor and on the type of interaction with the
floor itself. For example, a person walk can be recognized using the
trajectory on the floor, while a jump also requires the temporal anal-
ysis of the data. For this reason, two corresponding categories of
features have been extracted, called tracking-based and patch-based,
respectively. Tracking-based features @ are defined as follows:

' = {gblla ¢/2}
91 = Zii?-tm |Tht1 — Tr| + |Yrt1 — Ykl (4.4)

Oy = |Tiear — Te—At] + |Yer At — Ye—At]

where (x¢, y:) is the position of the person on the floor at time ¢ and
2At is the patch size along the temporal axis.

The two features ¢ and ¢), take into account the motion of the
person on the floor. ¢} is proportional to the length of the person
trajectory, while ¢4 is related to the distance between the source and
the target position of the person within the considered patch. For
example, the combination of both the features allows to distinguish
among a static person, a person walking straight and one swinging
on the same position.

Patch-based features ®” are computed on the three dimensional
matrix P(4, j,t), which contains all the foreground values included
in the selected spatio-temporal patch.
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Let M (t) be the mean value of P at time ¢ and b(t) the co-
ordinates of the barycenter of the slice of P extracted at time .
Since the patch is extracted around the person’s position estimated
by the tracker, the barycenter b(¢) will be close to the center of
the patch. However, b(t) is also influenced by the person pose
and the corresponding non-uniform distribution of his weight.
C'(t) is the covariance matrix of the vectors {x,y, P(z,y,t)}. Let
{e1(t), ea(t), e3(t)} be the three eigenvalues of the matrix C(t).

The features ®” = {¢7,..., ¢} are extracted as average, min

or max of the previous defined values as follows:

¢ =S M(t)

¢y =20 (M(t) — ¢1)

¢f =+ Dy |M(t) — M(t—1)]

f=L. 30 (IM(t) — M(t—1)| — ¢3)

B = i Sis [[blt) — blt — 1) ws)
¢6 =+ S ry (1b(t) = b(t — 1)|| — ¢5)?

{07 .. do} = & - Y {ei(t) .. e3(t)}
{7o--- )5} = ming{ei(t) ... e3(t)}
{5 ... 15} = max{ei(t)...e3(t)}
U6 = marw * Dot Sonet Doget [P(@,y,t) = Plx,y,t = 1))
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where ¢/ and ¢} are the mean and variance of M (t) over the tempo-
ral interval; ¢% and ¢/ are the mean and variance of the M (¢) varia-
tions. ¢f and ¢ take into account the movement of the barycenter.
Finally, ¢7 to ¢/, evaluate the average, the minimum and the maxi-
mum three eigenvalues of the covariance matrix. Finally, ¢} is the
Mean of Absolute Differences (MAD) between consecutive values
sensed by the same sensor. The concatenation ® = {®’, ®"} of the
tracking-based and patch-based features is used as input to a set of
supervised Random Forest classifiers.

Random forests [6] are an ensemble learning method for classi-
fication (and regression) that operate by constructing a multitude
(forest) of decision trees at training time. Each tree is learned on
a random subset of the training data, generating a weak classifier.
The output class of the forest is the mode of the classes output gen-
erated by the individual trees.

Since the proposed framework is conceived for human-
computer interactions, a small set of natural and basic actions has
been selected in this work. In particular, we aim at simulating
common input devices such as a multi-touch screen or a mouse.
People locations on the floor define the positions of the input com-
mands, while jumps are mapped to click events. The lying on the
floor class has been included in the action recognition classifier to
enable surveillance applications. Finally, an empty class has been
added to handle errors of the detection and tracking system. A
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TABLE 4.1: Description of the considered classes.

Class Description

class 0 | Absence of people or weights on the floor

class 1 | Presence of a standing person on the floor

class 2 | Presence of a walking man on the floor

class 3 | Presence of a jumping man on the floor (single jump)
class 4 | Presence of a lying person on the floor

qualitative and a quantitative analysis of the selected features and
the implemented classifiers is provided in an experiment proposed
in [27]. Using an experimental environment consists of a FA-v2
Florim Age system of 12 square meters, data from the floor have
been acquired at a scan rate of 10 Hz. Three classifiers have been
trained using the proposed feature set proposed, extracted from 100
acquisitions of 2 seconds for each class listed in Table 4.1.

In addition to the results obtained with Random Tree classi-
fiers, the system performances using linear Support Vector Ma-
chines (SVM) and Nearest Neighbor classifiers have been evalu-
ated. The classification accuracy is computed adopting the leave-
one-out methodology and applying the one-against-all configura-
tion for the binary classifiers. Table 4.2 shows the obtained results,
highlighting a very promising accuracy (average of 97%).

In order to evaluate the efficacy of the selected features to dis-

criminate a standing person (class 1) from a fixed obstacle of similar
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TABLE 4.2: Accuracy results using Support Vector Machine

SVM Random Trees N.N.

classOvsall 98.8% 99.8%
class1vsall 95.8% 92.6%
class2vsall 94.4% 98.0% 85.8%
class3vsall 92.0% 96.2%
class4vsall 97.6% 98.4%

TABLE 4.3: Accuracy results of class 1 vs class 5

Accuracy
SVM (class 1 vs class 5) 89.5%
RF (class 1 vs class 5) 98.8%
NN (Euclidean) 85.8%
NN (Manhattan) 85.6%

size and weight, an additional class (class 5, hereinafter) has been
introduced. To this aim, the system has been tested on further 100
acquisitions from the selected region with the presence of a static
object having a comparable weight. The accuracy of the three clas-
sifiers to discriminate between standing people and fixed objects

are reported in Table 4.3.
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FIGURE 4.8: Schema of two different placements of 25 sensors with
(a) a random distribution or (b) a grid. Examples of Floor Cells with
4 sides and 4 vertices are colored in red.

4.2 The COP MODEL

4.2.1 Data Model

At each capturing interval ¢, all the sensors s € S provide a corre-
sponding discrete response V;(t). The whole area covered by the
set of sensors can be partitioned into convex polygonal cells, hav-
ing the sensors as vertices. The type of polygonal decomposition
strictly depends on the sensor layout and the spatial resolution.
Two very different cases are reported in Figure 4.8. If the sensors
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are placed with a regular grid distribution as usual, a possible de-
composition is composed by rectangular cells as reported in Fig-
ure 4.8(b). The obtained areas are called Floor Cells hereinafter,
and are represented by the set of sensors placed at the vertices:

FC;C S, (i=1,2,---,M).
The state of a Floor Cell F'C; is represented by a 3D point F;
(:=1,2,---, M) as follows:

P (t)

S X, - Va(t) S Y. - Vae(t) T
VseFC; VseFC;
Pit)y=| PY(t) | = : , : s> Ve (4.6)
v VS S
velto, " e, Y veEFa
PZ(t)

The first two coordinates P?, Pz-y are respectively equivalent to
the plane coordinates of the COP, while the third one P7? is the in-
tensity of the GRF associated to the floor cell.

When no pressures is exerted on a floor cell F'C;, the location
P74 of the 3D point is only influenced by the sensor calibration and
the dead weight of the tiles. Instead, when a person walks on the
tloor, the corresponding pressure moves the point P; from the equi-
librium state P{? toward a new position P;(t) . From Eq. 4.6, the
projection of P; on the ground plane falls within the F'C; convex-
hull.

At time ¢, a floor cell F'C; can be considered in an excited state
(i.e., a person or an object is located on the corresponding region) if
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the following condition occurs:

IN; - (Pi(t) — Py")|l2 > TH (4.7)
where T'H is an application defined threshold, ||-||2 is the Euclidean
norm, N; indicates the following normalization matrix:

r,00 Y, Tz

N; = diag (d—1 d-! d_1> . (4.8)

The normalization matrix is defined for each floor cell F'C; and
takes into account the geometrical extent of the cell itself. d,; and
dy; are the dimensions of the F'C; convex-hull, while d,; is the
maximum variation of the GRF intensity and is estimated during
a calibration phase of the capturing board. As a consequence of
the random spatial distribution of the sensors, even a single person
may trigger more than one floor cell. Thus, a cluster of neighbor
floor cells will switch to a non-equilibrium condition for each per-
son located on the sensing floor. The temporal analysis and track-
ing of these clusters allows to detect and track people on the floor,
as detailed in the following section. A visual example is reported in
Figure 4.9. The sensor values captured at the equilibrium and with
a walking person are reported on the left and center graphs. On the
right, a plot of the vectors P;(t) — P;? evaluated in equation 4.7 are

shown.
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4.2.2 People Detection and Tracking on COP models

Let C;(t) = {FCy} be a cluster of neighbor floor cells which are
simultaneously excited at time ¢. Eq. 4.7 filters out contributions
due to the noise and assures that the cluster has been generated by
a person on the floor. His position (B5 (1), B;’ ()) on the floor at time
t can be estimated from the 3D points F; associated to the floor cells
included in the cluster as in equation (4.9):

M;(t) = > P7(t)
Bj(t) = ﬁ 2. Br(t) - PE(E) (4.9)

BY(H) = 375 Si P - PO

The set of clusters is obtained with a connected component la-
beling of all the excited cells. Two F'Cs are defined as connected if
their intersection contains at least one sensor. For a uniform grid
distribution, this assumption is similar to the 8-connection of pixels
(See Fig. 4.8(b)).

Successive detections of the same person are temporally tracked
with a nearest neighbor matching based on positions only. The
main purpose of the tracking step is the recovering of people’s po-
sitions in some short temporal slots, during which the floor is not
able to detect them. For example, when a person changes the front
feet during a walking or, more clearly, during a jump, the pressure
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exerted on the floor is null.

Given the detections D; at frame ¢ and the current set of
tracks T, we first compute the Euclidean distance matrix I'(7, j) =
Dy(D;,Tj). The detection-to-track association is provided using the
schema proposed in section .

4.2.3 Experimental Evaluation

To evaluate the proposed method, we have exploited a Florim Age
Device distributed by Florim Ceramiche SpA ! and described in
[26]. The device is covered by tiles of 600mm x 600mm, thin
enough (4.5 mm) to allow the sensing elements below them to cap-
ture the presence of walking people. The sensors are distributed
on a regular grid of 16 rows by 20 columns. The 320 sensing units
covers a rectangular area of 4 square meters.

The experimental environment is also equipped with a Mi-
crosoft Kinect sensor. The acquisition of the floor data and of the
Kinect sensor are synchronized with an external trigger (set to work
at 10Hz in these experiments). The people detection and tracking
capabilities of the Kinect subsystem have been exploited to auto-
matically generate the ground truth, composed by the set of people
positions on the floor. The Extrinsic calibration parameters of the

1http://www.slim4plus.it/en/floor—sensor—system/
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Kinect device with respect to the floor have been estimated to trans-
form the 3D coordinates of people feet joints into floor coordinates.

Using the experimental setup, 6 data sequences’ of walking
people have been acquired, involving 1 to 7 individuals. People
weights are also ranging from 45 K¢ to 100 Kg.

The algorithm has been evaluated counting the number of True
Positive (IP), False Positive (FP) and False Negative (FN) detec-
tions. A detection provided using the algorithm reported in Sec-
tion 4.2.2 is counted as a TP if the Kinect sensor provides a corre-
sponding person position closer than 25 ¢m. The precision Pr =
TP/(TP + FP) and accuracy Ac = TP/(TP + FN) metrics are
also computed as usual.

Thanks to the regular distribution of the sensing elements on a
grid, M = 285 floor cells F'C; of 4 sensors each have been generated
using the schema reported in Figure 4.8. For each floor cell F'C;,
the coordinates of the equilibrium state point P;? were estimated
by averaging a short sequence of sensor values captured with the
empty floor. The threshold T'H of Equation 4.7 has been set to 0.65
by maximizing the precision and recall of the detection algorithm.
The corresponding ROC curve obtained at different threshold val-
ues is reported in Figure 4.10.

Dataset available at http://imagelab.ing.unimore.it/go/
sensingFloor
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TABLE 4.4: Detection algorithm results
Seql Seq2 Seq3 Seq4 Seqb Seq6
PIM | COP | PIM | COP | PIM [ COP | PIM | COP | PIM | COP | PIM | COP
Nframes 2353 1936 1504 1060 1311 1901
Precision | 079 | 0.91 | 053 | 0.87 | 0.77 | 0.95 | 0.79 | 0.76 | 0.79 | 0.89 | 0.71 | 0.87
Accuracy | 0.86 | 0.92 | 0.53 | 0.86 | 078 | 0.96 | 0.83 | 0.81 | 0.81 | 0.91 | 0.65 | 0.84
TP | 1245 | 1204 | 1333 | 1253 | 1287 | 1286 | 699 | 699 | 1028 | 1027 | 1793 | 1921
FP 326 | 121 | 1161 | 192 | 393 | 65 | 183 | 218 | 280 | 126 | 737 | 285
N 861 | 1024 | 18 | 479 | 87 | 173 | 210 | 220 | 157 | 271 | 88 | 314
MD (cm) | 20.68 | 20.44 | 24.56 | 20.37 | 17.37 | 14.63 | 19.70 | 19.02 | 15.40 | 15.69 | 21.03 | 19.11
TABLE 4.5: Tracking algorithm results
Seql Seq2 Seq3 Seq4 Seq5 Seq6
PIM [ COP | PIM [ COP [ PIM [ COP | PIM | COP | PIM [ COP | PIM | COP
Nframes 2353 1936 1504 1060 1311 1901
Precision | 0.84 [ 0.94 | 057 [ 0.90 | 0.80 [ 0.96 | 0.82 [ 0.79 | 0.83 | 0.91 | 0.75 | 0.90
Accuracy | 0.88 | 0.94 | 0.56 | 0.88 | 0.81 | 0.97 | 0.85 | 0.83 | 0.85 [ 0.92 | 0.68 | 0.86
TP | 1232 | 1203 | 1305 | 1249 | 1284 | 1286 | 698 | 699 | 1026 | 1027 | 1768 | 1920
FP 239 | 82 | 999 | 143 | 326 | 48 | 157 | 190 | 213 | 105 | 598 | 223
N 905 | 1027 | 35 | 482 | 95 | 174 | 217 | 221 | 173 | 272 | 106 | 318

We tested and compared the COP method with respect to the
PIM algorithm on the six sequences. Table 4.4 and Table 4.5 report
the values of all the estimated performance parameters for each se-
quence, with or without the tracking stage, respectively. In each
table, the best results in term of precision and accuracy are high-
lighted. The precision and accuracy obtained with the COP model
are higher than those obtained with the PIM one, except for the 4-th
sequence.

The mean distance between the detection and the ground truth
positions is also reported in the last row of Table 4.4. The closest



Chapter 4. Data Processing 89

mean distances are those obtained with the COP based detection
algorithm.
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FIGURE 4.9: Visual example of the COP vectors. (a) and (b) pictures

of the empty floor and with a walking person. The sensor values

captured at the equilibrium (c) and with the walking person (d). On

the right (e), a plot of the vectors P;(t) — P evaluated in equation
47.
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FIGURE 4.10: ROC curve at different thresholds of the detection al-
gorithm proposed in Section 4.2.2 on a calibration sequence with a
person of 45 K g on the sensing floor.






Chapter 5
High-Level Applications

The low-level processing described in Chapter 4 generates events
and commands to be captured and exploited by the high-level ap-
plications, which are basically unaware of the physical details of
the capturing device. This general and flexible architecture enables
a plethora of applications, ranging from surveillance to entertain-
ment. The “camouflage” of the sensors beneath the tiles plays a fun-
damental role in the development of both collaborative and non-
collaborative tasks (See Table 5.1).

The collection of data for offline processing, statistical analy-
sis and logging are the basic features required by non-collaborative
applications, such as surveillance or people flow analysis inside
marketplaces or exhibitions. Introducing a more sophisticated pro-
cessing level, specific events and information can be extracted in
real-time to trigger alarms or actions. For example, the automatic
detection of a queue at the counter may alert additional cashiers.

93
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In the collaborative case, instead, the user explicitly wants to
interact with the system by means of the floor, expecting a real-time
feedback to the action or movement done over the floor. We have
divided the applications in two categories, depending on the level
of interaction and the corresponding complexity of the processing
engine. Basic applications only require the instantaneous position
of the people as input, while more data are needed in the second
category.

This chapter describes some real use cases related with real-time
surveillance, human-computer interaction, and zone statistics. In
the first case, algorithms for action recognition and human behav-
ior understanding have been proposed and tested. In the second
case, the floor has been used as input device for games and inter-
active applications. Finally, the sensing floor technology has been
exploited to develop people counting and zone statistics systems.

5.1 Use case: People Surveillance

Traditional surveillance systems are composed of a network of vi-
sual sensors and one or more processing and storage nodes. De-
spite their large diffusion, two major drawbacks still character-
ize vision-based systems. First of all, the complete coverage of

wide areas is reached only using a redundant number of cameras.
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TABLE 5.1: Sensing floor application taxonomy.

Non Collaborative

Data Collection Real Time Event Detection
Offline processing Surveillance
Statistical analysis People counting
Log data Statistical Flow analysis

Collaborative

Basic Interaction Full Interaction
Single person position detection Human Behavior Understanding
Simple event detection [e.g., jump] | Multiple person interactions

Placement constraints and the handling of occlusions due to furni-
ture, objects and people usually impose the adoption of multiple
views, especially in indoor environments. Furthermore, privacy is-
sues strongly limited the usability and also the user acceptability
of surveillance systems. Completely automatic infrastructures only
mitigate the problem by storing and exploiting anonymised or ag-
gregate data. The alternative solution obtained with sensing floors
is cheap enough to allow the coverage of wide areas, the sensors do
not change the design or the appearance of the floor. In addition,
the data collected from the sensors do not contain identifying ele-
ments such as faces or biometric details, assuring a complete com-
pliance with the user privacy.

Snapshots of surveillance demo applications are reported in
Figure 5.1. In the first two images (Figure 5.1(a) and Figure 5.1(b)),
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the floor is used to detect people inside a safe area and to trigger the
Microsoft Kinect sensor. Visual data are not captured and stored if
people do not enter the safe zone. In the second case, using high
level information from the the tracking and action recognition steps
proposed in chapter 4.2.2 and 4.1.4, the floor is used to detect (ab-
normal) behavioral patterns and to activate rescue procedures in
case of people falls. The Florim Age system can be integrated into
home environments to assist old or disabled people. Its purpose is
to monitor the inhabitant’s position and behavior. The presence of
a lying person, combined with the detection of additional people in
the same room or home, can be exploited to trigger internal alarms

as well as calls for assistance request (see Figure 2.4).

5.2 Use Case: Human-Computer Interaction

In addition to explicit HCI interfaces based on voice, vision and
touchscreens, sensing environments are becoming an effective and
tfeasible way to interact with virtual worlds. Sensing environments
bypass the use of non-natural input devices such as keyboard and
mouse, that force users to learn the computer interface paradigm.
In addition, they can also avoid the need of semi-natural interfaces
like touchscreens and make humans completely free to move and

interact with virtual or physical items and with other humans. To
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test the capability of the sensing floor as input device for inter-
active and collaborative interfaces, we have created four sample
applications described in the following.

Virtual Street View: the setup of the virtual street view is com-
posed by a pad made with the sensing floor technology surrounded
by projection screens. The position of a user within the floor con-
trols a “Virtual Street View” journey. After the selection of a starting
and destination position on a Google Map (see Fig. 5.2(a)), frontal
and lateral frames of the entire route are captured from Google
Street View. As the user walks toward the frontal screen, the pro-
jected frames depict a place closer to the path destination (see Fig.
5.2(b)). Walking back, the views are collected from places closer to
the starting position, instead.

The application is based on three modules: the OSC client, the
web based application, and the bridge within the two previous
units (see Fig. 5.3). The OSC client interacts with the OSC server
(i.e., the low-level processing unit) to receive the user location on
the floor. In turn, the client forwards the current position and cor-
responding events to the web browser thanks to the bridge, which
exploits the node.js [51] and the socket.io frameworks [40]in order to
establish suitable socket ports.

The web based application recovers the journey frames using
the Google Maps Javascript APIs [14] and visualizes the output
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on a set of browser windows using the emerging web-standard
WebGL.

Human Media Player: the setup is the same of the Foot
painting application. A video or a picture sequence is projected on
the screen. The position of the user on the floor controls the current
media playing position. The application increases or decreases the
video player speed as the user approaches the screen or moves
further away from it. Moreover the user can select a video or a
picture from a list of them simply moving right or left. A snapshot
of the human Media Player is reported in Figure 5.4(a).

Virtual Navigator: the setup of the Virtual Navigator is the
same of the Foot Painting Application. The sensing floor is parti-
tioned into nine regions corresponding with cursor control keys of
a joypad (see Figure 5.4(b)). After a brief training stage in which
the user learn how to interact with the application (Figure 5.4(c)),
his position on the floor allows to control movements of a character
into a 3D virtual environment (Figure 5.4(d)). The 3D framework
was developed exploiting Unity resources as game engine which is
distributed by Unity Technologies [19].

Foot painting: a projector screen is placed near to the sensing

floor. A famous painting or a picture is selected and partitioned
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into small rectangular portions. Each of them is associated to a
region on the floor. The position of a detected person triggers the
projection of the corresponding image portion for few seconds.
The user is thus encouraged to quickly walk all around the floor
to unveil the entire image. Some snaps from the described appli-
cation are reported in Figure 5.5. The top row shows pictures of
the sensing floor and of a user walking on it. The graphs in the
central row depict the sensor responses, while the output of the
revealed painting is reported on the last row. Since the last frame
(d) has been acquired few seconds after the previous one (c), the
painting areas activated in (j) and (k) are no more visible in the

corresponding final output (1).

Since entertainment applications were proposed on real mu-
seum installation and on public conferences and showrooms we
had the possibility to test their performance. Virtual reality frame-
works are difficult to evaluate quantitatively, since it is not pos-
sible to define a ground-truth and a corresponding metric. Sys-
tems are usually evaluated by means of user interviews, where the
presence of interaction is measured with subjective rates. We have
followed the definition and the protocol provided by Witmer and
Singer [64], extracting 11 questions among the 32 proposed. The
unselected questions are referred to applications with audio inter-

actions, which are not included in our setup. The survey has been
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submitted to a set of 50 users (having different weight, age and sex),
after an interaction session with the prototype. The users provided
a score on a scale from 1 to 7 to each question, where a lower score
corresponds to a worse presence. Table 5.2 reports the eleven ques-
tions together with the average scores assigned by the users.

The questions mainly belongs to two categories. On the one
hand, the first category contains questions related to the control ca-
pabilities and are marked as c in the third column of the table. These
questions evaluate how easy and naturally the user can control the
application using the floor. The second category of questions, on
the other hand, are more related to the subjective experience and
are marked with the symbol p in the table.

The high average rate of questions related to the control con-
firms the performance of the whole system and in particular of the
proposed sensing floor. Moreover, the score of question Q11 is 2.0,
which indicates the low interference of the device with the virtual
performance. However, the users have indicated a moderate pres-
ence rate, as highlighted by the corresponding scores to Q4 and
Q8Probably, the crowding situation of the presentation events and
the limited quality of the visual setup have negatively influenced
the virtual immersion (see questions Q7 and Q10).
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TABLE 5.2: Presence questionnaire.

Q1 | How much were you able to control events? 6.6

Q2 | How responsive was the environment to actions that 6.7
you performed?

Q3 | How natural did your interactions with the environ- 6.5
ment seem?

Q4 | How much did the visual aspects of the environment 4.1
involve you?

Q5 | How natural was the mechanism which controlled 6.4
movement through the environment?

Q6 | Were you able to anticipate what would happen next in 6.5
response to the actions that you performed?

Q7 | How compelling was your sense of moving around in- 5.8
side the virtual environment?

Q8 | How involved were you in the virtual experience? 4.5

Q9 | How proficient in moving and interacting with the vir- 6.8
tual environment did you feel at the end of the experi-
ence?

Q10 | How much did visual display quality interfere or dis- 6.0
tract you from performing assigned tasks or required
activities?

Q11 | How much did the control devices interfere with the 2.0

performance of assigned tasks or with other activities?
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5.3 Use Case: Zone Statisics

Always more often smart cameras are used as people counter de-
vices to measure the number and direction of people traversing
a certain passage or entrance in public environment. For exam-
ple, people counting systems in the retail environment are used
to calculate the conversion rate, i.e., the percentage of visitors that
make purchases. This is an important performance indicator for
a store which provides more valuable information than traditional
methods, which only take into account sales data. Together, traffic
counts and conversion rates can reveal important sales information,
such as why a specific store is experiencing more sales, whether or
not year-over-year sales are down, why fewer people are visiting a
store, or why fewer people are making purchases. Moreover, muse-
ums and libraries use visitor counts as evidence when making ap-
plications for finance, for use when planning for seasonal staffing,
and other strategic operational decisions. In cases where tickets are
not sold, counting is either automated, or staff keep a log of how
many clients use different services. Despite their large diffusion,
this kind of systems are characterized by the same occlusion and
coverage drawbacks listed in section 5.1 for vision-based surveil-
lance systems. For this reason the Florim Age solution with its Zone
Statistics application can be considerate an optimal alternative so-

lution to the problem.
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If we consider an environment (a public building, a museum, a
shop, etc.) equipped with the Florim Age system with an architec-
ture similar to that proposed in chapter 3, the whole environment
can be divided into sub-floors which sizes are those of the building
rooms. At each sub-floor corresponds a floor pressure image and
can be identified by means of a specific id number assigned by the
associated local processing unit. As we have just observed, for each
sub-floor a real-time people detection and tracking surveillance is
ever possible, but the Zone Statistics application can enrich infor-
mation content from the floor data adopting some simple statistical
strategies.

During the day, for each sub-floor after each time ¢ (usually
1 minute but this time can be manually set by the user) each lo-
cal processing unit send to a database hosted in the server a data
packet which contain aggregate information according to the fol-

lowing format:

* Data-type: a string which specifies one of the four possible
data types. The "raw" type is an image obtained as sum of the
images sampled during the acquisition time t. The "bksup"
is the sum of the foreground images obtained after the back-
ground suppression during the acquisition time t. Finally, the
"det" and the "track" types are images in which each pixel rep-

resents the percentage of the acquisition time in which the
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corresponding floor image pixel was respectively involved
into the detection or the tracking of a person.

* Time-stamp start: a string which specifies the acquisition

start time.

* Time-stamp stop: a string which specifies the acquisition stop

time.

e Frame-count: the number of frames acquired during the ac-

quisition time t.
* Duration: the acquisition time duration in ms.
* Data: values of data processed according to the data type.
¢ Id: the id number of the analyzed sub-floor.

* Width: this attribute specifies the width of the analyzed floor

image.

* Height: this attribute specifies the height of the analyzed

floor image.

Since the sum of the pixels values of a "track" image corresponds
with the number of tracked people inside the analyzed room dur-
ing the specific acquisition time, by means of the Zone Statistics

application, which can recall stored information from the server,
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it is possible to know minute-over-minute the number of people
tracked into each room of the building. Moreover, selecting a start
and stop date analysis, the Zone Statistics application performs a
sum of all the "bksup" images collected in this time interval to ob-
tain a heatmap which strongly characterize people movements in-
side the analyzed room. At the end of each day, the Zone Stat-
ics application fetches the data from the "daily database" and re-
aggregates them using the same data-type but coarser time win-
dows (e.g. 1 hour). This approach allows to summarize information
and reduce the overall amount of data that must be kept for longer
periods of time to allow further analysis. This newly aggregated
information is stored in a second database referred to as "long term
database"”, which can be queried by users through the Zone Statis-
tics application. In Figure 5.6 a Snapshot of the application.
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FIGURE 5.1: Surveillance applications. The floor detects people in-
side safe areas and it triggers the capturing of visual details.(a) the
input image, (b) a virtual reconstruction with the skeleton of the user
captured using the Kinect device. (c), (d) The presence of a person is
detected and an alarm is triggered after a fall detection (e).
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FIGURE 5.2: The Street View application: a walking on the sensing
floor becomes a virtual journey. a) The journey selection and b) the
virtual tour.

Web Application
- Application to “Walk On The Digital Side”
oz Browser
ey | Bridge -
© Google
] Socket.io Maps webGL
nodejs s:tezl::;.rlo client Jav:f;iript

FIGURE 5.3: The Virtual Street View modules: the OSC client and the
web based application, connected through the node.js bridge.
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FIGURE 5.4: Human-Computer Interaction applications. (a) Screen-
shot from the Human Media Player Application. (b) For the Virtual
Navigator the sensing floor is partitioned into nine regions corre-
sponding with cursor control keys of a game-pad. (c) A user can
control movements of a character into a 3D virtual environment (d).
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(i) ()

FIGURE 5.5: Four frames from the foot painting demo. Top row: in-
put image from a camera. Central row: a graph of the sensor values.
Bottom row: the application output.
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FIGURE 5.6: Zone Statistics Application. A Snapshot of the Zone

Statistics application: 2D and 3D Heatmaps of the analyzed room on

the top, a graph with the number of tracked people as a function of
time on the bottom.
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Floor Configuration

Despite the last version of the sensing floor has been developed to
allow an easy and fast hardware installation, two software calibra-
tion steps are still mandatory in order to exploit the sensor data, in
particular if multiple modules are required. This calibration should
be done after the floor placement and cannot be performed in labo-
ratory once for all.

The first requirement is the assessment of the spatial configura-
tion of the installed modules, in order to correctly merge the contri-
bution of each one. Then, a calibration of each sensor is needed to
recover the specific range of each item, which depends on several
factors including the position of the tiles and the planarity of the
basement.

In this chapter, we propose and describe an automatic system
to estimate the Sensor Calibration and the Floor Layout configuration

111
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parameters (red parallelograms in Figure 4.1) directly from training
data.

6.1 Sensor calibration

The calibration step is carried out at sensor level. No spatial rela-
tions are exploited. Due to several factors, each sensor may provide
values within different output ranges. Figure 6.1 shows the tempo-
ral response of a sample sensor. The graph on the top plots the tem-
poral sequence of sensor responses. During the sequence, a person
walked over the sensor about ten times, generating the same num-
ber of positive peaks. When the person raises his feet from the floor,
the corresponding sensor provides negative peaks, since the sensor
coverage is subjected to a temporary swing behavior. Similar re-
sponses are also generated if the coverage is somehow unsteady or
if a person is walking near to the sensor. For the rest of the time,
the sensor output is related to the dead load and is perturbed by a
Gaussian measurement noise.

We dealt the sensor calibration as a classification problem.
Given a new sample from a sensor, we want to classify it as be-
longing to one of the following classes: negative-peak, background,
and positive-peak. A mixture of three Gaussian distributions is fit-
ted to the data captured from each sensor as a training sequence.

The parameters obtained using the Expectation Maximization (EM)
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algorithm are stored and used as input for a Bayesian classifier,
which also allows a binarization of the floor data into background-
foreground masks (positive peaks are treated as foreground points,
and the others as background). In addition, the parameters of the
mixture are exploited to compute the linear transformation param-
eters o and 3 of Eq. 4.1.

Given a data sequence {v(x,y,t)},_; ,, the EM fitting algo-
rithm returns the 3D mean and variance vectors 1 = [p1 p2 ps] and
o = |01 02 03], corresponding to the three components depicted in
the bottom graph of Figure 6.1:

7 y,t)—L
w('rayat) = Qgy - ¢<x7y7t) + Bx,y = %

6.1)
Ly = po — /o2, Lo=p3+2-,/03

where [L;, Ls] is the normalized range of each sensor output. The
indexes x, y have been omitted for the sake of readability. In Figure
6.1.top the mean of the Gaussian component related to foreground
values is drawn in green, while the automatic threshold used by
the classifier to distinguish between background and foreground
points is drawn in red. The Threshold T'h is set as the intersec-
tion value between the background and the foreground Gaussian
curves (see Figure 6.1.bottom).
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FIGURE 6.1: Plot of a real sequence of data captured from a single
sensor (top). The EM fitting algorithm automatically recovers the
three Gaussian distributions shown in the sketch (bottom).

6.2 Layout discovery

The layout discovery algorithm is based on the work of Pomeranz
et al. [34]. They proposed a system to automatically solve a jigsaw
puzzle. After splitting an image into a scrambled set of tiles, the
algorithm find the correct position occupied by each in the source
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image. The method trusts on the similarity at the borders of neigh-
bor tiles. Thus, key elements of the approach are a suitable compat-
ibility measure between couples of tiles and a greedy optimization
algorithm to reduce the computational complexity. In fact, the brute
force approach is not allowed due to the factorial complexity of the
problem with respect to the number of tiles.

Similarly to the jigsaw puzzle, we need to discover the correct
position of each portion of the floor (floor tile). To this aim, we can
exploit the similarity of the temporal data sequences captured by
the sensors placed near to the edges of the tiles. Given two random
floor tiles ¥;, ¥; € ¥, we need a metric to measure their compat-
ibility given a spatial relation R € {l,r,u,d} (ie., left, right, up,
down) between them. In other words, we need a suitable compati-
bility metric which indicates how likely the tile ¥; is placed on the
left/right/up/down side of the reference tile ¥;, based on a train-
ing data.

If the spatial distance between two neighbor sensors is low
enough, the correspondent temporal series of the captured data
will be highly correlated. This correlation is enhanced thanks to
the ceramic tiles, which spatially smooth the sensor response. Let
C(¥;,¥;, R) be a compatibility metric estimated between the two
tiles, given the spatial relation R. The compatibility of two tiles can
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be computed as a function of their dissimilarity [34]:

6.2)

DU, W,
C(\IIZW\I]J'?R) X eXp <_ ( ] R) ) )

quartile(i, R)

where quartile(i, R) is the quartile of the dissimilarity between all
other parts in relation R to part ¥;.

In case of images, the dissimilarity D(-) of two tiles can be mea-
sured by summing up the color differences of the pixels along the
parts” abutting boundaries [9]. Since floor tiles are temporal se-
quences, their dissimilarity metric could take into account temporal
as well as spatial data missing correlations along the parts” abutting

boundaries.

6.2.1 Dissimilarity metrics

The tirst Dissimilarity metric D; for floor data can be defined as fol-

lowing, where the right ('r’) relation is used:

T K
Dl(\Ijlaqjjar) :sz(wl(xaKat)ij(x717t))7 (63)

t=1 z=1
where d(-, -) is a distance function between two sensor values. The
Euclidean distance has been used to this aim in our system, but

more complex may improve the results in some particular cases

[54].
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Figure 6.2 shows the subset of sensors (colored in green) used
in the computation of the Dissimilarity metric in the case of right

relation.

Relation = right (‘r’)

FIGURE 6.2: Computation of the Dissimilarity metric in the case of
right relation. The temporal series of each sensor colored in green are
taken into account.

The Dissimilarity metric D does not take into account some
useful information available thanks to the automatic calibration
step described in Section 6.1. Thus, we propose and test other two
dissimilarity metrics. Exploiting the linear filtering, Equation 6.3
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can be modified to compute the distances between the normalized

sensor values:

Do(T;, 05, 1) ZZd(quth ¢](z,1,t)> (6.4)

t=1 x=1
Furthermore, the automatic calibration step indicates the best
threshold values to classify each floor data element into back-

ground or foreground. If available, the binarized values of Equa-
tion 4.2 allow to define a suitable Dissimilarity metric Ds:

COOCC(FZ', Fj, 7’)
Occ(F;, Fj,r) + €’

Dg(\I/i,\Ifj,T) =1- (65)
where C'oOcc and Occ are the number of CoOccurrences and Occur-
rences of foreground pixels at the selected borders of ¥; and ¥; and

are computes as:

CoOcc(Fy, Fj,r) =32, Fi(z, K, t) A Fj(z,1,)

(6.6)
Occ(Fy, Fy,r) =2, Fi(w, K, t) V Fj(x, 1,1),

where the sum limits are omitted for the sake of readability. The ¢
term as been included in Equation 6.5 to avoid division by zero.
The dissimilarity D3 is related to the number of times two

neighbor sensors are contemporaneously excited (i.e.,when they
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are synchronously stepped by a person), but it does not handle tem-
poral causalities (i.e., when they are stepped by a person one imme-
diately after the other). Common correlation and convolution filters
are able to discover uni-directional relations and are time consum-
ing. The alternative we propose is based on binary morphological
operations. In particular, we have applied a binary dilation of the
foreground multidimensional matrices F' using a cubic structuring
element of size 3. In addition to temporal causalities, the dilation
operation allows to spatially enlarge the neighborhood of each sen-
sor during the computation of the number of CoOccurrences and Oc-
currences. In the experimental section, we call D, the Dissimilarity
metric computed as in Equation 6.5 but on the dilated foreground

matrices.

6.3 Experimental evaluation

The automatic configuration and calibration system has been tested
on different sequences captured from a FlorimAge setup installed
in our laboratory. The floor is composed by 12 independent mod-
ules of 8x8 sensors each, placed as in Figure 6.3. The whole floor
data is thus a grid of 32x24 sensors. To increase the number and
difficulty of the tests, we have also split each modules into many
finer modules. In particular, we tested the system with K = 2, 4

and 8, generating M = 12, 48 and 192 blocks, respectively. The
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Sensor module Yy

Local coordinate system y

) @@
sensor Sg(x,y)

FIGURE 6.3: An example of a sensing floor composed by 12 modules.
Each module is made of a grid of sensors S, (z, y).

blocks are randomly scrambled before the tests, keeping their orig-
inal position as ground truth.

We have collected 14 sequences, characterized by different du-
rations, people weight, count and motion patterns. These se-
quences were collected emulating real conditions. For example, to
simulate a calibration phase during a sensing floor installation, we
collected 2 sequences with a person following a preset pattern to
completely scan all the sensor units under the floor. To simulate a
crowd situation, 9 sequences with walking/standing people have
been acquired, involving 1 to 6 individuals randomly moving on
the sensing floor. The individuals were also free to leave the sen-
sorized area. Finally, to emulate the use of the system in points
of passage such as corridors or gangways, 3 sequences have been
collected with people walking according to a predefined unidirec-

tional flow. Table 6.1 reports a summary of the adopted dataset.
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TABLE 6.1: Dataset summary

# Duration' Duration'  People Description

seq. [mm:ss] frames count 2
; 82(1); gggi i Complete scan of the floor by a single person
4?5 8%38 1:0306 i Unidirectional flow of people

7_611 8(1)?7) i;g i Random walk of a single person

12123 8;?2 }ggg z Random walk of groups of people

' For aggregate rows, duration and frames are average values.
> Number of people simultaneously on the floor

Performance evaluation metrics: the Direct Comparison (DC)
is the most important metric for the evaluation of the proposed
system. Given an output layout assignment, the DC value indi-
cates the fraction of blocks correctly placed over the total number
of blocks. A perfect match leads to a DC value equal to 1. As stated
in [9], this score is not complete and can be misleading. DC is equal
to zero even if the layout has been shifted by one row or column
only. In these cases, the Neighbor Comparison (NC) metric provides
a better performance evaluation. NC is computed as the fraction of
mutual relations correctly found between couples of blocks.

Figures 6.4 and 6.5 shows the DC and NC scores obtained on
each sequence using the four proposed metrics D;-D,. The correct
layout is always discovered using the original block size (K = 8)
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Direct Comparison (K=8)
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FIGURE 6.4: Performance evaluation of the proposed system in terms
of DC metric for each video sequence and block size K.
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FIGURE 6.5: Performance evaluation of the proposed system in terms

of NC metric for each video sequence and block size K.
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and exploiting the foreground metrics D3 or D4. The other met-
rics reach good results only on sequences 1 and 2, which contain
a lot of handoffs between tiles. Using smaller block sizes, the sys-
tem performance decreases. However, if the training sequence is
complete enough (sequences 1 and 2), the proposed system is still
able to find the correct tile placement. Average performances are
reported in the last bin of each graph. The metric D4 has provided
the best average result in all the cases.

Since the sensor calibration and layout discovery need to be
computed only once, no time constraints are usually imposed in
real application. On average, the solver took less than one second
to provide a solution with K = 8, while about 100 seconds to place
the 192 tiles obtained with K = 2. The code has been written using
Matlab and without including specific code optimization.
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Conclusions

In this doctoral thesis, we have described an innovative sensing
floor architecture which can be integrated in Intelligent Environ-
ment projects with the aim at creating new forms of natural inter-
actions between humans and physical or virtual worlds.

The solution is based on the "Florim Age" technology, a new sens-
ing floor device, which acquires matrices of pressure points and
converts them to gray level images. The developed prototype will
be soon available as a commercial product. It allows to create low-
cost setups with standard ceramic tiles and can be easily integrated
with data coming from other sensors, such as 3D cameras, temper-
ature sensors or pressure sensors and so on.

The low cost of production and the high scalability make the pro-
posed solution very promising also from the commercial point of
view, allowing wide installations in both private and public spaces.
The complete system can be easily moved thanks to the innovative

125
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characteristics of the floating floors. Temporary exhibitions, shop-
ping centers, and stores may exploit this technology to monitor
people flows and crowds instead of common vision-based surveil-
lance systems. In particular, thanks to the automatic system pro-
posed in chapter 6 to configure wide area sensing floors, the spa-
tial placement of the sensor devices can be automatically estimated
from the data, i.e., using a training sequence instead of needing a
manual configuration.

The floor is still able to detect people and filter out the noise, as
proved in chapter 4. The floor system is not affected by occlusions,
as vision systems are. If many people are walking on the floor, each
person will generate a peak on the sensor data. A corresponding
detection and track will be generated by the low-level processing
system. Of course, there are limits defined by the spatial resolution
of the sensor. If two people are closer than this threshold, they will
be merged in a single detection. Nevertheless, the same problem
affects traditional vision system based on motion, when groups of
people are walking close together. Spatial resolution is currently
set around 125mm. This value has been selected not only to reduce
the hardware equipment, but also because higher frequencies are
denied by the ceramic layer. This resolution limits the application
of the proposed floor in some fields, such as medical rehabilitation
and postural analysis. However, it also reduces the amount of data

captured and processed. For example, a sensing floor covering a
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room of one hundred square meters generates a floor image of 6400
pixels only, while a very large environment of ten thousand square
meters produces an image smaller than 1 Megapixel. Real time pro-
cessing and storing of floor images is thus reasonable even on low
cost processing units. Data transmission does not have tight band-
width requirements, even in very large installations.

As proved in chapter 4.1.4, the floor can be used to recognize peo-
ple actions and behaviors. Machine learning algorithms have been
applied to this aim. In particular, SVM and Random Forest classi-
fiers have been exploited to recognize some people actions such as
jumps and falls.

Finally, the system can be used as input device in a plethora of ap-
plications and in this work we presented some use cases. Surveil-
lance applications in which intruders and people falls detections
are the pursued objectives (e.g., in privacy-protected places such
as toilets and bedrooms); Human-Computer Interaction applica-
tions in which the floor has been used as gamepad controller for
interactive applications, virtual reality and edutainment games. At
last, the Zone Statistics application in which long term data collec-
tion and statistical analysis methods are used to characterize people
movements and common flows, for example in commercial or cul-

tural heritage expositions.
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