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Abstract. Load sensing is a mature and robust technology widely applied in
process control. In this paper ve consider the use of load sensingin everyday
environnents as an approach to acquisition of contextual information in
ubi quitous conputing applications. Since weight is an intrinsic property of all
physical objects, load sensing is an intriguing concept on the physical-virtual
boundary, enabling the inclusive use of arbitrary objects in ubiquitous
applications. Inthis paper we aimto denenstrate that 1oad sensingis a versatile
source of contextual information. Uking a series of illustrative experinents we
show that using load sensing techniques we can obtain not just wveight
infornation, but object positionandinteraction events on a given surface. W
describe the incorporation of load-sensing in the furniture and the floor of a
living laboratory environnent, and report on a nunber of applications that use
context information derived froml oad sensing.

1 Introduction

Load sensing is widely applied in process control to neasure the weight of goods, to
noni tor the strain on structures, and to gauge filling levels of containers. Fbwever, in
ubiquitous conputing applications, we find that despite the research community’s
strong interest in context-awareness and sentient computing, load sensing has not
received nuch attention as a potential technology for the capture of contextual
information. In this paper we aim to redress this balance by denonstrating that 1oad
sensing can be a versatile source of context infornation for everyday environnents;
just as location technologies are a source for much nore than absolute position, we
showthat 1oad sensing technol ogies can provide rich contextual information, beyond
nere 1oad or wei ght .

Cont ext-avare conputingaimstoenbody infornation about the situation in vhich
people interact with computational processes [5,8,15]. The notion of sentient
conputing stresses howsensors can be used t o obtains uch cont extual infornation [2].
So far, ubiquitous conputing research has prinmarily enbraced location sensing for
this purpose, as location information usually provides access to rich context beyond
position, for instance on available infrastructure and co-located people [15,17].

Conputer visionis a similarly generic approach, as visual scenes lend themselves to
extract various kinds of context, for instance identity and location of people and
detection of certain activity [6,11]. Other sensing techniques including load sensing
have been used to obtain context in ubiquitous conputing, but they are generally
considered as too speci fic for wder application.

Load sensingthough has sone properties that appear to be well suited for context
acquisition inubiquitous computing Frstly, gravitational force applies toall physical
things, givingthemwe ight andinprinciplerenderingt hemdetectable by 1 oad sensors.
Secondly, changes in weight distribution in everyday settings can be assuned to be
closely coupled with human interaction in a physical environment. Thirdly, load
sensing lends itself to an eventbased nodel in which applications respond to changes
in observed l oad and do not have to monitorload continuously. Fnally, load sensing
is a mature and robust technol ogy that lends itself to unobtrusive augnentation of
practically any surface. Mreover, load sensingcan be realized at very lowcost; as
evidenced by the use of strain gauges inkitchen and bat hroom scal es.

This paper investigates the utility of 1oad sensing for context acquisition. As an
initial contribution, ve identify three context primitives that can be extracted from
sensory observations on load-sensitive surfaces: weight, position, and type of
interaction. Weight is an obvious contextual parameter that can and has been used for
instance as key toidentify objects. Load sensing for acquisition of object position and
interaction events though has not been considered in context-aware conputing before.
W address this in our main contribution, a series of illustrative experinents that
denonstrate hi gh accuracy object positioning, and classification of interactions such
as objects being placed, renoved, or knocked over. The experinents explicitly
consider conditions in everyday environments, such as pre-loading of surfaces wth a
nmultitude of objects. Inthe latter part of our paper ve describe the implenentation of
load -sensing in the furniture and the floor of a snall living laboratory environnent.
We also report briefly on a few applications facilitated in this environment,
denonstrating various uses of 1oad-sensing based cont ext.

2 Related Work

Previous research has considered observation of the forces applied on surfaces to infer
infornation on activity. More specifically, Addlesee et al. havebuilt an Active Floor
in an office environnent, neasuring ground reaction force to identify and track
people [1]. In contrast tothe 1oad-sensitive surfaces considered in our vork, they use
a segnent ed surface, i.e. a floor conposed of 1oad-sensitive tiles. The sane approach
is used in the SnmartFloor, inpl enented by Orr and Abowd in the Aware Hne
project [13]. Gound reaction forces are studied in more detail in bio-nechanics
hovever based on special purpose equi pnent such as the Kistler force plate [9].
While the early Active Floor work used sensor analysis to extract identity, nore
recent vork has extended this to extract activity-related context, for instance vhether
a person is jumping or lifting a heavy object [7]. Paradiso presented an augmented
carpet that facilitates tracking of novenent, however designed as input device, for
instance for artistic perfornance, rather than as infrastructure for context acquisition



[14]. His workis basedona different sensing technol ogy, usinga grid of piezoelectric
wires under the carpet instead of l1oad cells.

Active Floor and Snart Floor are all focused on floor-level sensing of people’s
identity, position or movenent. In contrast, we are exploring nore pervasive
augnentation of surfaces in everyday environnent including specifically tables as
hi ghly interactive spaces. More pervasive augnentation provides access to more fine
grained infornation on activity, for instance based on identification and tracking of
obj ects.

An interesting example for object identification based on 1oad sensing has been
usedinthei -Land project for imp lenent ation of the Passage nechani sm[ 10]. Passage
allows a user totenporarily linka virtual object toa physical item placed ona load-
sensitive surface (called bridge) vhich has high precision scales enbedded. In the
system, the linkis simply maintained by reference to the weight of the physical item,
enabling seemingly physical transport to another bridge vhere the virtual object can
be recalled. The Passage nechani smrepresents a very specific use of 1oad sensing. In
contrast ve seek to establishload sensing as versatile source for context.

2.1 (bntext Primitives obtained fromLoad Sensors

Our approachis to augnent nany surfaces from floors totables, shel ves, and possibly

even smaller surface units, with the intention of integrating these surfaces for

developing a more versatile load sensing platform for context capture. This is not

driven by a single application, but rather devel oped bottomrup by considering the

context primitives that can be obtained from load sensing, and the construction of

hi gher-level context capture techniques. Weidentify these primitives as:

e Jeight: the 1oad registered on a surface and attributed as veight to objects on
the surface.

e Position: thespatial locationat vhichthe weight (i.e. gravitation force) occurs.

e Interaction: the shape of the load signal over time resulting from interaction.

Wight is the nost obvious contextual primitive that can be used for the
identification of objects; we may identify single instances of objects or entire classes
of similar objects from their intrinsic property of weight Konomi’s passage
nechani smis an exanpl e for howwei ght might beusedtoidentify objects.

Position has been considered inthe Active Floor and Snart Floor; by dividing the
surface into a nunber of tiles sone positional information is available by considering
each tile’s sensor ID. We have observed that mo re fine-grained positional information
can be obtainedby wilising the distribution of forces on a single surface. We exami ne
this issue further in section 4.

The last principle ve consider in this paper is interaction; this context can be
obt ained by analyzing the output of theload sensors over tine. One exanple where
the 1oad sensor trend has been used to great effect is inthe Active Floor, where the
interaction context is used to analyze differences in footfall. On a more simp listic
level, simple changes in out put such as 1 0oad increase and decrease may provide useful
context on object placenent and removal, as examined in more detail insection5.

3 Determining 2-DPosition of (bjects on Surfaces

Inthis section we denonstrate howthe 2 -Dposition of an object can be detectedon a
surface using load sensing. We begin by describing the basic algorithms and
denonstrate the feasibility of our technique The configuration of our experinent is
intended torecreateatypical surfacethat might be foundin an everyday environnent .
For the experinent we placed a table-top on four industrial load cells each of
which can detect forces of up to SO0N The load cells are placed at the corners of the
table-top and each connected to a commercial signal conditioning unit. The
conditioning units are intun fed to a standard 16-bit Anal og to Digital Converter
(ADC) which links to the serial line of the PC The load cells are driven wth 10V,
resulting in aoutput ranging from 0 t o 40nV whi ch is amplified by the conditioning
unit to0to2.5V and sanpled by ADC. As these conponents are normally used for
scales, the sampling frequency is necessarily rather 1ow(eachload cell can be read 4
times a second). The resolution of 10ad sensing in this setup isapproximately 16g. To
minimize the influence of bit-errors in t he ADC, our driver softvare only calculates
the position of o bjects between 100g and 100K g (objects 1ess than 100g are i gnored).

3.1 Al gorithm to Determi ne the 2DPosi tion of an Object on a Surface

To detect the position of an object ve calculate the centre of pressure on the surface
based on the load neasured at each corner of the table. The overall force on the
surface introduced by an object placed on the surface at x,y is denoted by Fy. The
setup assunes static forces, so the sumof all 4 1oad cellsFy, F», F3, andFyis equal to
Fy, see equation (1)and figure 1. If there is already an object on the table-top that is
representedby FO, that can beneasured by the forces on eachload cell F0;, FO,, FOs3,

and F04, see equation (2), then we need to incorporate these into our al gorithmfor

conput i ng the position of a newobj ect. The al gorithm for identifying the position of a
newobj ect on a pre -loaded surface is described by equation (3) and (4) bel ow.

Fo=F+F+F+F (1)

FO_=F0,+F0,+F0, + F0, (2)

R (F, - F0,)+(F, - F0,) 3)
(F,—FO0,)

_ (F=F0)+(F,~F0,) \
Y e T TFO) @

The voltage 1evel measured at each load cell is linearly dependent on the force
applied toit. Inthe experiment the neasured voltage level at the load cells vere used
directly without prior conversioninto a value of the force applied. Similarly we store
the existing preload, FO;, F0,, FO3;, andF04 as rawvol tage levels. We takeall values
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Fi g. 1. Forces on a surface used to determine the 2 -Dposition of objects.

fromt he ADC and average them over the last 4 values. The size of the surface is fixed
inthis experinent, X yx is 135cm and yp,x is 75c¢m The cal cul ation for the position is
rounded to centimetres.

3.2 Proof of (bncept: Position on the Surface

To carry out the experinents we developed a programin Visual Basic that reads
periodically from the ADG calculates the point of pressure, and visualizes the result.
In the program the user can manually reset the prel oad by pressing a button, storing
the currently measured forces into FOy, F0,, F03, and FO4.

In the first experinent, the position of objects onthe table-top is detected. Before
each object was placed on the surface, we neasured and storedthe prel oad F0,, FO,,
FO03, andF04 resulting from the table top itself. We then selected six vell distributed
positions and marked them on the surface. We neasuredthe x and y coordinates of
each of the positions manually and recorded them for later conparison. Next we
systematically placed one object at a time onto the selected points. After we put each
the obj ect down and the val uesstabilised, we neasuredthe loadF,, F», F5, and F4 and
calculated its position. Thissequence was repeated for all six objects.

The objects we chose to neasure were everyday items of varying weights, and
included a 500m water bottle (about 530g) and a two litre vater jar (about 2kg). We
regard the centre of the object asits position.

The results of the experinent showthat it is possible to achieve an accuracy of
about 2% of the surface length in each dinension. Inour tests this corresponds to less
than 4cm inthe y axis 2cm inx axis. The difference between the positions obtained
from the wei ght calculationsduring repetitions of the experinent with the saneset of
objects is even smaller: the naxi mimdi fferencein both axis was lcm, indicatingthat
vwe can achieve higher resolution by calibrating the system — if desired by the
application.

3.3 Real Envi ronment: Posi tion on a Tabl ecl oth covered Surface wi th Prel oad

To simulate a nore realistic environnent, we repeated the same experinent with a
nunber of different objects already placed on the table. The table top was covered
with a tablecloth. Five objects vere randomly distributed on the surface before the
preload values vere acquired. These objects were: a TV-set, a book, a 2 litre vater
bottle, a magazine and a cable reel, totallingan overall wei ght of about 34kg Figure 2
illwstrates this setup.

The initial set of neasur enent tests vere repeated, the objects nowbeing addedon
top of the TV-set, onthe nagazine, and the other four on the tablecloth.

The results vie obtained weresimilar to thoseobtained in theoriginal experinent with
the empty table. In nost cases we achieve a slightly better resolution because the
additional veight provides stability to the system.

This experinent shows that using load sensing vwe can determine the static position
of an object on a surface irrespective of objects already on the surface or bet ween the
surface and the new object. Furthermore, our results indicate that it is possible to
reliably obtain centinetre level accuracy. The success of such an experiment also lead
us to postulate that our approach for object detection is deployable in non-lab
environnent s and isespecially well suited to ubiquitous conputing settings.

4 Recognizing Interaction on a Load Sensing Surface

As the vorld is not static and ve interact with objects, place themon surfaces and
renove themagainit is of interest to recognize events that relate to these actions. In
the secondseries of experinents, we expl ore howinteraction resultingfromevents on
a load sensitive surfacecan be recogni zed witha simple al gorithmic approach.

The setup used for the experinent is a wooden table-top, 80x80cm, resting on 4
industrial load cells. Each of the load cells can handle a maximum 1 oad of 20N. The
veight of the table-top is about lkg. For this setup we built a hardware wvhich
amp lifies the output signal of the 1oad cells by 220, resulting in an out put voltage of
between 0 and 4.4V. Each of the 4 signals is sanpled at 250 with 10 bit resolution
using a PICI6F8 76
microcontroller. The
microcontroller is connected
toa PCvia aserial line. The
objects used to generate the
events inthis experinent are
a 500m water bottle (520g)
and a book (~200g). Detailed
infornation and the
schenmatics, software, and
datasets are available on the
project web page [ 12].

F g. 2. The experinental setup; objects are stationary on
atable while the positionof an added object is detected.



4.1 Al gorithmto Detect Interaction Events on a Surface

To detect the events we use an al gorithm vhich considers the last 500ms using a
sliding windowand the sumof load (Fy). At the selected sampling frequency, this
equates tothe last 125sample values, denotedby Fi(t),..., Fx(t-124). At each sample
interval ve run the analysis algorithm described by the formmlae shown in table 1.
The expressions have been selected to be as simple as possible to facilitate easy
imp lenentation on a mcrocontroller' vhile at the sane tineyielding reliable event
detection and di fferentiation.

In the followng experinent we investigate vhether or not it is possible to
recognize different events based on the features extracted from the data gathered.
Here we concentrate on the nost inportant primtives: putting objects down onto t he
surface and renoving objects fromthe surface. W also included a further event
knocki ng an obj ect over vhichis already on the surface. The followng rules are used
t o deci de vhi ch event has taken pl ace.

F.(j) Ay is the average value of the first 25 values in

4 = J2(100) the wndowthat is currently processed. This is

* 25 used as an indicator for the overall 1oad on the
surface before the interaction.

ZFr(j) A, 1is the average value of the middle 75

4 = JZU025) values in the wndow that is currently

" 75 processed. This value is required for the

cal cul ati on of D,,,.

ZEv () A, is the average value of the last 25 values in

J 02 the windowthat is currently processed. This is

¢ 25 used as an indicator for the overall 1oad onthe

surface after the interaction.

e Putting an object on the surface.
This is characterized by an increase in the overall load. In other vords before the
event the overall loadis smaller than after the event (4,+6< A4,). The threshold of
veights is denoted by . Assumi ng that once the object has beenput down on a
surface it remains stable, it can be seen that Dy is close to zero (Dy<€). In the
middle of the interaction the change to the signal is greater (the monent the object
hits the surface) than later (vhen the object is already on the surface), stated as
(Dﬂ2> De)-

¢ Renw ving an object from the surface.
This is inverseof placing an object on the surface, sothe overall 1oad is reducing
(As>A+9). To begin with the signal is stable (D<¢) and the change during the
interactionis greater than at the end (D,> D,).

¢ Knocki ng a n obj ect over.
When an obj ect is knocked over, this results in alarge change in the middle of the
interaction, greater thanat boththe start and the end, and also greater than aset
threshold o, (D,>® A D,>»Ds A D,>D,). As the overall weight onthe surface stays
the same, 4; andA4, are similar (|44 .J<0).

4.2 Proof of concept: Events on an Emp ty Surface

In this experinent the force over time is recorded vhile a nunber of different
interactions are performed. Frst, we place the vater bottle onthe table and remove it
after a few seconds. Next, the book is placed or dropped onto the table and lifted
away a fewseconds later. Lastly, the bottle is put down on the surface, left there for a
few seconds, knocked over, and renpved after a fewseconds. The experiment is
repeated wth each object ten times. Overall, this experiment results in 70 recorded
events for analysis. Uking the simple algorithmdescribed above 94% of the events
were classified correctly, 6% vere missed, and no events vere misclassified A
visualization of the rawdata stream is shown in figure 3.

Z|Fx (j)- 4, Dy is anindicator for the change in the signal
D =220 during the first 25 samples. If no interaction
) 25 takes place D is close to 0.
Z|Fx(j)_Am| D,,is anindicator for the change in the signal
D =200 =29 during the middle 75 samp les.
" 75
ZFx(j)_Ae Deis anindicator for the change in the signal
p =20 during the last 25 samp les.
: 25

Tabl e 1. Fornul ae cal culated to detect interaction events.

!'In the later implementation the features were adjusted so that the division could be replaced

by a shift operation.

|
E1 E2 | ' E3 E4
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Fi g.3. The graph shovs the 1 oad change recorded over time. Anobject is placed on the surface at
position El and E4. At E2 an object is knocked over and at E3 the object is renoved fromthe
surface.



4.3 Real Envi ronment: Events on Tabl ecl oth covered Surface wi th Prel oad

The experiment was repeated on a table that was covered with a tablecloth. On the
table were also 4 static objects, a not ebook conputer (about 2.2kg), a book (about
500g), a newspaper (about 200g) and a vater bottle (about 520g). The same sets of
interactions were perforned. About half of the interactions were nmade on the
tablecloth and the remaining half on top of static objects. OQut of the 70 events
recorded, thea 1 gorithmcoul d classify 96% correctly, 4% were mssed.

4.4 Discussionon Event Recogni tion

As seen from the results of our experinents, it is feasible to detect basic interaction
events with a hi ghdegree of probability, even when using simp le al gorithms. We can
also observe that covering the surface has a negligible effect on the data recorded.
Furthermore, having other objects on the surface of the table, vibrations wvere
deadened increasing the recognitionperformance.

Weé believe that it may be possibleto use similar techniques to identify further
events, such as moving an object on a surface, sliding an object over the surface and
touchi ng the surface. The datasets of the experinents reported here and al so for ot her
experinents are available onour prgject web page [ 11].

The observation that preload has little influence on detecting the events or
identifying an object’s position, suggests that it is feasible toimplenent a system that
can dynamecally track objects that are added, noved, or renoved fromsurfaces in
everyday environnents.

5 Incorporating a Weight Labinto a ¢ Li vi ng Laboratory’

The results obtained by our experinents on using the intrinsic weight of objects to
calculate position and detect events and activities on a given surface, suggest that a
larger scale implenentation would provide us with a rich source of contextual
infornation. In order to prove this we have designed and implenented a “weight 1ab”
as an integral part of our living lab area. In the weight lab, all surfaces are load
sensitive and equi pped wth net vorked data acquisition units. Girrently, the weight
lab is comprised of four ‘load sensitive’ artefacts: the floor, two tables and a shelf.
Other, non-load sensitive artefacts can be arranged on these surfaces. The
arrangenent of these artefacts is not fixed, all conponents can be noved to create
new experinental configurations. We have designed the space to be used as a
common room, as depictedinfigure 8 and9.

In order to nake the artefacts “avare’ of the 1oad placed upon them and also of the
position of an object or a subject, the surface nust be augnented with load cells.
Different load cells have been selected depending on estinates for the overall
operating load for each surface, together wth sone practical engineering and
aesthetic considerations. We have also tried to use cheap and easily available
consuner 1oad cells taken fromkitchen and bat hroom scales where appropriate.

Iedicated hardware
has been developed to
drive the load cells and
facilitate the data
acquisition. The current
prototype offers both
wired RS-232 and
wireless communication
interfaces to our own
custom data analysis
softvare.

5.1 Wei ght H oor

The floor is constructed
froma wooden structure
of 240cmbyl8 Ocm The
surface of the floor is
mounted  on  three  Fig.4. The floor vhenit vas installedinupright position (left).
supporting tinber beams  Fnlarged viewof the 1 oad cell enbedded int o the floor (right).
resulting in an overall

hei ght of approximately 9cm. At each corner of the floor a single load cell is nounted
into the supporting tinber, see figure 4. The vhole floor rests entirely on the four 1oad
cells andthe remining structure is incontact wththe conventional 1oad bearingfloor
of the building.

An estimate of the typical load in our environnent is: 2 people (70kg each), 2
arnchairs (15kg each), a coffee table (10kg), a shelf (20kg), and the weight of the
floor (80kg) r esulting in 28 Okg.

Die to the structure and anticipated 1oading of the floor, we selected S-load cells
each wth a capacity of 1000N. In this range the neasurenents have a guaranteed
accuracy and the cells continue to be overload safe to 2000N (in this range the 1oad
cells still give areadingandare not damaged, but their accuracy is reduced). As there
are 4 load cells, the total weight that can be put on the floor (including the weight of
the floor, itself about 80kg) is 800kg or 400kg with well defined accuracy. The
anticipated load of 280kg- evenif suchaloadis not evenly distributed — is still vell
withinthe specification.

The four 1oad cells are connected to the data acquisition hardware described later
inthis section. The floor system incorporates an ‘auto-tare’ mechani sm which allovs
us to discount the position of stationary objects and improve our estination of the
position of newobjects introduced into the environnent. Mre specifically, whenever
the load is considered stable this preloadis stored (F0,, F0,, FO;, and FO4) then
factored in to successive calculations to determine the point of pressure of further
objects, e.g. the position of someone is walking onthe floor. Using this nechani sm
furniture can be added to the floor and autonmtically included in the position
calculation once the floor is not occupied for several seconds. Stability is assuned if
the values of Dy, D,,, D,. are close to zero for more than 5 seconds and the prel oad




values are updated. The position algorithm, givenin section 3 is used for calculating
the point of pressure. Note that in case of a single person the position of the personis
determined, vhereas in case of more people, the point of pressure is the centre of
nass of the group. Although not yieldingtheir individual positions, such information
may still helpus determine the locus of activity.

The floor currently recognises three types of event: no interaction, people noving
and stationary occupation (e.g soneone is sittinginan arnchair or standing in front
of the pinboard). These events can be recognized with an accuracy of over 99%. The
position of a single person noving in a space already popul ated with furniture and
covered with a rug can be acquired wi th approximately 10cmaccuracy.

5.2Weight tables and shel ves

We enbedded 1oad sensing technol ogy in several pieces of furniture: a snall coffee
table, a larger dining table, and a shel f/draver unit. Both tables are constructed using
load cells installed bet wveen the tabl e t op and the frane, such that the table toprests on
a load cell at each corner (seefigre 5).

The coffee table can neasure a naxi mum load of 8kg (including the 1.5kg table
top). Loads over 8kg are prevented by a nechanical overload protector which also
suspends data acquisition. The lowoverall weight capacity is acceptable given the

H g.5. (ffee table (top) and dining table equipped with load cells (botton). ose ups of the
load cells and how they are fixed (right).

nornal use of the table (e.g putting
nevspapers, nagazines and cups on it)

and that it permits us a far higher
accuracy of neasurenent. For the larger

‘dining table ve selected 1oad cells wth
a capacity of 500N each, resulting in an
overall capacity of 200kg (which is

appropriate as people sonetines sit or
lean on the edge of tables).

The tables and shelves use the same
data acquisition hardvare as the floor,
but run different softvare on the
microcontrollers. The main events we
recognise are as explained in section 4.
However, withthe sensitive small coffec  Fg, 6. First generation data acquisition
table we are able to track the pressure  and commnication hardvare
from a finger or an object over the
surface and convert it intoa nouse-like track-pad, for details see [12]6].

The shel funit vas placed on 4 1oad cells of the sane t ype as the ones used for the
large table. The position of the interactionis assignedto a colunm of the shelf, as a
single set of load cells can not detect where in the vertical axis the interaction took
place. Additionally, so me of the shelf boards within the unit are equipped with 1oad
sensing boards. These boards are built based on cheap consumer 1oad cells.

5.3 Hardware for Data Acquisition, Event Recognition and Communi cation

All of the load cells used in the experinents presented in this paper are based on
resistive technology. Put sinply, each cell is a vheat stone bridge providing a
naxi num out put signal of 20nV at a driving voltage of 5V. The AD-converter
included in the microcontroller can neasure voltages between 0 and 5V. To best
utilise this range, we anplify the output signal of the l1oad cells by a factor of 220
using an LMB24, resulting in a output signal of 0 to 4.4V (the exact values vary
slightly between the 1oad cells). The anplified output voltage of each of the load cells
is convertedinto a 10 bit samp le; the best resolution offered by the MCU’s internal
ADconverter. Fach of the four input channels is sampled at about 250Hz. The four
input values correspond to the 1oad that is neasured on each of the 1oad cells, setting
the values for Fi(t), Fat), Fs(t), and F 4(t).

Events from the table and shelf unit are sent wrelessly using an RF transcei ver
modul e (Radionetrix BIM) that offers data rates of up to 64kbit/s. We run the
protocol at 19,200 bits/s. Events, such as putting an object down at a certain position,
renoving an obj ect, tracking over the surface or pressing down, are sent in a single
packet. Fach packet conprises a preamble, followed by a start-byte, an object
identifier to determine the origin (coffee table, large table, shelf), the event type, and
the event dependent data. Finally, two bytes of 16-bit (RCare attached to ensure that
the transmitted data wll be received correctly. The data acquisition unit only



transmits data (there are no
Seri al RF- Communi cat i on

acknowl edgenents),  however, Cormuni cation Radi et ri x BI M2
we have found the protocol to
be very reliable at the low @ jt
transmission speed. Processi ng, PICI6F876

The hardware nodule used @ @
for Qata acquisition(as depicted FRAM | [ADconver o on 68 1
in figure 6) also acts as a base B4kbi t ADS8 320
station that receives the events {}

and sends them to the host PC | TV |
via RS-232. The floor is directly Z7< <
conmmected to the PC  The H H
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experiments reported in the next
section are based on this A %nk A A

hardvare.
Learning from the experience
gained by depl oying our system

we have designed and built a Load Load Load Load
second hardware iteration that @l @l @l Cel

offers sone inprovenents over

ou first design. The block Fg. 7. The second generation of the 1oad sensing
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depicted in figwe 7. In

particular the foll ow ng inprovenent s have been nade:

e Increased ADresol ution.

To avoid the influence of single bit errors in the position calculation and also to
increase thewei ght range of the objects that can be detected, an ADC with hi gher
resolutionhas beenchosen (an external 16 bit ADS8320 anal ogto digital converter
witha voltage reference of 3.3V). This chip offers only one input so a nultiplexer
was used.

e Inorder toinprove the perfornance of the anplification we used instrunentation
anplifier (INAL18 fromAnalog Devices) instead of Op-Anps. The INAI18 offers
an anpl i fication rangeof up to a factor of 10000.

e Asthe load on the surface changes and as it is alsodesirable to be able to detect
very light objects or mininal interaction, the factor for the amp lification can be
selected at runtine from the mcrocontroller. Two anplification factors are
imp lenent ed (factor 150 and 1000) using a solid state relay that swtches resistors
inthe periphery of the instrunentationanplifier.

e Additional RAM.

In sone of the more advanced scenarios we conceived, we realized that keeping a
history on the artefact is useful to detect more complex events or patterns of
events. Therefore we added a FRAM chip that is connected over I°Cand offers
8K Byte of nonrvolatile RAM (FM24C64 from Rantron).

Further technical details, full schematics, and P(B layouts together with the
softvare are available on our project page [11].

5.4 Software

Several pieces of softwvare have been devel oped to capture and anal yse the data from
the 1oad sensors. The microcontroller runs a basic interactive system which allows the
user t o configure the board for a particular artefact via serial line. Paraneters, such as
the size of the surface, sanpling speed and the object identifier can be specified using
a serial terminal program. These parameters are pernanently stored in the internal
EEPROM of the microcontroller. After the boardis configured all events recogni zed
are broadcast using the RF nodul e.

On the base station a program is running that receives all the broadcast events and
passes them to the PC The unit offers two nodes: one vhere all the data cominginis
streaned over the serial line, and the other, where the last 3 events are stored for each
artefact andcanbe requested fromthe PCusingtheartefact identifier.

We have al so devel oped a nunber of prograns for the PCtoallowthestorage and
visualisation of the data. Oneof these applicationsis depictedinthe followngsection
infigure 8. This applicationvisually maps events happening on the tables and on the
floor onto the pl an of the lab.

6 Applying the Setupin a real-world Environment

The infrastructure described in section5 is deployed in a part of our living lab area.
The basic floor plan and photos are presented in figare 8 and 9. On one side of the
floor there are tvo armchairs. In front of the armchairs there is the coffee table. On
the vall behind the floor there are two pin boards. To one side of the floor is the
larger table, next to the floor. On this table is a TV-set and people put things
tenporal 1y down (e.g. orders arrived, books, food) on the renaining part of the table.
The area is used to as a place vhere people cone and chat, have a coffee or where
peopl e read.

In the remainder of this section we will report on some of the applications
implenented on the load sensing infrastructure and also on the experience gained
fromdeploying the system.

6.1 “Don’t 1eave your things behi nd’ — Appli cation

This applicationshows the potential of having interconnected surfaces that can sense
weight. As the larger table is used by people to leave items (e.g files, books, etc.)
tenporally, people sonetines forget whatever they have put down when they leave.
This application reminds the user to take their objects with themwhen t hey leave the
room. The basic idea of the application vas inspired by ethnographic studies reported
in [4].

Whenever the addition of an object on the large table is recognized, the wei ght
addedtothe table is stored together wth the veight added on the floor (e.g. usually
the persons wei ght). Waen the person leaves the floor (the overall weight is reduced
by a certain anobunt) — thenegative change of weight is used to check for anentry in
the stored data set. If there is an entry — the person has put something down on the



surface while entering — the softvare running on the PCprovides an audio cue to
remind the user to take his items withhim. As the weight of the object is knowm it is
also possible to prompt the user vhen the disappearing weight is not nat ching those
stored in the dataset.

6.2 Tracking the Position of asingle Person and Esti ma ting Activity

Using th e setup described we have built an application that cantrack the position of a
person in the space. The position of the personis visualized, as show in figure8. The
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Hg 8. Weight lab viever showing a trace on the floor layout of the lab and also sone
interactionwiththe table (object put down).

Hg 9. Qrresponding situation tothe mapping in figure 8. User is interacting with the right
pinboard and then sits down inthe armchair inthe corner.

position of the person is available in the system as coordinates in centimetres (X,y).
Given domain know edge, e.g. the vhereabouts of furniture, valls and devices, this
nakes it possible to provide the position information ina symbolic form, such as on
chair 1, on chair 2, infront of the left pin board, infront of the right pin board, in
fromt of the TV, entering the floor. As suggestedin [3], geonetric donain knowl edge
can also be used to create a higher level description of the position. The positional
informationis also available via H'TP to be included in other applications. As there
is alsoa tenporal elenent to the tracking data the direction and speed of novenent
can be det ermined and offered to applications for further use.

Accumulating the tracking data over time offers a way to estimate the overall
activity in the space. Asimple neasure for this is to calculate the distance the person
has covered in a certain tine.

6.3 Recogni zi ng Si tuati ons

In figare 8, the tracked activity over a period of approxinately 50 seconds is
illustrated The corresponding situations are shown in fi gure 9. The personis entering
the floor, going to the left pin board, turning around to the right pin board, and then
valk ing to the upper armchair. On his way he puts a chocol ate bar on the table.

The cont ext of sitting down on a particular chair, putting a cup down on the table,
taking a nagazine from the table can al be recognized in the above setting. On a
longer time scale, it naybe possible to determne patterns that relate tonon-atomc
longer term activities such as drinking coffee, having lunch, reading the nevspaper
given certain side conditions, such as donain specific knowl edge about t he 1ocation.

These situations can be described in terms of rules. For sone of the situation these
rules involve constants that are specific for the space vhich is occupied, e.g the
position of the pin board or vhere the table is. These constants are acquired either
geonetrically by measuring and cal cul ation, or by supervised | earning from exanpl e
situations.

As more people enter the sane space, the recognitionof context is made nore
conpl ex. However as people enter one after another (evenif the tine bet ween t hem
may be very short, e.g less thena second) it is still possible to detect the nunber of
subj ects. When multiple people are on t hevei ght sensitive floor the centre of pressure
is usually between them (their aggregate centre of nass). For example wvhen both
chairs are occupied the centre of pressure is in the middle between the chairs. To
recogni ze such contexts we find it useful to create the situation, 1og the data, and
record the anal ysis as vectors; newsituations are then natched against these samp les
to select theclosest match. This can be realized using nearest neighbour nat ching or
more comp l ex supervised 1 earni ng me t hods.

7 (onel usi on

In the work presented in this paper ve have tested the hypothesis that 1oad sensing
can be used in everyday environnent s as a versatile sourceof cont extual informa tion.
While it is obvious that weight infornationis a useful context forthe identification of



objects, ve have shown that load sensing can also be used to obtain positional
infornation and interaction events.

We have denonstrated that the position of objects on surfaces can be det ermined
with hi gh accuracy and reliability. It has to be stressed that the algorithms are simple,
and geared toward implenent ation on 1 ow-cost micro-controller platforms. Further,
interaction events such as object placenent on and renoval froma surface can be
detected, likewse wthhighreliability andlittle conputational cost.

The reported experinents also highlight the applicability in everyday settings
whi ch we have siml atedby prel oading surfaces with additional objects. In order to
continue to study load sensing under living lab conditions we have augnented a
nunber of surfaces, includingarelatively large unsegmented floor area, various tables
and shelves. The setup is an exanple for unobtrusive facilitation of everyday
environments wth context acquisition technol ogy. This property is especially rel evant
in domains vhere preserving privacy is a central issue, e.g care for elderly and
assistedliving

In our future work we will build on our basic techniques for identification,
positioning and event detection and develop al gorithms that account for conplex
interactions withmultiple objects on surfaces, and that support object tracking across
multiple surfaces.
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