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ABSTRACT The challenge is to create an unobtrusive and general

In order to enable unobtrusive human object interactionpurposeapproach to monitoring human object interaction via
detection, we propose a minimalisti@pproach to computer systems. A variety of sensing approaches have
instrumenting everyday obgts with passive (i.e. battery been proposed and shown that activitygegtion is possible
free) UHF RFID tags. By measuring the changes in thebased on object interactiofil0,11,13] One common
physical layer of the communication channel between theapproat is to instrument objects with wireless sensor nodes
RFID tag and reader (such as RSSI, RF phase, and read raigging accelerometers (or other sensors) to infer object
we are able to aksify, in reatime, tag/object motion events interactions. This approach can provide higidelity
along with two types of touch events. streaming sensor data but due to theliatively high per unit
cost, large size, and needif battery replacement these
methods have found limited usage for objeased activity
monitoring.

Through a user stugdyve demonstrate that our reahe
classification engine is able to simultaneously track 20
objects and identify four movement classes with 93%
accuray. To demonstrate how robust this gengnalpose  In this paper we propose IDSense, a new human object
interaction mebanism is, we investigate threesage interaction detection technique which uses commercially
scenarios 1) interactive stdeyling with toys 2) inference of  available passive Ultra High Frequency (UHFJIR tags
daily activities in the home 3) identification of customer and readers to detect human object interactions in the form
browsing habits in a retaie#ting. of motion and touch. Combined with the ID information
Author Keywords inherently provided by the RFID tags, our approach enables

RFID: Activity Detection: Object Interaction: Touch interaction identification for a wide variety of daily objects.

Interface This is acomplished by observing changes in the physical
layer signals of the communication channel between the
ACM Classification Keywords RFID reader and the passive tags. The key insight is that the
H._5.m. Information interfaces and presentation (e.g., HCI): channel parameters reported by the RFID reader, such as
Miscellaneous. Received Signal Strength IndicatiRSSI), RF Phasend
INTRODUCTION Doppler shift represent a unique signature of the RF

Effective means of identi f§nvirangengokegch indivigual tag. Bytopserving changesinn  t
indoor environments has the potential énable a wide
number of humaitomputer interaction applications
[7,14,15] One key observation is théiet objects we interact
with provide rich contextual information about the state of
our environment and the activities that we are doing.
Whet her it 6dktormehid] cookipg aamedr
fixing a bicycle the objects that we use both define and
reflect the activities we do in our dailiyes.
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these parameters over time, inferences can be made about tiéis approach provides a rich amount of data but like all
state of the tag and thus the object the tag is attached to. computer vision systems, cameras require line of sight,

IDSense is a scalable. rdithe obiect interaction detections significant amounts of computational resources, and raises
! ) privacy concerns. Furthermoregll usercentric systems

system that can robustly monitor large rooms and living require that the user actively participates at all times by

spaces with a single RFID reader. Everyday objects can : . o P -
casiybe retrofitted with VRFI pwearin a. devjce and maintaining ltsnbgttgré Icraveltwrgcé\ is

n s i IS, o[ 5

RFID tags by the manufacturdJsers are able to naturally not aﬁp icable onassn?e ari/or intefhnitiénbusefs.
interact with 10s to 100s of tagged objects #mel system  The work presented in this paper focuses on the alteenati
detects events such as object motion and tag touch. Bparadigm where inexpensive sensors are densely distributed
observing these interaction events over time, it is possible tdhroughout the environment thégsefreeing the individual to
enable a wide vaety d applications such amferene of go about their daily routine. A straightforward approach is to
daily activities in the home F{gure 1a), inteactive instrument objects with wireless sensor nodes that use
storytelling using lowcost tangible toyswith computer accelerometergor other sensors) to infer object interactions
based mediaHigure1b), enhanced retail experiences where [13] This approach can provide hididelity streaming
interactions with tagged merchandise can beduso sensor d& but due to their relatively high per unit cost (tens
determine customer interests Figure 1c). Generally  of dollars), large size, and need for battery replacement, these
speaking, IDSense makes sensing human interaction wittmethods have found limited usage for object based activity
everyday objects easy and unobtrusive, by minimally monitoring. Thus many research efforts have focused on
augmentingpbjects with lowcost and londived RFID tags.  lowering cost and iproving the lifetime of battery based

Contributions: sensing systems.

We develop anew human object interaction detection At the extreme end of the hardware spectrum are RFID tags,
technique basedn commercially available, loagnge  which ae batteryfree (passive), fixedunction devices that
RFID technology. This system is capable of robustly cost 10 to 20 cents and report their unique ID when energized
classifying taggedbjects using a single RFID reader and and interrogatedyban RFID reader. Depending on the RFID
antenna in home and office environments. The contribsition technology used, the read range can be a 30cm foffietghr

of this work are as follows: systems or 10m for fdield UHF RFID systems. Since
typical RFID systems only report the binary information that
a tag is within range of a reader or nasearchers have
focused on developing new types of tags and new ways of
inferring tag activity.

1. For the first time we use RF Phase information along
with other keylow-level channel parameters, such as
RSSI and read rate to createltinpath invariant features
for object interaction detection

Philipose et al[11] developed a wrist worn neéield RFID

reade system that could identify objects tagged with button

size RFID tags. Although this system did require the user to

3. Implementa realtime, data acquisition and classification wear an RFID reader bracelet, this work demonstrated the
system. feasibility of identifying daily activities solely from tracking

human object intaction events. Buettner et §] used the

Wireless Identification and Sensing Fdaim (WISP), which

is a battenyfree, long range RFID tag enhadcgith an

accelerometer to detect movement of a tagged object. RFID

readers were placed in the ceiling of a living room

RELATED WORKS AND AP PROACHES environment and the WISPs reported move events along with

Automatic means of activity recognition is one of the key their ID. This system was capable of inferring 12 daily

building blocks needkto enable new and novel human activities in a homeedting. Since the WISP is still a research

computer interactions systems. Thei® a variety of  platform its relatively high prenit cost of more than $100
appraches to accomplish this goal each with their ownUSD does notmake it feasible yet for largscale
unique strengths and weaknesses. deployments. Both of these examples demonstrate that object
interaction events can be utilized to abliy infer activities.

2. Createa classifier capabl of identifying object motion
and two types of touch events.

4. Explorethree usage scenaridl) interactive storglling
with toys, 2) inference of daily activities in the home, 3)
identification of customer browsing habits in a retail
setting.

Usercentric systems require that individuals wear sensor
nodes[1] or a smaghone[6] that continually collect data Early work by Fishkin et gJ5] demonstrates thieasibility
throughout the day. These types of systems show goo@f passive UHF RFIbased motion detection by measuring
results for determining the state of the body (i.e. running,changes in tag read rate to infer objectioro They showed
walking, and sitting), but it is difficult to determine higher good results for detecting object rotation but, as the authors
level activities such as cooking meals or regdirbook. In stated, t h eéarly usablesto ebechtrawstason i
order to gain a better understanding of user activity, Renebnl y movement o. Furthermore
al.[12] used bog worn cameras to identify haheldobjects  RFID reader antennas and multiple tags on each object.



The closest prior work to our approach has been done bys object translation as shown kigure 2a, where an object
Parlak et al.[10] who presented a passive UHF RFID translation is defined as movemewf greater than 10cm
detection system specially designed for a traumawithin 2 seconds. The third state is rotatas depictedn
resuscitation scenario. The authors focused on constarffigure2b) whichconsists of 9@ rotation around amof the
rotation and linear tag moreent at speeds of 1méand objects axis. Swipe touch (shownRigure2c) consist of the
showed an average of 90% accuracy in motion detectioruser swiping their finger across the tag anterwighin 2
based on a binamglassifierin four lab controlled scenarios, seconds. Finallya cover touch is when a user touches more
and approximately 80% accuracy for reairld scenarios. than half the tag antenna for a minimum of 1 second. It
The motion detection classifier described in their eysts should be noted that small and/or ertedy shortduration
based solely on RSSI data and thus requires multiplenovements wre not specifically studied and only natural
antennas to detect tags that move laterally to reader antenffuiman interactins are explored.

at a constant distance. . . .
This work focuses on common indoe@mvironments such as

It should be noted that the IDSense system presented hetbe home and officwith no special considerati@ygiven to
does not require multiple RFID reader antennasoitiple building materialsroom selectionor furniture placement.
RFID tags on a given object, while still achieving high Figure3 shows animage of the lab environment where initial
accuracy motion detection with low false positives. In,fact testing and validation of the IDSense system was dioime.

all the applications shown are dowith a single antenna in RFID reader antenna is placed on top of a ceiling panel
reatworld multipath environments. Additionally, we (highlighted in pink) poired downwards.A coax cable
demonstratetwo types of touch not previously reported. leading back to thempinj Speedway Revolutioreader and
Thus this system provides a flexible solution for object host computer is visible. Theead distance oJHF RFID
interaction detection, which naenable a wide number of tags in free space is +1feters. In this exampléhereader
humancomputer interaction scenarios. coverage zone extends frahe gray worlberch on the left
SYSTEM OVERVIEW AND IMPLEMENTATION to the gray wor!aench on the right and includes_th_e wooden
The goal of thigproject is to use minimalistic hardware in the table and floor in the ml_ddle of th_e frame. In tregion per
form of commercially available RFID tags to provide enough tag read rate (pr sampling _rate)hstween1540 rea@s per
sensing capality to robustly detect basic human object seconddepending on the size of the tag populatids a

: g - int of referenceit is possible to read tags oretfar white
interactiors. Figure2 shows an example of a taynbulance poin . . .
augmented with a UHF RFID tag on its hood: the copperShelveS in the bagkound but read rate is typically below 10

antenna is most visi in panel C. Good RF engineering reads per second. As wille discussed later in the paper,

practices should be observed when choosthg type of tag Proper RFID reader antenna placement is important to
and it 0sonfhe abjee. Menmsa widevariety of achievegood p_er_formance and reduce fglse dt_atectlon dause
tag shapes and sizes to choasef as well as tags specially by humanactivity, and a detailed discussi of room
designed for glass and metal obje@eneraly speaking it coverage can be found 4.

was not difficult to find good tag locatisbut somerial and Physical Layer Signals of UHF RFID Systems

error can be expected The commercially available UHF RFID systarsed in this
work is capable of reporting loMevel channel parameters
such as Received Signal Strength Indicator (RSBF
Phase, and Doppler shift as well as the unique identification
number of each taghe RFID reader interrogates tags within

Threedifferent object st@sareinvestigated as well as two
different touch eventsThe primary state isiobject stilb,
meaning no interaction witlaggedobject. The £condstate

3OMAIUEMA

] ) o ] ] Figure 3: Image of the lab environment usedor initial testing.
Figure 2: Types of human object interactionsa) translation b) The RFID reader antenna is placed on top of a ceiling pane
rotation c) swipe touch d) cover touch (highlighted in pink) pointing downwards.



its range according to the ISBBO0G6C specification, based g i Motive Still
on the Slotted Aloha protocol, and has a maximum : : :
theoretical red rate of 1,200 tags/sec. Given proper reade!
settings,it has been observed tham individual tag can be
read at ~90 reads/second and a population of 10 tags can
read at ~330 reads/sec with individuals reading at 3(
reads/sec. Using a naive approaclarge population will
begin to saturate the system. For instaffgiags haa total
read rate of 616 reads/sec and thus the individual rat
dropped to around 10 readsés To overcome this limitation,

it is possible to programmatically mask spdypulatons of
tags to increase read rate. This technique was noedéad
this work and as a rule of thuntbe typical per tag read rate
was between 180 reads per secofidr all experiments.
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In RFID systems, RSSI is a measurement of the signal pow : :
received at the reader and is predominantly affected by larc n ns T‘? 125 13 135 905 9'°F o1s 920 938 930
changes in the distance between the tag and the réfler b e e et A

phase is a measure of the phase angle between the RF carr Figure 4: Raw RSSI and Phase data for a single RFID tag
transmitted by the reader and the return signal from the tag undergoingan interaction event (panel & Dueto pseudo

Phase is dominated by small changes in distance and/or i random frequency hoppinga two secod windows of phase
carrier frequeny and repeats every wavelengffinally, data (panel ) must be sorted by channei.e. frequency)to
Doppler is the frequency shiftetweenthe transmitted and reveal the tag expected phase behaxi(panelc).

reflected signals caed by quickly movingobjects. Each  within the neaffield region of the tag, which has an effective
time a tag is read, the RFID reader measures these physicgddius around the tag of a half wavelength (~16cm). Thus,
layer channel parameters and reports them along with the tagny changes in distance and/or tag orientation will result in
ID and the transmit frequency to our réiahe host  altering the signal paths and will be reported as obming
application. To retrieve the lo¥evel data skams, we RSS| and/or RF phas®&y watching the change in these
implemented a reader communication software in C# usingparameters over time, the state of an individually tagged
OctaneSDK provided by Impinj. object can be inferred. Furthermore, changes in thefresdr
region of the tag (such as hand touch) will alter its resonant
frequency ad/or the impedance match between the RFID IC
and the antenna. Both of these effects will be reported as
changes in RSSI and RF phase as reported by the reader.

A plot showing 60 seonds of raw RSSI and Phase datea
single tag iglepictedin Figure4, panel aThe tag isfistillo
during the first 20 seconds, next tteg isfimoved dor 20
second, andfor the remaining 20 seconds itfistillo. This
sequence of events can be inferred from the RSS] blata  Feature Selection and Machine Learning

thephasedatadoes not show discernabldérend This is due  Throughexperimenation, it was determined that 2 secend

to FCC regulationswhich require RFID readers inthe is approximately the upper bound nedébr our participants
915MHz ISM band to pseud@ndomly change their to completetranslation, rotationswipe touchand cover
transmit frequency in order to minimize interference with touch interaction in a natural fashion. Thuas 2-second
other devices. The result is that the RFID reader mustliding window (whichis advanced each second) was
ifrequency hopo across 50 emplbyaditonsegmentthe R&SId RFpBageMita streanoto
928MHz (in the USA) at an interval of amximately 0.2  generate features as inputs for the object interaction
seconds. This causes significant discontinuities in the RFclassifier. A longer window could be used to identify longer
phase reported by the reader as a functiomf (sed-igure object interactionbut it would also nmcrease the latency of
438), which makes detecting tag moventsemmarticularly the realtime system.

difficult. However, the RFID reader also reports which
channel (ka frequency) was used when a tag is read. Thus,
re-mappingthewindow of the RF phase data from time into
transmited frequency(as shown irFigure4c) reveals wel
defined structures that can be used to build classificatio
features.

Figure 5 shows examples of the raw RSSI and RF Phase
Signalsfor the same object undergoing four different types
of interactions Figure 5a shows a still tag (i.e., no human
r{nteractlon) with the RSSI vs time plot on the top and the RF
phase vs. transmit frequenpiot on the bottom. The RSSI
vs time plot is relatively stable for a two second time window
One of the key insigts is that these lovevel chamel and the RF phase vs. frequency plot shd®s phase
parameters represent a ssiapt of the RF environnmé that decreasing at a constaslope. TranslationHigure 2b) and
iS unique to each tag. Eacha g 0 s RF e n v irotation fhigunet2c) has a major influence on RFh&e
comprised of, the fafield signal path from the reader to the variaion while swipe touch Rigure 2d) has a majr
tag (including all multipath elements), as e the objects  influence on RSSI variation.
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Figure 5: Tag RSSI vs time and phase isequency for Still, Translation, Rotation, and Swipe Touchover a 2 second window

To minimize thanfluence of RF signal multipath effect, the When the RFID reader does frequency hop from one channel
features are based on differatgirather than absolute values to another, the change in frequency adds an additional
of RSSI and RF PhaseEight features have been dimension of informatin to infer human tag interaction.
implemented from RSSI, RF Phase, as well as read rate. Equation (2 shows that the distance between the reader and
RSS| Features tag is proportional to the partial derivative of the phase with

Generally speaking, hangesin RSSI are predominantly respecto the der|vat|ve~of frequen@s described if].
causé by changes in the distance between the reader and the ) @ .
tagas well as the orientation of the tag antenna. However, it Q “1 Q q
is well known that multipath effects can cause unpredictable
variations in signal strength between ansmitter and Thereforethe Variable Frequency PheaRate is defined in
receiver. In realvorld settings multipath increases the equation (3as the incremental changephase divided by
spatial variation in RSSI and thus pravig a greater the incremental change in frequency.
likelihood of detgctmg motion events.oTidentify these o C®HiQ p @i 0
changes the fadwing features have been selected oo Yoo~ " g,
Ol QN6 MEawOi Qo W ww

1. Standard Deviation of &SI Finallv. i VER i ional to the dist  th
2. Mean of RSSBtandardDeviation within each frequency. inafly, since IS proportional to the distance of the

. . ) q 4 tag to the reader, the standard deviatbFPRis used to
3. Mean of differencdetween neighboring RSSI . -

determine tag motion.

RF Phase Features

RF phase isensitiveto smallerchanges in disince between /- Standard Deviation dhed"0v 'Y
the tag and reader and is particularly useful for detecting
translatiors. Additionally in Figure4, thefrequency hopping  Read Rate per Tag _ _
effect demonstrateRF Phasedependencyon channel A cover touch event on a tag will dramatically weaken the
frequency which results in the@hase relatefeatures being ~ received signal strength, which resultsietreasedeadrate.
divided into two subgroups: the Constant Frequency Phas&eadrate of an uncoveredag range from 15 to 40per
Rate (CFPR) and the Variable Frequenehase Rate secondwhile a covered taghalf covered or fully covered)
(VFPR). Since the RFID reader performs many tag reads ofiSually ha areadrate less than 10 reads per second
a single frequency before hopping to the next channelg ReadRate: Number of packets received from each RFID tag
changes in the phase are a good indicator of an interaction per second.
event. Here we define the Constant Frequency Phase Rate as:

v e e ) o Doppler Features

0 Ov YU'wi Q p 0Wi Q p Doppler shift is used in a number of radio sensiognarios
WherePhaseli+1] and Phase]i] are neighboring RF phase 10 infer the relative motion of two radio systems. We
measurements at the sarfrequency (for a given time  developed several features using the Doppler information
window). We use the followinghreefeatures to represent eported by the reader; unfortunately due to the relatively
variations of Constant Frequency PhaseeRedused by 0w speeds of human motion and the large amount of noise

human tag interaction. in the signal, tase features did not prove to be expressive
. enough when compared to the other eight featuteshould

4. Median of the CFPR be noted that RFItbased Doppler shift features would be

5. Sum of the absolutealues of CFPR useful in fast moving scenarios such as outdoor sporting

6. Standard Deviation of the CFPR activities and automotive settings.



Motion and Touch Event Classifier Classified| Still Trans | Rotate | Swipe | Cover
In a pilot studyconducted irthe lab settinglepicted irFigure as A
3, we determined that our system is able to detect horizontal Still 97.5% | 1.7% | 0.0% | 0.8% | 0.0%
translation greater tha20 centimeters in distance, vertical
translation greater than 10 centies, and rotation of more | ''ans | 0.8% | 68.3% | 28.3% | 2.5% | 0.0%
than 45 degreesll in a 2 second window. One limitation of [ Rotate | 0.8% | 20.0% | 74.2% | 4.2% | 0.8%
the system is that when objects are moved very slowly, ther :
may not be a significant RF signal change (in the two second Swire | 0.0% | 3.3% | 3.3% | 93.3% | 0.0%
sliding window) to pe classified as an intérac event. At Cover 00% | 08% | 08% | 1.7% | 96.7%
the other extreme, it could be possible to start and complete
an object moment so quickly that the data would only appear
as a brief impulse, thusaking classification difficult. This

edge condition was difficult to produce and was not okesk IDSENSE APPLICATION AND EVALUATION

In practice. One of the key tradeoffs of thispproach is the we are

In a pilot study, 600 instancesf interaction events were inherenly sacrificingr i ch sensing dtaig a of
recorded with one participant interacting with one tagged toyfor a low-cost method ofnstrumening thatobject with a

doing 5 types aihteractiors: still, translation, rotation, swipe passiveRFID tag The previous section demonstrated that
touch and cover touclior translation, théoy is moved by  the system isundamentally capable dflentifying basic

20 centimetersaind intherotation class, the toy is rotateg human object interaction emnormal office/lab environment.

90 degreednteractions are conducted on a table top thith ~ To gain a better understanding of the capabditof the

RFID reader antenna mounted on the ceilingfacing systemit is useful to focus on a few application space
downwards at a distance of approximately 3 meteneal
time classfier using Support Vector Machine (SVM3]
with RadialBasisFunction (RBF) kernelwas implemented
in Matlab, which receivedstreamingRFID read eventgdm
a Java application ovdiCP/IP.

D

Table 1: 10 fold crossvalidation result for 5-class classifier

The following sections explore three application scenarios
and provide a deeper analysis of system performance.
should also be noted thatuman subjectapproval was
obtainedor all studies in this paper and the RFID equipment
used is commercially available and meets the FCC
We trained a &lass classifiebased orthe 600 annotated regulatiorsfor healthand safetys well asadiointerference
instancesandtuned parameters the RBF kernel by 10 fold
cross validation. This appach was able to achieve an 86.0
accuracy. However, the major classification confusion
occurred betweethetranslation class arttierotation class,
which could only be distinguished with a 74.7% accur#cy.
is believed that using multiple tags on a single objectid
improve these results in the future.

Interactive S torytelling with Physical T oys

An interactive storielling application isshown inFigure 6
where a stuffed toy lion is enhanced witlow-cost RFID
collar that communicates with a higi cost game console
(RFID reader) connected to a computer or When a child
plays with therealtoy, interaction eventarerecorded byhe
IDSensesystem whichiriggers actions by avirtual character
Since the goal of this work is to robustly identify human on a computer screen. For instangeswipe touch near the
object interactions, we combined the rimtatand translation ~ collar is interpreted as petting the liamhile a cover touch
classes into one fAmoti on c Irggesshg charactgrdo takejamapLikewiseskaking the lign  d ¢
human tag interaction including still, motion, swipe touch cause the digital character to dance. Any of these actions
and cover touchThe 106fold crossvalidation resukin a4-  can advance the plot line of the story and be used to trigger
class classifier, which shows amproved accuracy of Visual and audio feedbackSince RFID tags inherently
95.7%. It should be noted that our classifier is invariant to provides unique identification information, multiple toys can
which object was used to train the classifier. Thosotatd ~ be used simultaneously toreate complex and dynamic
data from all objects are being used to train a uniformedstories. Additionallyeach toy can be personalizeaisbd on
model. In later sectionsve demonstrate that thisasisifier ~ previous story lines ar s eprefesences using a database or
can be usetby differentparticipants, without the need for the witeable memory in the RFID tagltimately IDSense
retraining. This makesense, since the system is detecting offersanunobtrusive way to bridge interactive daitnedia

that an object is being interacted with, not a gesture or actiovith reakworld toys and objects

that is unique to an individual. Study Design Overview

The realtime classifier reports results once per secfand  In this study we evaluate the performancetbe systenat
eachtag, which is accomplished by sliding the tamcond  classifying events necessary to support the interactive
window over the data stream in esecond intervals. The storytelling scenarioThese egnts include the toy being:
following sections investigate several applications using thestill, in motion, swipe touched, and cover touchkdthis
IDSense system andre implemented using the reaahe casethefimotion claséincludes both toy translatiofigure
classifier. 2a) and rotationKigure2b).



oy

Figure 7: Study setting for toy interaction

Training & Testing

We trained our <£lass interaction classifiers based on
annotated data from one participant and tested the classifier
for all other 10 participants. Classification resultgre
reported in real timéand recorded for post processinigt
were not made vikle to the participants during testinthe

Figure 6: An example of interactive storyelling script with annotated mistakavas then compared to data
where interaction with a physical toy lion, such as collected by the RFID reader

petting, holding, and shaking triggers digital
character actions and plot events.

Evaluation Results:

The systemachieved an average of 93.7% (SD=%)
classification accuracy fd¥toys on 1600 instancesross 4
classes collected from 10 participants, and a 2.8% (2400
instances) false alarm rate on the 3 still reference toys. Table
™ shows detailed classification results.

Five tagged toys were placed on a tableameing 140cm X
70cm as shown iRigure?, whichis in the same locatioas
shown inFigure 3. The table was divided into 6 sections
markedwith number 16. For move eventsthe toys were
moved from one section to another, distance betwee
neighboring sections was approximately 20 to 35
centimeters, and nemeighborimy sections approximately 40 These results show that the system is capabdtassifying
to 90 centimeters. multiple tagged objesteven when simultaneous interact
events occur During natural interactions with toys,

Study Procedures participantsvoul d have t ot aysadc hi moveerrd

We recruited 11 participants including 7 males and 4%. . . .
females, with a mean age 25.7 years. Each participanp'ck upad]acent?bjectS\NhenpromptedTh|§ could cause a
finished the study independently] studies spannestera ¢ "@nge i n the RF ssingetl®armofe o f
period of two weeks. During the study, each participant wasth® Participant would partiallylocked some of the RF

asked to follow visual instructions on a monitor to perform Signals from the reader, potentially causing a false positive.

10 instances of each of the following interactions on 2However, our training session included this type of
randomly selected toys. Instructions were given once everynterference and the results show that it dat cause a

5 secondsTheinstructionscript is used as ground truth and significant false positive rate.

u s e migtakes are manually annotatéle also monitor
interaction records on the 3 unselected toys to test fals
alarms triggered by interaction with nearby objects.

We also testethe systemin the same setting with only one
?agged toy to get an upper bounds on performance. This

accuracy$ only slightly higher thathe 5 tag scenario with
1. Translation:Translate2 toys simultaneously between 6 an accuracy 095.3% (SD=4.0%)

sections for 10 instancef~igure 2a Figure 7). 5
translations to neighboring sections and 5 translations to

nonneighboring sections. Note that 2 toys were | Classified Still Motion | Swipe Cover
following different paths during translations ah
2.Rotation: Rotat@ toys simultaneously by approximately st 945% 2.5% 3.0% 0.0%
90 degrees for 10 instanc@sgure2b) Motion 2.3% | 92.3% | 5.5% 0.0%
3.S_Wipe touch: Pgrform 10 swipe touches on 2 toys Swipe 1.0% 55% | 93.5% 0.0%
simultaneously(Figure2c)
0, 0, 0
4.Cover touch: Perform 10 cover touches on 2 toys Cover 0.0% 4.0% 1.5% S

simultaneously(Figure2d S . .
) y(Fig ) ] ) Table 2: Classification results for user toy interaction
5.6till: Pauss between two interactionare recorded as events. Five toys where interacted with in total and at any

still instances one time two toys where beingnteracted with.



Interaction Detection of Daily Objects for Activity exactly the same as real life (i.e. participantswvere not
Inferencing required to consume foQdbut participantsvere asked to
Activity inferencingof daily tasks and events in the home perform objectnteraction with tagged objects they would
and office environmeritas long been an importarapability do in a realife setting.

for ubiquitous computing and smart environment _

applications. Using human object interactiorthie form of ~ Training & Testing . . . .
imoved events has been sh o”%['fﬂ'ssc‘f ripthe 99"%'34%”9%96'@9 quﬁL@'W'P%e%e. %So r
inferring daily activities[11,13] For testing purposes ability to identify |an|V| ual move an 'touc events'whlch
homeliving roomenvironment was setup aur office space wer'edemonstrated in the last two sections. Ins,tﬁ@tme

and objects ere augmentedvith RFID tags as showin series Qutput of the IDSenngtmn evg:nt clas.s[flcatlon
Figure8. In this scenario, IDShse shows that it can achieve €NJiNE is sent to a second activitferencingelassifier. The
resultssimilar to previous activity infereiireg projecs based goal ofthe_gctmtymferencmgengme s to identify r_ugher

on RFID without the need for expensive custom hardware Ororder activities based on the series of lower level object move
for the users to wear an RFID reader. events.

Study Design Overview We trained our Iovyer level motion even_t classifier based on
In this studywe evaluatghe performance adur systemin 50 annotated motion events, of 10 objects manipulated by

classifying events necessary to support activity inférgnc ~ ©ne pe_xrtic_ipat. F_or the activity classifier, we set our_sliding
scenarios, based on human object interactien.commonly ~ classification window length to 20 seconds, which was
used items in a livingoonkitchen setting are retrofitted @dvanced on a orgecond interval. Object motion events are
with tags including: 1pirinking glass 2) milk container 3) ~ Mapped into activities and used to identify the other 10
cerealbox, 4 bowl, 5) glasses case, 6) book, 7) TV remote P @ T t i cctiyitiesn Resuis are peptocessed based on
control, 8)vitamin box, 9window cleaner 10) toottbrush the ground truth script with annotated user mistakes.

The items are placed @rseparate tables/counter tops, which Evaluation Results: .
occupy approximately a 4m x 4m space. The RFID readefDSenseeported an averagd 96.9% (SD=2.9%) precision

antenna is placed ae the ceilhg on a tall tripodand is and 95.86 (SD=4.3%) recall for inferring eight activities

pointed downwards towards the floor so that it covers thedVen atotal of240 instances acro&® participantsTable 3
tables and counter. shows classification details on each activityThese

promising results showcasiee adaptability of our loveost,
Study procedures commercially available RFHbased system in a hem
We recruited 1 participantsincluding 6 males and 5 setting for activitydetection andnferenciry.
females with a mean age of 25.3 yeaEsach participamvas
given audioinstructonsto perform three randoty ordered
sets of the following eighdctivities, resulting irR4 activity
instances1) Drink milk 2) Make @real3) Wear glassed)
Read bools) Watch TV 6) Takevitamin 7) Clean window
8) Brush teeth.Each activity lasted gpoximately 20
seconds.

Product | nteraction Tracking for Costumer Interest
Monitoring.

RFID systems have already shown potential for enhancing
traditional retail store while improving inventory
managemeni8]. IDSenseoffers the potential to deteine
which items or merchandise displagi®e most appealing to
consumers based on interaction events. Retailers can use
An instructionscript was used as ground truth ands e r 6ssich information toprovide consumers withcustomized
mistakesveremanually annotatedsomeactivitieswerenot shopping experienceOne of the challenges in a retalil
environment is that the nuar of RFID tags visible by an

\\ S o i o] individual reader may bsignificantly larger than that in a
- % : Activity Precision Recall

' Drink Milk 93.9% 96.7%0

Make cereal 98.1% 86.7%06

Wear glasses 96.8% 100.0%

Read book 100.0% 96.7%06

Turn on/off TV 96.5%0 93.2%

Take vitamin 100.0% 96.7%06

Cleanwindow 96.7%06 96.7%06

Brush teeth 93.%6 100.0%

_ Totals 96.%% 95.8%
Figure 8: Activity inferencing study setting in a mock living Table 3 Activity detection results for eight common tasks in

room environment the home



home settingAs the population of tags increaste pettag Training & Testing

read rate (or the sampling rate of the tagh decrease. We trained our interaction classifier based on annotated data
Thankfully thereis notaninversely propdional correlation ~ from one participant doing 50 instances of annotatebme

as thelSO-18000c standard which is based the Slotted on clothes. Since there arely motion and still events in this
Aloha protocol is specially designed to quicklynventory  scenario, the chsifier is binary, separatingnotion class
very largepopulation of tagsAdditionally, with densely  from still class Objectsmotive eventsndtheir frequencyn
packed cltheson hangersit is likely thatthe movement of @ 30second sliding window(which is advanced each
oneitemmay cause motion on nearby objects as well. On thesecond)vas used to determigowsing and item of interest.
other hand,since shoppes will spend morethan a few  Classification resultererereported i reattime butwerenot
seconds with an object that they ameerested inmultiple made visible to the participants during testing.

move events can begisteredn terms ofhigherfrequency £, - ation Results:

anddurationto determinghe items of interest. A total of 10 participants made 50 browsing eveatd 50

Study Design Overview clothing choicesThe system waable to detec49 out of 50

In this study, 20 tagged clothes are displayed on twhidlpt ~ fibrowsing events with4 false alarrsand 48 out of 5@ i t e m
racks(Figure9). The RFID reader antenna is located ontheo f i nt er est 0 c withtl falseralgrmThhsp i c e e

ceiling pointed towards theacks. Each participant is asked yielding 2.5 precision, 98.06 recall on browsing
to browse the selection of clothing and select iteshs detection and 98.0% precision and 96.0%call on
interest Since the RFID tags are densely packed together identifying clothes choiced heseresuls show the potential
hanging rack, small movements of one piece of clothing can to appy the IDSense systenm the retail environment to
move other shirts resulting irspurious move \ents. identify consumershoppinghabits and help provide better
Therefore we created a secormassifie that monitored the ~ consumer experiences.

data stream of move events inwo shopping activitie;s: DISCUSSION.& LIMITATI ONS

ibrowsingo and fAitem of i ntygdeapeln@ny pdidibR Yhéthols%or imPiéhbrfify hfman Wh i
rack of clothinga hopper is | ooking d&,Rd%iRkdtRifdn detdchioR sydtdmb &dMDSbcuses on

I nt e lasssierdetects that a single garment tag is being ihe paradigm of minimalistic instmentation of objects with
interactedover an extended period of time. ultra-low-costradio sensing capability in the form of RFID

Study procedures tags. While other approaches can provide streaming sensor

We recruited 11 participants including 7males and 4 data at higher data rates, this paper demonstrates that simple
femaleswith amean agef 24.2 yearsEach participanvas moveandtouchinteraction detection can enable compelling

asked tdorowse through theacks of clothes anithenchoose  ubiquitous sensing and human object interaction

one pieceto try on We recordedorowsing andclothing applications.

choice ground truth manuallyThe clothing interaction A ygitional Applications

classifier reported intection events once per seconkhe Since the IDSense ggsn is easy to train and deploye
action ofbrowsingwas determing by matchingclusters of o jiave the potential application space is not limi@dhe

interaction eventso a particularclothing rack. Items of 66 scenarios described in the previous sections. In fact,
Interest arg:ieterrplned)y manitoring |ntera(_:t|on frequency. everyday objects provide a board space for IDSense to
In-a moving window of 30 seconds, if more than 10 gnapje “novel interaction detection applications. Other
interaction events are detectedae tagthetaggedclothes  gppjications we have explored include seat occupancy
will be clessified as aftemof interest detection and gross postuestimation. For example, tags on

a seat surface can be utilized to detect occupancy by sensing
cover touch. Tags on the seat back and armrest can be used
to sense a leaning back posture and resting arm posture,
enabling gross posture detection.

A secom class of compelling application spacis
infrastructure monitoring, where RFID tags can infer the
state of the environment. For example, RFID tags placed on
fixed infrastructure, such as deofloors, and windowscan

be used for motion tracking for seawrity scenarios.
Furthermore, tagsan beintegrated im objects as sensors,
where the mive or still statesof mechanical métods can
beinferred by monitorindRSSI and RF Phase features.

Human Interference

IDSense demonstrates good performance for rtadti
applications and the usage scenario should be designed to
mitigate objecto-object and objeeto-human interference.

Figure 9: Retail shopping scenaricstudy setting



However, due to the diversity of human behavior, unintended2. Buettner, M., Prasad, R., Philipose, M., and Wetherall, D.
interactions an be recorded. For instance, when humans Recognizing Daily Activiies with RFIDBased Sensors.
walk between the reader antenna and tagged objects (or Ubicomp (2009), 5160.
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placement can improve system penfiance. We found that on Intelligent Systems and Technologi £2011), 127.
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only achievelimited perfformance So we chose to boost . .
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environment had some effect even though fdatures are Pervasive Computing2007), 280297.
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