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ABSTRACT

Touch sensing and computer vision have made human
computer interaction possible in environments whesg-
boards, mice, or other handheld implements areavaia-
ble or desirable. However, the high cost of instatmng
environments limits the ubiquity of these technadsg par-
ticularly in home scenarios where cost constraiiotsinate
installation decisions. Fortunately, home environtadtre-
quently offer a signal that is unique to locatiams objects
within the home: electromagnetic noise. In this kyowe
use the body as a receiving antenna and leverégadise
for gestural interaction. We demonstrate that ipéssible
to robustly recognize touched locations on an unins
mented home wall using no specialized sensors. @ve ¢
duct a series of experiments to explore the caitiabithat
this new sensing modality may offer. Specificalle show
robust classification of gestures such as the iposif dis-
crete touches around light switches, the particlilgint
switch being touched, which appliances are touctifir-
entiation between hands, as well as continuousimiityxof
hand to the switch, among others. We close by disng
opportunities, limitations, and future work.
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INTRODUCTION

As computers become more mobile and more ubiquitous
people increasingly expect always-available conmgyti
either with devices that they carry on their bod@susing
devices embedded in the environment. We see apdscr
ing need for interaction modalities that go beydme key-
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Figure 1: The human body behaves as an antenna ihé pres-
ence of noiseradiated by power lines and appliances. O
approach analyzes this noise, turning the whole hoeninto ar
interaction surface.

board and mouse, and furthermore, that do not reque-
diated interaction with specialized devices suchtglsises.

Researchers have addressed this need throughetyvafi
input channels. Speech recognition enables haeésHr-
teraction for a variety of desktop and mobile aggtions.
Similarly, computer vision enables machines to geize
faces, track movement, recognize gestures, anchsacot
3D scenes. Various techniques, most notably capacit
sensing, have been used to instrument surfaces astiah
bles, walls, and mobile devices in order to providaech
sensing. In addition, specialized depth cameras d@taw
users to interact with their computers using whmdely
gestures are becoming commercially available tsgomers
(e.g., Microsoft Kinect).

Speech input comes at a relatively low cost ofrumaenta-
tion, but is limited in input bandwidth and may ram ap-
propriate in many scenarios. Vision- and touch-daseh-
nologies offer an array of subtle, natural intemcttech-
nigques, but are limited in the potential scale epldyment
due to their associated installation burden and. €@snse-
guently, we will likely not see homes or workpladésit
allow truly ubiquitous input in the foreseeableuiw using
these modalities.



Other researchers, realizing these limitationsehexplored
sensors that exploit characteristics of the hunadyhitself

to turn it into an inherently portable interactidevice. Har-
rison et al. utilize bio-acoustic sensors to deirenthe lo-
cation of taps on the body, and thereby turn ib imat
touchscreen [12]. Saponas et al. use electricardaws of
forearm muscles to sense muscle activity and ififeyer

gestures [16]. However, these on-body input systamgo
date limited to a small number of discrete inpatg] do not
offer the large-scale interaction that is providgdtouch-
sensitive surfaces.

In this paper, we present a novel interaction mbd#hat
utilizes the human body as an antenna to receietret
magnetic (EM) noise that already exists in our \m4
ments (Figure 1). While this noise is bothersomadarly
every other EM sensing application, we treat ithascore
of our signal. By observing the properties of thaisa
picked up by the body, we can infer gestures onaandnd
existing surfaces and objects, specifically the lsvand
appliances in the home. We targeted our initialopad-
concept work to the home both because there isiggpw
demand for computing in the home, but also becposer
lines in the home have been shown to be a relstiyebd
transmitting antenna that creates a particularlgynéi.e.,
signal-rich) environment for us.

Specifically, the contributions of this paper are:

common to hear AM or CB radio through a set of kpea
that is not plugged into a radio. Home electricaing also
makes an effective antenna [4, 13, 15, 20], a pinemon
which we leverage in this work.

It turns out that the human body is also a vergaibe
antenna over a broad frequency range. The humay isod
an electrical conductor, and thus when exposedeitire-
magnetic fields, it behaves as an antenna witlequéncy
resonance determined by various factors includieight,
posture, etc. Research suggests that since thenhomaly is
a lossy conductor (dielectric) with a complex getrmeit
does not have a single effective resonance freguiend
rather a broadly distributed response [7], captufirquen-
cies from 40 Hz all the way to 400 MHz [8].

Sometimes referred to as the “body antenna effeabts’
phenomenon poses significant problems for systems
ploying body area networks (i.e., using the body an-
ductor to send data from one part of the body tottaar)
and for systems analyzing electrical phenomenainvitie
body (e.g., muscle activity). Consequently, redeans have
gone through great lengths to mitigate the problefrem-
bient electromagnetic noise being coupled to thayda].
In contrast, our focus in the present work idetceragethe
ambient electromagnetic noise picked up by the muma
body as a signal for classifying human interactioth the
environment.

1) A novel technique that uses the human body to sens&elated research has focused on using the humanasod

EM noise already present in the environment torinfe
gestures such as touch and hover around variows uni
strumented objects.

2) A core experiment conducted by 10 people in 10
homes validating the operation and robustness @f th
technique. Results from this experiment show that w
can accurately classify the location in the homensh

the interaction occurred and the contact positions

around light switches.

3) A set of smaller experiments to explore additiore
pabilities and limitations of our approach. Reskrten
these experiments suggest that we can infer proximi
to walls, multi-hand gestures, touched applianees),

continuous position along a touched wall.
BACKGROUND AND RELATED WORK

The Human Body as an Antenna

A basic receiving antenna can be thought of apparatus
that converts electromagnetic waves into electricatent.
An antenna consists of a set of conductors thatbeaar-
ranged in a variety different ways, where the sgepme-
try, and material dictate its effectiveness at irgéng a par-
ticular frequency. One of the simplest antennaguss a
loop of wire (commonly used for AM and FM radio),
whose length determines its effective frequencyaase.
In addition, any wire or conductor carrying curremt a
wire exposed to an electromagnetic field may exhihin-
tentional antenna characteristics. For instancis, ot un-

conductor for body area networks [6, 10, 22]. Bareple,

in the HCI community, Fukumoto and Tonomura demon-
strated the FingeRing [6], a finger-worn sensot tw@m-
municates to a wrist mounted receiver by usingbibdy as
an “electric wire.” Although their approach did nete the
body as an antenna, they noted that touching aacaurf
greatly reduced communication reliability becauseth®
body being grounded and acting as a human ant@thar
work has explored using the human body as a tramasmi
sion/reception antenna for inter-body communicafibn3,
10].

Also in the HCI community, near-field electric fiebensing
has been a popular approach for touch and motistuigss,
where the human body has been used as a disturbadce
radiator of an electric field [18, 21]. The Diamdimlich [5]
employs the human body as both a signal conducidraa
antenna by passing electromagnetic waves from dumn
tive pad into the body; these waves are in turkeucup by
antennas embedded in a tabletop interaction surfadbe
present work, we are interested in picking up nsig@als
using the bodyvithoutinstrumenting the environment. We
use the particular properties of the measured rtoisefer
the gestures performed by the human user. We are no
aware of other work that has explicitly looked aing am-
bient electromagnetic noise picked up by the huimady
for user interaction.

Home Power Infrastructure
There are many sources of electromagnetic noisthén



environment, but the home power line infrastructisrea
major source. A home typically consists of eleetriwiring
that supplies power to outlets, appliances, antiig via
wall switches. The electrical wiring branches frarnentral
circuit breaker, but the ground and neutral wiresthe
home are all tied together. Thus, signals occurdngthe
power line in one part of the house can be meadoreth-
er parts as well. In addition, the walls of the leoare die-
lectrics and will radiate electromagnetic fieldeeuf there
are no power lines in the wall.

Also, as mentioned earlier, the electrical wiringhe home
can act as both a reception and transmission aatdtast
work has used this phenomenon for indoor locatrank:
ing, where a tracking signal is radiated off thevpo line
[13, 20]. Similarly, [4] used the power line asaage anten-
na for receiving data wirelessly from ultra-low-pamsen-
sor nodes. All of these approaches use a knowralstbat
is either injected through or received by the povimes.
Other work has looked at passively monitoring tlosver
line using a high-frequency sampling of the voltagea
single electrical outlet to infer the activation afpliances
and electrical devices in the home based on theappce
of electrical noise from those devices [9, 14].

Although similar in spirit, our work monitors ontie elec-
tromagnetic noise radiated off of the power linesl ae-
ceived by the human body to determine where irhtirae
the person is and what type of gesture they arfeqeing.

Electrical Noise

The AC signal itself is one of the largest souroéglec-
tromagnetic noise in the home: this signal typicalscil-
lates at 60 Hz However, appliances and electronic devices
attached to the power line also contribute somsendihere
are roughly three general classes of electricadeneburces
that may be found in a home: resistive loads, itidec
loads such as motors, and loads with solid staftclsiwg
(also known as switched-mode power supplies).

Purely resistive loads, such as incandescent lampec-
tric stoves, do not create detectable amounts aexftrétal
noise while in operation, although just like a sési, they
can be expected to produce trace amounts of tharaisé
at an undetectable level. A motor, such as in adam
blender, is modeled as both a resistive and ingeiddad.

electronics has made use of switched-mode powenlissp
(SMPS) increasingly prevalent. In a modern SMPS thi
modulation happens at a very high rate (10 kHzMHz).
A side effect of an SMPS'’s operation is that thedmation
of the inductor’'s magnetic field produces large ants of
unintentional electromagnetic interference (EMinteeed
at or around the modulation frequency. Due to thesjzal
contact between the power line and the power sypbiy
EMI gets coupled onto the power line, which theppar
gates the noise throughout the entire electridedstructure
of a home. This is known as conducted EMI, whicluim
is radiated by the power line as radiated EMI. Eppli-
ance or device itself can also exhibit radiated EB#cause
such EMI may cause problems in the operation ofager
electronic devices, the US Federal Communicatioom-C
mission (FCC) sets rules for any device that cotsntecthe
power line and limits the amount of EMI it can cantdand
radiate. However, despite these limits, significant de-
tectable EMI is still coupled back over the poweel

There are also several significant sources of itatioise

on the power line which originate outside the hoRadio
broadcasts, including commercial AM and FM radice a
picked up by the power line, which acts as a reésgian-
tenna over a wide range of frequencies. In additimise
from elsewhere in the neighborhood is often coupled
through the earth ground connection as well. Pigsts
showed that even when we turned off the main paoer-

ing into a home, there was still significant baselnoise
present in the home, and radiated from the power li

Combining Power Line Noise and “Body as an Antenna”

Past work in power line noise analysis and usirgghihman
body as an antenna has largely explored dispapgiéca-

tions. Recognizing the potential of using electritaise as
a signal and the human body as a receiving antesura,
work seeks to enable new user interaction capigilib the

home that require no additional instrumentatiothi envi-

ronment, and only a simple analog-to-digital coteenn

the body itself. Based on the prior work, we hypesihed

that the complex shape of the power line infrastmepro-

vides enough spatial differentiability in the sigspace to
allow us to uniquely identify locations and contpdints

relative to electrical devices and wiring. In otheords, by

looking at a various characteristics of the freques (pres-

The continuous breaking and connecting by the motorence, amplitude, shape, etc.) observed on body,pibssi-

brushes creates a voltage noise synchronous tcA@e
power at 60 Hz (and at 120 Hz). Solid state switghile-
vices, such as those found in computer power segpli
compact fluorescent light (CFL) bulbs, modern TVs,
TRIAC dimmer switches and microwave ovens, emiseoi
that varies among devices and whose frequency ter-de
mined by an internal oscillator [14].

The drive towards smaller and more efficient consum

! This work was conducted in North America and theis
fers to 60 Hz AC power; other parts of the worleé 68 Hz.

ble to detect gestures.
CORE EXPERIMENT: VALIDATING THE TECHNIQUE

Participants and Homes

We conducted the experiment in 10 homes selectedpto
resent a variety of constructions, in the PacifirtRwest
region of the United States. These homes were esingl
family and townhouses built between 1948 and 2006
(u=1981). They ranged in size between 120 and g0ars
meters (u=215), and had between 1 and 3 floorsgsoim
them basements. The owner of each of these homtsipa
pated in our experiment. These 10 participantse(bale)
were between 28 and 61 years old (u=38), weighed be



tween 52 and 82 kg (u=64), and were between 150 andther locations were distributed around the homth \at

188 cm tall (u=169 cm).

Apparatus
Electromagnetic signals radiating from the poweedi and

least one location on each floor.

To minimize the number of variables that changedndu
the experimental session, we turned off applianceghich

walls and picked up by the human body antenna @n bwe had reasonable access and that periodicallygehtieir

measured as voltages. Since the body is relativahguc-
tive, we can measure these voltages by placingidumive
pad, connected by a wire to an analog-to-digitaivecter,
nearly anywhere on the body. In this experiment,civese
to measure voltages on the back of the neck bedtisa
stable point on the body that does not move sicgnifily
while a person is gesturing with their hands. Theknwas
also a convenient place because it is near ourcdéliction
equipment, which was housed in a backpack wornhly
participant (Figure 2). We will validate in additial exper-
iments that wearing the contact pad on a diffepart of
the body still permits robust classification of Hagestures.

We made electrical contact to the skin using adsteh
grounding strap, typically worn around the wrist emh
working with sensitive electronics. We ran a smaife

from the contact pad to a National Instruments B2R6

data acquisition unit, which sampled the voltagds
400 kS/s. We biased the voltage on the contactt fioim
local ground signal on the data acquisition unibtigh a
10 M resistor in order to remove most of the DC offset
the single-ended voltage. The data acquisition’sutdical

ground is internally isolated from the laptop’s @nd so
that the measurements are referenced only to thé kroal

ground on the data acquisition unit. The signal st-

ized at 16-bit resolution and streamed to diskmattached
laptop for subsequent processing.

Experimental Procedure

We selected 5 light switches and 1 spot above ectraal
outlet on a blank wall for testing in each of tfieHomes. In
order to test whether or not we could differentiaétween
locations in close proximity, we ensured that twiotloe
chosen light switches were located in the same rokm

Figure 2: Experimental setup. A laptop and a USB d@ acqui-
sition device are worn in a backpack. A wire connés the datz
acquisition device to a conductive pad in contact ith the back
of the participant’s neck.

—

state, including most computers, as well as heatimd) air
conditioning units. We left all light switches uséd the
experiment on, and we did not change the stateyfights
or appliances once the experiment started.

Participants stood at arm’s length away from thd aad
performed 6 specific gestures around each interaqtoint
(i.e., light switch or wall). The first was a “régjesture in
which participants placed both hands at their sidédwe
other five involved contacting the wall with thght palm,
placed flat against the wall for 6 seconds at &ffié posi-
tions around the switch. These positions includidctly
on the light switch plate and at points approxiryag® cm
above, below, right of, and left of the light svhitdn the
case of the blank wall, the same positions werd,Uset in
reference to an arbitrary point at about the headhd light
switch above the outlet marked on the wall. Eachiga

a pant performed these six gestures at all six looati(5

switches, 1 wall) around their home. Figure 2 shavsar-
ticipant in contact with the wall in the “above Higswitch”
position.

To help participants and to ensure consistencymasked

each of the contact points with tape. When obstaple-

vented the touch from occurring at 20 cm in angdiion

from the center position, we placed the tape asecés pos-
sible to the target position and noted this. We diped
over the ground screws on each light switch to enshat
the participant would not be shorted to ground ghiluch-
ing the switch. This was done to ensure that eacttact

with the switch was conducted under the same knowwm

ditions. Subsequent experiments confirmed thatgtioeind

screw provides a unique signal unto itself thatasy to
robustly discriminate from the other positions ur @xper-
iment.

Software running on the data collection laptopéssuerbal
commands in order to guide participants throughetkyger-
iment. In addition, all experiments involved a set@er-
son as an observer to check for mistakes and irstens
cies. The observer stood at least 1 m away fronp#ngci-
pant to ensure that his presence did not signitfigaaiter
the received signals. At each location, the sofwasued
commands about which position around the switchpére
ticipant should touch, followed by a 2-second besjmw-
ing the participant time to move to that positidrata was
then collected for 6 seconds before the next coninveas
issued. We randomized the order of the gesturesach
light switch to eliminate any potential temporaa®iand to
ensure that the participant remained cognitivelgaged.
Participants moved from location to location inrageter-
mined order, and repeated the entire procedumaeist{144
total gestures performed).



Figure 3: Signal captured from a participant during two
touches on a wall (red) and a light switch (blue)Green high-
lights (left and right) indicate periods of contact the orange
highlight (center) indicates the “rest” period of non-contact
Differences between these signals, and between the cont
and no-contact “rest” states, form the basis of ouapproach.

Analysis

Our primary goal is to inform the development dfenac-
tive systems that use the sampled signal to rezegges-
tures. Hence we treated our analysis as a mackareihg
classification problem. Specifically, we used theg@ential
Minimal Optimization (SMO) implementation of thesu

port vector machine (SVM) found in the Weka machine

learning toolkit [11]. An SVM uses labeled data don-
struct a set of hyperplanes that separate labeés liigh-
dimensional feature space, which can then be uzedds-
sification. Fully exploring possible machine leamitech-
niques is outside the scope of this paper; ourlteesan be
treated as a baseline that may be further optimized

In order to prepare data for the SVM, we first segtad
the 6-second gestures, removing a half-second filoen
front and end of this period to account for potnttaction
time and anticipatory effects. We then divided & volt-
age signal into consecutive 82-millisecond windowbis
window size allows for very low latency in gestutetec-
tion; however the results of the classification dznim-
proved by smoothing over longer windows. In ourlgses,

each of these windows was treated as being indepénd

data points. We then generated the following 1@2ures
for each window, which we used to train our SVM.

Time-Domain Features (2)

The most basic feature was the mean of the vol(Bge

value). We also calculated the root-mean-squaréRM6

value. The RMS value represents the AC amplitudthef
voltage, which changes significantly between défarges-
tures, as shown in Figure 3.

Low-Frequency Features (582)

Since the power lines are used to carry low-frequeRC

power (at 60 Hz), it is not surprising that mosthed energy
radiated off of the power line and received by kthenan
body antenna is in the low-frequency range. Figushows

that the power spectrum is dominated by 60 Hz asd i

harmonics. As a result, these frequencies are ir@pbfor
machine learning. We used all of the raw frequebins
between DC and 2 kHz (12 Hz resolution) producedfa

- - tee eme ee= aymee ayeae ayeee ageme

) Frqu;e'ncy(H'zy)-"
Figure 4: A frequency-domain representation of a gjnal cap-
tured during contact between a participant and a Ilght switch.
The 60 Hz peak and its harmonics are clearly visikl through-
out the low-frequency spectrum.

32768-point FFT as features. Since the SVM is aalin
classifier, we included both the linear and log YdBrsions

of these features (332 features total). In addjtibe har-

monics of 60 Hz seem to become negligible at fragiss

higher than about 25 kHz, and hence we createandeset
of low frequency features containing FFT bins bew®C

and 25 kHz at 200 Hz resolution, again using blghlinear

and log (dB) versions (250 features total).

High-Frequency Peak Features (18)

Through an initial exploration of the signals reesi on the
human body antenna, it became obvious that sehéegh}
frequency peaks were indicative of certain typesges-
tures. As a result, we also include the maximunuealf
several of these high-frequency peaks as featufbs.
peaks that we included are 20k, 30k, 50k, 60k, &k,
110k, 140k, and 150 kHz, again using both the liread
log (dB) versions (18 features total).

Full Frequency Range Features (400)

In order to encode the general shape of the frexyuspec-
trum, we use features containing frequency sampkes
tween DC and 200 kHz with a 1 kHz resolution, agesimg
both the linear and log (dB) versions (400 feattioéss!).

Results

To calculate how accurately we could classify vasicon-
ditions, we conducted multiple four-fold cross-daliions.
Each fold was made up of data points from a sitrglend”

through all locations in the home. This ensured ttzaning
and testing data points were separated within @, fahd
that training data and testing data were sepatatestveral
minutes in time (to avoid over-fitting to transiergriations
in the environment). These numbers are represeatafi
what we would expect to see in an interactive sgsté/e
report average accuracies and standard deviations.

Wall Touch

Looking only at the time-domain signals (Figure B)is
easy to see the difference between the time wheepdttic-
ipant is touching the wall (green) and the time witeey
are not (orange). Therefore, not surprisingly, ¢lessifica-
tion results for this kind of analysis were quitghh

Two-class classification of wall-touch vs. no-wadlich



performed at 98.5%,=4.1 (chance=50%) when averaged near 100% accuracy, and can determine whethersineis

across the participants in all 10 homes. Sincestirength of
the signal received on the body is related to togimity to
the radiating source, in this case the power limes,ex-
pected that our wall touch classification would fpen
better on light switches than on the blank wallswebout-
lets. However, our results show that the clasdifica
worked just as well on the blank walls, indicatihgt ges-
tures do not need to be confined to the area ardightl
switches. In fact, touches on most walls are dakdetbe-
cause of the wiring elsewhere in the wall.

Location in Home

The 6-location classification of interaction locatiin the
home performed at 99.1%,=1.3 (chance=16.7%) when
using data from all gestures around each lightcbwin
each home. This is a very impressive result, madm e
more impressive by noting that by experimental giesiwo
of the walls in each classification were locatedhasame
room. This suggests the possibility to classify athwvall a
user is interacting with, rather than just whicbmo

Perhaps even more interestingly, the same levatairacy
can be obtained without even touching the wallngginly
the data from when the participant was standingest at
arm’s length from the wall (hands at sides), thedtion
classification performed at 99.5%1.2 (chance=16.7%).
This is a promising result, because it hints atpbssibility
of determining the location of people throughowt ttome,
even when they are not interacting directly witk thalls.
This could enable location-aware systems that onsairi
gestures in addition to on-wall gestures.

Touch Position on Wall

The 5-position classification of gesture positionuad the
light switches performed at 87.4%, =10.9%
(chance=20%). The touch position on the blank wedis

be classified at 74.3%,=16.1% (chance=20%). This is an

interesting result, as it suggests that it may bssjble to
classify arbitrary touch positions on blank walt&t just
touches that are near light switches. We explageftiither
in the exploratory experiments described in thet reec-
tion.

Location in Home and Touch Position on Wall
By combining the classification aboth the location in

homeandthe touch position on the wall, we have a 30-class

problem, which performed at 79.8%7.0 (chance=3.3%).
While this number may not seem high, recall thaséhare
unoptimized classifications on individual time-waowls
and that these numbers should increase for emtirehes,
even simply using naive voting schemes across pieilti
windows. With no additional instrumentation to theme,
these results are quite promising in terms of thiéity to
both classify touch locations in the home as welthee ab-
solute position on the wall.

Summary
Based on the classification results presentedigsiction,
we can determine the location of the user in thmdyawith

touching a wall or not with 98% accuracy. With 8a%cu-
racy, we are able to determine the position aroaright
switch on a wall. We can even simultaneously idgritie
location in the home and the position on the whHl given
touch with 80% accuracy.

EXPLORING ADDITIONAL CAPABILITIES

Our core experiments, described above, confirmedhgu
pothesis that electromagnetic noise in the honumiigue to
specific locations, allowing discrimination of Idins
within the home and touched wall positions. In orte
guide future work and understand the boundarieshisf
approach, we conducted a series of additional @xpets
to determine other capabilities that our approadahtof-
fer. We also wanted to confirm that decisions welenfor
consistency in experimental design (e.g., choosiegneck
as the body contact location) are not restrictithvet are
fundamental to our approach.

We used the data acquisition system and methodqiogy
sented in the previous sections, but the followaxgperi-
ments were performed by two participants (instefté),
each in one (different) home. This reduced paicipool
allowed us to explore a variety of techniques, ®lstill
ensuring that results were not unique to a singlsqn or
home. Unless otherwise indicated, classificatisults are
based on the same SVM described above, classiBg
millisecond windows within our 5-second gesturesthw
4-fold cross-validation across 4 “rounds” through ges-
tures in an experiment.

Each subsection introduces an experimental questian
we aimed to answer in this additional exploratiaiong
with results that provide preliminary answers tosth ques-
tions.

Experiments and Results

Body Contact Location

In our core experiment, we placed the contact padhe
participant’s neck, which allowed us to eliminatevament
of the pad for the sake of experimental consistertyw-
ever, for real-world scenarios, connecting a cormgutie-
vice to a user’s skin would much more likely siana loca-
tion on which we already wear computing deviceg.(¢he
wrist). We thus repeated our core 5-position cfasgion
experiment around a single light switch in eacl2 tiomes,
with the contact pad placed on the participantiedom,
instead of the neck. The 5-position classificatidposition
around the switch performed at 98%
(chance=20%) for our two participants.

This indicates that our approach performs well wiitle
contact pad placed on the arm (where it might beneoted
to a watch), which is more practical for consuneEmsrios.

Appliance Classification

Home appliances are known to emit a significant amof
electromagnetic noise. In addition, they have lavgetions
of metal which are well grounded to the home’s polive

and 97%



Figure 5: Frequency-domain differences of measuredignal
between a refrigerator, microwave, and a wall touch Peak:
show characteristic changes in amplitude that allovour classi-
fiers to discriminate among touched objets. Here we sho
just one set of peaks from the hig-frequency spectrum; simi-
lar characteristic peaks occur throughout the spectim.

infrastructure. We hypothesized that this wouldwllus to
robustly classify contact between a user and a hayopd-
ance, suggesting a variety of interaction techrsgbased
on touching uninstrumented appliances. In ordeaddress
this hypothesis, participants touched each of ppliances
in the same kitchen: refrigerator, freezer, stonierowave,
dishwasher, and faucet. All appliances were pluggetut
not actively running, during the experiment.

Consistent with our hypothesis, the measured eletg-
netic noise while touching these appliances wagecria-

matic, even compared to the noise observed durialy w

touches, and showed strong differences in our featpace
among appliances (Figure 5). Consequently, classifin
among these six appliances was 100% for both fzatits
(chance=16.7%).

This indicates that direct contact with applianpesvides a
robust signal for classification, suggesting theeptal to
turn uninstrumented appliances into real-world tbns”.

Number of Hands

In the experiments presented in the previous sgcpiartic-
ipants used only their right hand. We hypothesiteat
asymmetries in body conductivity, subtle asymmstiie
contact pad placement, and differences in contaea a
would allow us to robustly discriminate left-, righand
two-handed contact with a wall or light switch. &prelim-
inary investigation of this hypothesis, participanmhade
left-, right-, or two-handed contact with a sindight
switch, and we attempt to classify among these amnt

types.

Consistent with our hypothesis, dramatic differenteour
acquired signal were visible among these statss|theg in
classification accuracies of 96% and 99% for our tvar-
ticipants (chance=33.3%).

This indicates that our approach allows robustridisoa-
tion among left-, right-, and two-handed contact.

Proximity to Wall
Based on initial observations that the amplitudehef sig-

Figure 6: Regressing captured data onto a participat’s dis-
tance from the wall (hand movement only). Error bas repre-
sent standard deviations. Light gray line indicatescorrect
prediction values.

nal received on the human body antenna changesuaent
ously as participants’ hands approached the walk po a
touch, we hypothesized that the captured signalldvpro-
vide a robust indication of the distance betwegreson’s
hand and the wall when no touch is occurring.

To investigate this hypothesis, participants resbed right
hands above a measuring device for several secnfls
10, 15, 20, 25, and 30 cm away from a light sw{long a
line perpendicular to the wall). The participaritsdy did
not move throughout this experiment, only the hand.

We used the same features as in our core experi@medt
the same cross-validation procedure, but withirhefadd,

rather than training a support vector machine dlass
(which discriminates among discrete states), windrha
regression of our features onto the user’s distancthe
wall, using Weka’s implementation of the SMO regies

algorithm [17], which uses a support vector machmmap
features into a high-dimensional space (as in al $las-

sifier) and performs a linear regression in thacgp Fig-
ure 6 shows the results across all regressions.ovaeall

RMS error was 4.1 cm.

This indicates that our approach provides an initinaof a
user’s distance from a wall containing electricales, with
a resolution on the order of several centimeters.

Continuous Position Along Wall

The success of the “blank wall” results in the cexperi-
ment described earlier suggested that noise radiabten
the power lines would vary continuously and preadity
along a wall, offering the possibility o€ontinuoustouch
localization. To assess this hypothesis, we agséd @& re-
gression approach. In this case, participants detteir
right-hand index finger against a wall at distanfresn 10
cm to 60 cm away from a light switchlong the wall, in
one horizontal direction, at 10 cm increments ,(i1€, 20,
30, 40, 50, and 60 cm). Figure 7 shows the resclsss all
regressions. The overall RMS error was 8.1 cm.



Figure 7: Regressing captured data onto a participat’'s touch
position along a wall; distances indicate cm awaydm a light
switch. Error bars represent standard deviations. light gray
line indicates correct prediction values.

This indicates that our approach provides an initinaof a
user’s position along a noise-radiating wall, wathresolu-
tion on the order of several centimeters.

Interaction Switch Off

Our core experiments focused solely on light svecthat
were on (i.e., passing current). The noise envimemnat a
light switch, however, is a function of the completiring
pattern in the wall and the house, suggesting phasing
current through the light switch at the centerrgéraction
may not be necessary. We thus repeated our 5-quosiths-
sification experiment around a single light switaleach of
two homes, with the contact switdff. Classification per-
formed at 99% and 97% (chance=20%) for our twoigart
pants.

This indicates that our approach performs well ef@n
determining position relative to a light switch thgoff.

Number of Fingers

Our ability to discriminate among one- and two-heshd
contact suggested that changes in contact areadwamail
reflected in our signal, and that it might be pblesio dis-
criminate finer changes in contact area, such adlitfier-
ence between single-finger and multi-finger contact

To assess this hypothesis, our two participantslected 5-
second touches on a light switch using 1, 2, &ndl, 5 fin-
gers on a single hand. Classification performebi38 and
59% (chance=20%).

This is significantly lower than classification fmmance
for the other capabilities explored in this sectibat indi-
cates that there is a relationship between cortaea and
our signal features. Additional work may be reqdirte
robustly discriminate fine changes in contact area.

DISCUSSION AND FUTURE WORK

Through our core experiment, we found that by meagu
the electromagnetic noise received by the humary laod

tenna, we can classify a person’s location in theada with

nearly 100% accuracy, and the position that a peiso

touching around a light switch with 87% accuracyawer-

age. Through our additional explorations, we hagman-

strated the ability to differentiate right and léfinds, and
determine which appliance is being touched. In taafdi we

have shown the ability to estimate the distancevben a
wall and a hand in the air, as well as the positiba hand
along a wall.

These are promising results, which we believe @mte-
grated into an interactive real-time system fortgessens-
ing in uninstrumented homes. However, note thadfthe
classification accuracies reported in this work are82-
millisecond windows. In an interactive system, dguMd be
more natural to classify at the level of individuauches,
which will likely improveclassification performance, since
smoothing can be performed over multiple windows.

Classification Features

We analyzed the classifiers built for our experitseto
determine which features were most informative rdnyk-
ing the feature weights generated for each classi®ver
several hundred classifiers, the raw FFT amplitadan-
ning 60 Hz was the feature most frequently in e ten
highest-weighted features. Other features frequeatiked
highly in our classifiers included the RMS ampli¢udnd
the FFT amplitude at 48 Hz (most likely a distamtiof the
60 Hz signal). Perhaps more surprisingly, thouglthé fact
that several of our “high frequency peak” featumeshe
kilohertz range were assigned large weights by rolastsi-
fiers, motivating further exploration of these infmative
signals (Figure 5).

In addition to further exploring the “high frequengeaks”,
we would like to conduct an in-depth analysis & tbature
space for this type of gesture sensing. We areentiyr us-
ing a naive feature set, and are confident thateaults can
be improved — and several of our current limitagi@an be
addressed — by using more appropriate featureseXxam-
ple, we have found examples of high-frequency peaks
whose center frequency shifts as a function ofgbésture.
Exploration of these features remains future work.

Limitations and Future Improvements

Although our approach holds some promise, thereaare
number of limitations that we observed which wéguire
further examination. The first is the generaliziapibf the
observed noise signals. Since the electrical nigise side
effect of the power line infrastructure, there amesimple
predictive models to infer what the signal will lotke at
different locations. Thus, the fingerprinting (dd&ation)
approach used here appears to be the most viaklgogo
for now. This would require a user to calibrate &naéh the
relevant gestures and locations for their home.

However, there are some simple techniques thatdcbel
used to help inform the user if a particular logativould
perform well. For example, the relative noise sgrea a
given location compared to the observed baselingeno
the house, and the observed signal strength, dmeildsed
to indicate a good location. Since it is possildentodel



certain electronic devices in the home, such asntise
emitted from a switching power supply, this coulidwa us
to actively reject or select certain features tgnove the
performance at a particular location.

Alternatively and perhaps more interestingly, if a#ow
ourselves to marginally instrument the environmengyvi-
ous work shows that we may be able to infer a@isisuch
as which light switch has been flipped (and hencethed)
[15]. Using this system, we might be able to pasgitrain
the system as the user goes about their dailyitesivturn-
ing lights on and off.

With the electrical wiring being embedded in thellsyait

may be difficult to determine good locations foteiraction.
Appliances, TVs, light switches, and outlets cdrbalused
as a general guide and anchor points. For blanlsyshce
it is hard to see the actual electrical wiring, eaald imag-
ine using a “stud finder” approach with our systeim,
which the user runs their hand on the surface anlibke

feedback is played to indicate that the area utttethand
contains enough signal for interaction.

Large inductive loads or very noisy dimmer switcimesy
pose problems since they generate broadband matean
potentially mask or overwhelm a previously obseraede
signal. Some of these may only cause localized lpnady
while others may propagate throughout the entirméo
Similarly, other loads operating in the home mawyperal-
ly change the signature of a particular locatiompdiential
solution may be to have the wearable device symired
to a single device plugged into an outlet thabistimuously
monitoring the power line noise and computing défece
vectors for classification. This may only work farcertain
number of noisy devices, since the response optweer
line is not necessarily linear and superpositiony mat
hold. Another approach may be to have a plug-inicgev
that generates a known broadband signal and initeicts
the power line, similar to [13].

In all of our experiments, the electrical statetleé home
(i.e., which appliances and lights were turned remained
constant throughout the testing session. We pedgdran
informal exploration of the effects associated veittanging
the electrical state of the home. We found thatdhssifi-
cation works well when the home is in the sameesaat it
was during training; however, causing large changes
state (i.e., turning on the air conditioning, drligihts in the
home) causes the classification accuracy to dropallSr
changes to the electrical state of the home appe@duce
the classification accuracy to a lesser extent. p@ to
develop a feature set that is more robust to thesd#s of
changes. Additionally, the user could train theteysusing
a few significantly different electrical statesge.all lights
off, all lights on, and air conditioning on). Usiraxisting
systems [9, 14, 15] is possible to passively detrnwvhen
each of the electrical appliances in the home chatates,
and therefore our classifier can change its modskd on
the electrical state of the home.

During our core experiment, we taped over the gioun
screws of all light switches to ensure consistelnetween
these touches. We hypothesized that touching tbangr
screw would short the human body antenna to groand,
would therefore significantly affect the receivednal. We
performed an informal experiment to test this the&ased
on our results, it appears that the received signaignifi-
cantly different when the body is grounded throubk
screws on the light switch. Not surprisingly, thignsi
looks similar to those seen when touching grouraisuli-
ances. Since the signal is significantly differemhen
touching the ground screws, these can be considamed
additional type of gestural input on each switch.

Our initial results suggest the contact pad mayosated
anywhere on the body. We would like to further exel
non-intrusive form factors for connecting a compgtide-
vice to the body, such as a wrist watch. Anothesslity

is to explore how well a short range air-coupledretion
to the body may work. In this case, we could imadiav-
ing sensors integrated into a mobile device, whiohld

either reside on belt clip or in a pocket. It woulgked to be
able to sense the electromagnetic noise receiveticoiu-
man body without any physical contact to the body.

As we described earlier, the shape of an anterotatds the
received frequency response. We intend to exploge-f
space gestures conducted near the electrical pbmes.

Changes in posture and hand gestures could resdlisi

cernable frequency shifts, which may indicate dwges

We attempted to characterize the side-effects opatticu-

lar hardware, and minimize all effects of noise ardrfer-

ence; however, it is possible that the data cadachard-

ware (i.e., the data acquisition unit and lapto@yrhave

been injecting noise in the environment (though ceim
certainly not in a gesture-specific manner). Wenptamore

carefully characterize the side-effects of our pmeént, and
if it turns out that noise generated by the curtentdware
is beneficial to the operation or robustness of sistem,

future designs can intentionally generate theseasig

Applications

The ability to turn almost any wall surface or é¢fieal de-

vice in the home into an interactive input systematdes a
breadth of applications. In the light switch scémawe can
imagine mapping a collection of gestures to diditgiting

in a room without having to add additional physisaitch-

es to the space. Since we are able to identifyodetion of

the gesture, the interaction can be mapped to fapeeirts

of the home. This enables having arbitrary widdeting

placed in the environment. Another application isiraple

gesture that can be used to control the home’sribstat
from anywhere in the house. For instance, tappimghe

wall above and below any light switch could be neppo

increasing and decreasing the thermostat temperadimi-

larly, these gestures could be mapped to contgoltime

music playing through the intercom or whole-homeliau
system.



In addition, the wearable computing unit has tlie $iene-
fit of identifying the user performing the gesturBhus,
each person in a home could have their own devidecan
create custom gestures and map them to their opiicap
tions. The ability to scale the entire home intargut sys-

tem also enables a breadth of new gaming and denera’

computing applications that could easily be depdoyeany
home. Exploring and building these applications a&s
future work.

CONCLUSION

We have demonstrated the feasibility of a new audton
modality that utilizes the human body as a recegianten-
na for ambient electromagnetic noise already isterce in
our environments. While this noise poses problems f
many sensing applications, we have used this phenom
as our signal, thereby reducing the need to ingninthe
environment. By examining the noise picked up bg th
body, we have shown that we can infer the absabueh
position around a light switch or blank wall negectrical
wiring within the home with nearly 87% accuracy.eTh
location of which wall in the home a person is ting has
nearly 100% classification accuracy. We also dernates!
the potential for hovering and continuously tragkanhand
on a wall to enable a richer set of interactiorhtégues.
Interacting with electrical devices and applianat&s® pro-
duces discernable changes in the received signahwh
could provide additional opportunities for furthexplora-
tion. Although our initial experiments were condagtiwith
rather bulky test equipment, this sensing modalitly re-
quires a wearable contact pad and an analog-ttatimpn-
verter, suggesting incorporation into an easy-tolale
form factor such as a watch or mobile phone.
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