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Abstract—Recent advances in low-power wireless networking wireless networking have enabled remote and nonintrusive
have enabled remote and nonintrusive access to households’access to households’ advanced electric metsrsast meters
electric meter readings, allowing direct real-time feedbak on facilitating both local and global control and management o

electricity consumption to home owners and energy provides. lectricity f tilities: Lti ti "
Fine-grained electricity billing based on appliance powerload electricity for uufiies; real-imeé power consumptonrcae

monitoring has been investigated for more than two decadegut COmmunicated to the local utility and energy provider for
has not yet witnessed wide commercial acceptance. In this par, billing and monitoring.

we argue that the required human supervision for profiling and Another class of devicesheme electricity monitorscan
calibrating appliance load monitoring systems is a key rea g aagly clipped onto the power cables of classical etectri
preventing large-scale commercial roll-outs. We propose NNOT, . .

a system to automate electricity data annotation leveragig cheap meters t9 physically capture the pqwer Slgnal and subselgqen
wireless sensor nodes. Characteristic sensory stimuli caped forward it to a PC-class processing unit for direct realetim
by sensor nodes placed next to appliances are translated mt feedback on electricity consumption to home owners, with
appliance operating state and correlated to the electricit data, the end-goal of heightening awareness as to cost accuomlati
autonomously generating the annotation of electricity dea with (e.g. [5], [6]). Feedback from commercial products curent

appliaqce actiyity. The system is able to faci.litate the au(.u'sit.ion focuses on real-time watt per hour power consumotion and
of appliance signatures, training data and validate the moitoring P P p

output. We validate the concept by integrating the automatd translated price, and averaged consumptions over differen
annotation system to the RECAP appliance load monitoring periods. Such information is however incomplete for buigi
system. a detailed overview of where energy is consumed.

Intelligent software systems that are able to provide fine-
grained recognition of appliances in real-time, based upon
A. Energy-Efficiency and Green Incentives a single home electricity monitor attached to the main

Electricity, representing 41% of the total energy used iwitchboard, have been experimented on for more than two
the Unites States [1], has a major role in homes for heatirdgcades [8]. Yet, wide commercial acceptance has as yet
cooling, lighting and providing power to appliances. The4$3 not happened. This paper argues that a primary reason that
billion investment from the US government to spur transitioprevents wide acceptance is the difficulty to profile and
to smart energy grids—modernized electricity networks—galibrate an appliance recognition system ad hoc to each
a tangible trigger in realizing the technology for an energjiome environment. In this paper, we propose a system using
efficient electrical system [2]. a temporary wireless sensor network (WSN) deployment to

The most significant energy savings can be realized lytomate electricity data annotation and render any type of
changing people’s habits [3], [4]. Home owners are oftemppliance recognition system free of human supervision at
unaware of how changes in occupant behavior, renovatioasfup.
aging appliances, or newly installed appliances affect theSection Il will review existing appliance load monitoring
energy performance of their house [11]. Consequentlyyinfo techniques and associated methods for profiling and ctifilgra
ing effectively energy consumers enables behavior atjerisystems ad hoc to specific deployment environments, i.e. cre

|. INTRODUCTION

technologies. ation of appliance signatures, system training and systm v
o o idation. This section will highlight the limitations of esting
B. Home Electricity Monitoring techniques and Section IIl will present the motivation déth

The electricity drawn by electrical equipment is an intégravork. In Section 1V, we show that wireless sensor networks
part of the total energy used in residential buildings. ¥eine can be used for automating data annotation. We evaluate
owners do not know what they are paying for when they pdkis technique in Section V, based on tests realized togethe
their bills. with the RECAP appliance recognition system developed at

Electric meters are typically used to measure the pow€LARITY [7]. Section VI brings forward future works and
consumption of a house. Recent advances in low-pow®ection VIl concludes.
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1. RELATED WORK 1) Signature acquisition:Signature acquisition demands

Since the early work by G. Hart at MIT in the early 80s [8]that ALM systems must k.now V\.’hat. appliances arewhen a
ower signal or a powerline noise is observed. Users need to

many techniques for appliance load monitoring have be?n d off i b q dth i
proposed and the associated approaches and proc:eduresl.Jérr]eOn and off appliances one by on€ and record the appliance

signature. This effort is time-consuming and increasekl thi¢
recalled here. )
number of appliances to record.

A. Approaches to appliance load monitoring 2) System training:The generation of training data for an

. . ALM system is centered around the system user. If say one
The common goal to all appliance load monitoring tech;

. . - . h . - day of annotated power data is needed for the system trainin
niques is providing a fine-grained electricity decompositi Y P Y aining

per appliance. This is typically done via the identificati0|ct1he user will need to annotate what applianceoisat any

) - o ! . instance. ALM systems can also self-generate trainin ta
of appliances’ specific characteristics signature within a y g g o

congregated signal. Three principal techniques have be[)errc1>duC|ng combinations of the set of signatures, but thaltes

. . . . ) L are not as accurate since power patterns may be emergent
investigated for recognizing appliance signatures anider . . o .

-2 . and different from the simple addition of appliances power
electricity usage per device:

signatures. For instance, appliances connected to the same

« Power signal step matching; line as an appliance drawing high current may suffer voltage
. Pow_er line n0|se_recogn|t_|on; _ fluctuation, thereby generating an overall power signalelow
« Appliance operation ambient sensing. than the one produced from adding each appliance power

These techniques discriminate appliances based on apgignature.

ances’ specific power load patterns, powerline noise and3) System validationOnce the ALM system is ready to

emitted sensory information. monitor appliances’ loads, its accuracy needs to be verified
The Nonintrusive Appliance Load Monitoring (NALM) ap-Typically, human observation is the preferred way to vaéda

proach developed by Hart [8] uses power loads retrieved frainsystem’s accuracy. If the system outputs that appliances A

electricity monitors. It partitions the normalized powelwes B and C areon at a specific time, the user verifies the veracity
into segments—steady and changing periods, to charaetekjz direct observation.

the power signal in successive steps or events, and matchs

them to appliance signatures. This basic principle has been

reused by others with additional considerations for imprgv Il. M OTIVATION

the appliance recognition accuracy. For instance, the load . ] ) )
disaggregation algorithm [11] differentiates edge caséh w This work is motivated by the observation that mature

a classification of appliances according to their frequesfcy "€S€arch in the area of appliance load monitoring is as yet
use to balance the decision making. not transferred to actual commercial integration. Hart [8]

Patel et al. [12] detect the electrical noise on residentiBfoPOSed a new approach two decades ago, transitioning from

power lines created by the abrupt switching of electricﬁf?mplex hardware with simple software to simple hardware

devices and the noise created by certain devices while %th complex software for signal processing and analysis.
operation. Although Appliance Load Monitoring (ALM) poses to be a

With ViridiScope, Kim et al. [13] propose an indirect Senspowerful and inexpensiv_e tO.OI for dis_aggregating eleatri_c
ing approach to evaluate the power consumption of virtual srt]s for a dom_eTtlc ;ettmg, its potential is yet to be sedli
every appliance in the home. They combine ambient sens dhe commercial sphere. ) ) )
placed near appliances, measuring the emitted sound an&urrent ALM systems require complex calibration and
magnetic field variations when appliances areor off, and verification to be carried out by a trained technician before
a single electricity monitor retrieving the total power doa it an be used in a domestic environment. This required
Sensors are an integral part of the whole appliance log8UP Stage proves very costly and is an inhibiting factor
monitoring (ALM) system and are used throughout the whofer a large scale roll-out. Other systems have facilitatel t

process. setup phase via a guided installation procedure, _in qrder
that any home owner can conduct ALM system calibration.
B. Issues with current ALM system calibration However, the correctness of the technical and manual input

. . . from background-free users essential to the system agcurac
The aforementioned ALM techniques require a set-up phase g . ° Sy aoe
. . . . ) cannot be assumed. A solution for automatic annotation used
for system calibration. System calibration is a three-steﬁ) : : . S
) i conjunction with an ALM system can eliminate the need
procedure: . . .
) ) ) ) for in depth technical knowledge to carry out this setup stag
(a) Generation of power/noise/other appliance signatures a|iowing the end user to install and use the system with
(b) System training; minimal effort. We believe by reducing the costs at this stag
(c) System validation. we will begin to harness the benefits of ALM for a domestic
Current techniques for ALM system calibration requirenvironment.
human supervision, which introduces certain issues:



V. ANNOT: A WIRELESSSENSORNETWORK TO alternatives. Jiang et al [14] designed ACme for monitoring
AUTOMATE ELECTRICITY DATA ANNOTATION AC electricity usage. We use the ACme node to include infor-

With ANNOT, our approach to reducing human supervisio'ﬁ]ation from appliances’ current .variations.ir.] our study:t No
in ALM systems consists of deploying a temporary wirele@I sensory mformat!on IS _helpfl.“ n categor_lzmg an ap_pbe
sensor network with sensor nodes attached to each appliar?&ergtmg_ state% we investigate n th_e following the a}pp_mp d
and using the generated sensor data to autonomously aandiaf" llnag!l(_)n ?: SﬁnSOI’S to_optimize CSSt’ corlnp exity an
data during system calibration, as depicted in Figure 1. Alq_rac.tma Hity. ) Wt €rMore, as we Intend to only categori
NOT is in principle applicable to any kind of ALM System_apphanc:.e activity into activity states, we focus on sensor
In the following we develop further the concept and preseﬂ?‘ta variations. The latter consideration relaxes thetcainss

how the various steps of ALM system calibration are carri Ia_lte_d to sensor cal|br_at|on and the peculiarity of sexista
out within ANNOT. variation between appliances.

A. Concept Kettle - Temperature Variations

Data annotation plays a major role in ALM system cali
bration for the acquisition of appliance signatures andesys W
training and validation. Annotation of the data retrieveah A
ALM devices, whether it be from an electricity monitor, a
power line capturing device or a permanent wireless sens
network, provides the information of what appliances ane

at any time. Time )
""" Permanent data acquisiton | Appllancerecognion . . owpuwt . Fig. 2. Kettle temperature information as unique discratiimg factor for
o e e B understanding appliance operating activity.
o) [ _ | _ o
E»)) Electc nose monkodng | 3 ovn : .2) Single sensory mformatl(_)n_as d|§cr|m|nat|ng factor:
; e = H Frcae . Direct capture of current variations with the ACme node
|mEE—e- adll S (R *  would in itself be sufficient as activity discriminator. leed,
al0join —_ = i i - as shown in Figures 4-6, current is drawn when appliances
 Energy monior Ebi»)) e & . are active. However, the associated cost to providing plug
; 0% :O 1 Automated : & : monitoring devices togethgr with the difficulty of connaedfi
Sound s maguetosensors | | annoation ~ them to many home appliances such as embedded ovens or
A A dish-washers lower the advantages.
. 7 Ambient sensors offer a cheaper and more complete way of
io é : capturing the operating state of home appliances. Appisinc
&) generate a rich cocktail of heat, sound, light or vibrations
s =0 )

when on. Using a minimal set of sensors per node reduces

gy o il software size, data storage and communication, subseguent

reducing cost and complexity. Using one single sensor per

Fig. 1. Integration of ANNOT with appliance load monitorieystems. node i.e. per appliance would be the optimal approach, but
A temporary WSN deployment provides complementary infdianaabout  one needs to understand the limitations. We illustrate how
appliances operating states. a temperature sensor can be used to identify the activity of

1S inf tion f ¢ o i it an appliance emitting heat. Figure 2 shows a temperature
) Sensory information for categorizing appliance acyivi measurement realized on a kettle after it being switched on.

ANNOT Proposes the use of SEnsors for collecting inforrmatiol.he delta in temperature increase, when the applianos,is
on thg Qperatlng staFe of appliances to autonomously areno Q a good indicator of an operating state change faiffidle
electricity data. Multiple types of sensory data can be LISGdto on state. Yet, as Figure 2 shows, the temperature does not

identify the operating state of an appliance: directly follow the kettle operating state; temperaturayst

. Tgmperature high long after the kettle is switched off. Generally, apptes

« Light emitting heat will keep on emitting heat for some time after
. Sounc_i being switched off. Subsequently, characterizing an appk

« Vibration o emitting heat aoff or an appliance still emitting heat that
o Current variations is switch on again is not possible with a single temperature

Using sensory information to detect appliance operatirsgnsor. An automated data annotation system has to ddtect al
activity has been demonstrated with cheap sound senssie transitions, and this example shows that a combimatio
and indirect power sensing [13]; we show that using cheap sensor information may be required. Furthermore, exiern
temperature, accelerometers (vibration) and light sensfier events such as appliance movement or environmental condi-



tions should not lead to erroneous conclusions. Combinin Fan
different sensory inputs reduces false positives. srvlarceon
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Fig. 5. Fan sensory information exhibits operating activit
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Fig. 3. Kettle multiple sensory information as discrimingt factor for pllanceON
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Fig. 6. Microwave sensory information exhibits operatiragivaty.

1) Obtaining appliance signaturesAcquisition of accu-
rate appliance load signatures is essential to achievigig- hi
performance load monitoring. In addition to reducing mdnua
intervention in the process, there are two desirable ptigser
o , ) considered when generating appliance signatures:

3) Combination of sensory information for accurate state . Accuracy: Generated signatures for an appliance should

recognition: Types of sensory information emanating from be as close to the load patterns observed by the system
home appliances are manifold. Figures 3-8 are examples of ; .
during operation.

data that can be collected indirectly (via sensors) andctiyre Completeness: Techniaue should obtain sianatures en
. . . ° . -
(via capture of current draw) from appliances. This data has com passin all a Iia?wces in home g
been scaled and translated to improve their observatiogreTh ALM b 9 plf ded wi h. . ieved
is a clear correlation between appliances’ activity andssgn Sys tems may be provide Wlt. S |gnatur_es retrieve
data patterns. For instance, an active fan can be identifea f from previous deployments, yvhere similar appllar_mes were
the vibrations generated, and whether the fan is rotatinig V\Hsed_. Slgn.atures could be, either already st.ored in the pro-
be known from recurring light patterns due to nearby lamgESSing unit or accessed via remote connection to a signatur

Fig. 4. Desktop computer sensory information exhibits afieg activity.

or windows, see Figure 5. ata_base. Due to the immense number of e?qstlng electrical
appliances and the fact that exact same appliances may draw
B. System calibration steps different power, not considering household ad hoc appéanc

signatures violates the accuracy property and promises ina
In this section, we describe how the different steps of ALMurate predictions.

system calibration are facilitated with ANNOT and how it Another common technique is to successively plug an
compares to state of the art techniques. We focus on AL&ectricity monitor to each household appliance and netrie
techniques based on power load as this is the method we e exact appliance load characteristic. The drawbackkisf t
using for our research. technique are twofold: 1) the appliance signature captated



Monitor we can effectively use this technique for all appliances.
2) Training and validation of pattern recognition algo-
rﬂm—v——'—‘——-—"ﬁ_\\r rithm: The second step in ALM system calibration consists of
training and validating the ALM algorithm so that it recoges
S RRRARFIRCORRASAIEAIARAIANOEIIREAEANRASIAAERSEEES single appliances from multiple combinations of appliance

Tme ) ALM system calibration follows three steps:

« Generation of training data: Produce power signal and
annotate the observed appliance operational activity
o Learning: Input of training data into the learning algo-
Printer rithm
« Validation: Comparison of learning algorithm output and
annotated training data

ALM systems typically self-generate training data from an
souns initial set of signatures. Using automatic annotation, we a
able to annotate complex loads over long periods. By storing
this data in the system database, we supplgr@und truth

for the ALM system assumptions so it may calibrate calibrate
itself accordingly e.g. measure the neural network weights

Fig. 7. Monitor sensory information exhibits operatingiwtt.

V. CASE STUDY. EVALUATION OF ANNOT INTEGRATED
TO THE RECAPAPPLIANCE LOAD MONITORING SYSTEM

We performed an experimental evaluation to demonstrate
the feasibility of automated data annotation in the context
Fig. 8. Printer sensory information exhibits operatinghityt of appliance load monitoring. The experiment consists of
evaluating whether data annotation can be fully automated

and accurate, in order to demonstrate that real appliance

the appliapce is o!ifferent that the one seen at the elettriggyq monitoring deployment and system setup phase can be
meter. This technique shows greatly improved accuracy Bdhjized without human supervision. The following desesib
still violates the accuracy property, and 2) clipping &fledy  the experimental setup, the technique used to correlaosen

monitors to appliances’ power cables is not always possitiga with electricity data, and depicts results of the eixpent
when cables are hidden or when appliances are of difficgdt 5 controlled environment.

access violating the completeness property.

Signature acquisition is then generally realized at the udt- Experimental setup
which processes the household power signal, so that learned) RECAP system for appliance recognitionhe RECog-
load patterns are similar to those that will be observed wheition and Profiling of Appliances (RECAP) system is an
the system is running. The processing unit receives as intelligent system developed at CLARITY to recognise ap-
put from the electricity monitor the total household energpliance activities in real-time [7]. The system benefitsnfro
consumed. The system can either try to identify recursivecent advances on low-power wireless communication, evher
patterns or recognize patterns under human supervisiath. Ba PC-class processing unit receives data from a single elec-
techniques require human supervision to indicate which agicity monitor clipped to the live wire of the electric fuse
pliance ison when certain patterns occur. This is generallgox. RECAP consists of two parts: (1) Electrical appliances
done via a graphical user interface. With power line noiggofiling and generation of a database of unique appliance
recognition techniques, a similar approach is used inciflg  signatures, and (2) Artificial Neural Network (ANN) for
and recording noise signatures from appliances in dhe appliances load recognition. The ALM system has achieved
off and idle states [12]. Even though problems of variablen average 87% recognition accuracy in deployment. Cuyrent
power drawn by some appliances as well as concuosfoff RECAP requires human supervision for generating applisince
events affect this methodology, it is being used by most ALNMignatures and observing the system accuracy.
systems as it provides a controlled and convenient way ofThe experiments use RECAP as the candidate ALM system
associating load signatures to appliance activity for madst to be made fully autonomous. The results of the experiments
home appliances. should be generalisable to any ALM system, as data annotatio

Using an automated annotation system to replace humarindependent of how power data is generated.
supervision can fulfill both properties. As the signatures a 2) Wireless Sensor Networkie utilised a network of
generated by the ALM system, it inherently generates 2Zbmm Tyndall motes [15] to capture sensory data next to
signature that will be observed during operation. Using &NWShome appliances. For our experiments, we equipped the motes
with multiple sensor types, and working on the assumptiamith a 2.4GHz wireless transceiver and a multi-sensor layer
that every appliance generates auxiliary signals wheweactiincluding thermistor, humidity / temperature (digital)ght
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Fig. 9. lllustration of how human supervision can be remofrech ALM systems for generating appliances’ signatures.

(LDR), sound, and accelerometer (3-axis). The motes embe IODeviceData
an ATMEL ATMega 128L microprocessor on which we run  |foPevices A -
TinyOS 2.1. We used th€ollection protocol to retrieve data Address Modued
from the sensors over multiple hops when needed. Finally reenate WSNApplianceData
we use the ACme node [14] to capture the current variations ®

at the power plug. The ACme node uses the Analog Devices

ADE7753 board to provide real, reactive, and apparent powe
calculations.
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The integrated system realizes data annotation following — =e
various steps as shown in Figure 10. Data is first samplec
by the sensors and processed to identify activity. Next, the
activity state is transferred to the ALM system controllada
stored in the system database, for later retrieval durinG A€
calibration. We develop in the following these steps andxsho
results.
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Fig. 11. Integration of appliance state information inte RECAP database.

k-3 - I _
§ P P P S 1) Generation of appliance signatureB1 RECAP, electric-

P R e ity data is retrieved from the electricity monitor and stbie
Data collection Data processing ~ Transmission Storage REAR processing . . .
the database. Like typical ALM systems, the system requires
user input to signal when an appliance is turned on and off,
so that the ALM system software can capture the electricity
data that will form an appliance signature, see Figure 9(a).
C. Data storage With ANNOT, user input is prevented by basing the capture
Appli . . of electricity for the signature on the input from the demdy
ppliance state information sent from the sensor nodes 1s sors. In the example depicted in Figure 9(b). the Kettle
stored within the database used by RECAP. Figure 11 depié?‘c'nnatur.e is recordedpwhenp the kettle gactivit i’s returned
portions of the database tables. A n&dWSNApplianceData gna y
: . : : ositive by the sensor node.
table is created to store the appliance state informatiome ok _ o _
table is associated to each sensor node, and contains thé) Generation of training data and RECAP output vali-

appliance ID, the appliance state and a timestamp. Data vi@tion: Training data consists of generating electricity data

Fig. 10. Various steps in automated data annotation.

be available for query by the ALM system software. annotated with appliance activity so that the RECAP system
o o can train its neural network and refine its weights basedon it
D. RECAP calibration software modifications output accuracy. Figure 12 depicts the procedure with a mock

The RECAP calibration software needs to be modified tgp example. At any time, multiple appliances may be active,
incorporate sensory information in the calibration phase. and the ANNOT system will provide that information. When
implemented a software program that combines electri@tg d the electricity data is processed by RECAP, the system knows
and ANNOT data to create appliances’ signatures, trainimghat appliances arenfor the input signal. The RECAP output
data and data for system validation. or list of active appliances can then be compared to the input
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¢ o TABLE |
H H H H H DATA VARIATIONS OF SENSOR DATA IN IDLE STATE.

¢ o Mean Standard Min Max Max
: ;; T deviation Delta (%)
— — — Acc. 823.60 0.99 820.68 826.20 0.35
. — — Sound 313.12 0.43 312 314 0.36
¢ o ¢ L N S S L B Light  205.66 5.01 158 211 23.17
: P ol Time Temp. 514.55 1.41 510 520 1.06

>

Activity

Kettio ! | | a) Vibration and sound activity characterizatiorfig-
0 e > ure 14 depicts a typical output for accelerometer and sound
: o data. Sensor data variations occur when the node is rndtan
fr'j;‘vg‘ﬁ; 1 A state. We use a sliding window approach and thresholds to
T P oo Time detect this type of variation.
; L Data received by the microcontroller from the acceleromete
™ol e —a I ] —» and sound sensors is stored in a circular buffer, named
' . P Time in this description, so that the variation detection altponi
reasons on the last set of input values. Our goal is to detect
Fig. 12. Generation of training data. At any moment in timéisof active  variations between successive data over a defined amount of
Zpg(l)l@gﬁei;;;glven by the wireless sensor network and caas$eciated to _time, 95 verified by Equati(_)n_(a) _bel(_)w. Wheth_e_r Equa’Fion (@)
is verified, sensor data variation is either classified asineg
or positive.

E. Generation of appliance state from sensor data

Appliances’ activity states provided to RECAP for electric Z |z[i] — z[i — 1]| < nT (a)
ity data annotation are generated by the sensor node attache i—1
to appliances. They are decided after processing based upo

L N Equation (a) is the addition of the successive absolute
the combination of sensor outputs, as shown in Figure 13.

variations between the last+1 input values. Conceptually,
x[n] is the last sensor input value. We compare this result

Sensor : Sensordata : Appliance activity : Appliance state . . .
output | Variation detection | detection | transmission W|tr_1 qthreshold equa! toT, whereT |s_the expected maxmal
; : ; variation of sensor signal values with respect to the signal
Temp ¢ YES | : mean value, in case of no sensor activity. With this comparis
soumg. | o : 5 | we want to establish whether consecutive variations aratgre
oun : : = . ..
—— D* 5 oN than a defined threshold, to conclude on sensor activity.
H ' o . . .
Light NO 5 s - To attain a value folf, measurements were first carried out
—_—> : 3
; D ; s | on the accelerometer and sound sensors before deployment.
A o YES : i We sampled the sensors idle state to measure the signal

mean, standard deviation, min, max and maximal variation,
the latter expressed as a percentage of the mean valuetsResul
Fig. 13. Steps of appliance activity detection on sensoesod are shown in Table I. We see that the maximal variatidfax
Delta—of the accelerometer data corresponds to 0.35% of the
1) Detection of sensor data variatiorTemperature, sound, mean value, and 0.36% for the sound data. We concluded
light and accelerometer data are sampled by the node. D#tat configuring a valud equal to 0.5% of the acceleration
processing is realized on each sensor output to detect-vadata mean value and 0.4% of the sound data mean value
tions of sensor data. for vibration and sound detection respectively would cover



all minor sensor variations when appliances arédle state. 2) Appliance activity detectionfigure 13 depicts how the
These two values have subsequently been used to calcutspsor variation outputs are combined to conclude on the
the T values for processing the accelerometer and sensor dappliance activity. Different combinations of sensor tyee
sets that we had captured. We also optimized the mean valised to discriminate different appliances. Therefordedsnt
calculation to be reactive to changes in average values whappliance filtersare needed to process the sensor variation
idle, re-calculating a new mean value based on the last setotputs. For our experiments, we programmed nodes’ soft-
points each time these points are found to be stable i.einwithware specific to each appliance, so that the programs knows
the threshold. what combination of sensor data should be considered when
We have experimented Equation (a) andThealue with the determining appliance activity. This hard-wiring approédas
acceleration and sound data we have captured for the pringermain drawback of requiring specific code for each single
shown in Figure 8, and with the desktop computer, showrode. We plan to investigate this matter for our in-home
in Figure 4, since their operation can be characterized witleployments. Sensor nodes will be equipped with an array of
vibration and sound data. We chose to reason on the last fofDs or 7-segment displays and buttons. Users will be given
sensor values. For example, based onahk, c,andd points a look-up table where home appliances are associated to a
annotated on Figure 14, Equation (a) would translate at tih@ary code or an LED pattern. By pressing a button, home
t = tq into Equation (b), see below. In that specific cas@ewners will easily set the LED pattern corresponding to the
Equation (b) would be verified and the sensor activity woulsensor appliance, and the software will know what appliance
be classified as negative. it is attached to, so that it can appropriately filter the sens
input. Subsequently, both sensor nodes hardware and seftwa
|2[tal — @[t + |2fte] — xftp]| + |zfte] — z[ta]| < 3T ()  will be made generic.

Over time, the output is a series of sensor activity positive W& have achieved an 87% accuracy in detecting the printer

or negative classification, such as the one given in Figure B£tiVity, when combining the sensor variation output from
We then compared the results with the real sensor activaty trfRccelerometer and sound sensors. We also achieved an 87%
we observed to compare the technique accuracy. Our res@g§uracy in detecting the desktop computer activity, when
showed 94% accuracy for vibration detection and 93% f&ffilising the sound variation output and confirming it witiet

sound detection for the printer, and 94% accuracy for soufgnPerature variation. Temperature values do not immegiat
detection for the desktop computer. return to those indle state when an appliance is switched off.

b) Temperature and Light activity characterizatios We then use temperature data to confirm an appliance activity

observed on Figures 3, 4 and 5, temperature and light Var.?gl_q d_o not use it as a discrimina;o_ry factor. A temperature
tions are not similar to acceleration and sound data variati Variation alone would not be sufficient to characterize the
Variations are continuous and value differences between c&CMPUter activity as temperature still varies after theliappe
secutive points are small. We compare temperature and lighgWitched off. Using temperature variation reduces tfeiac
sensor outputs to ambient temperature and light respégtivé@cy that one would get with using only the sound variation
to classify the sensor activity. Whether Equation (c) isfie, detection i.e. 92% accuracy, but ensures that the detected
sensor data variation is either classified as negative dtiyns 2Ctivity is truly due to appliance activity and not to sumeling
noise in that specific case.
|x[i] — ambient| < T (c) These results obtained with simple processing shows that
. high accuracy can be achieved for detecting applianceiggtiv
_Equatlon (C). compares the last value returned by sens bling accurate electricity data annotation and automaf
W.'th the emblent value, and check whether the abSOIUA?_M system setup. Furthermore, we showed that combining
dn‘ference IS below a threshqlﬂi, where T |s.the expected multiple sensor variation outputs slightly reduces therale
”_‘ax'ma' Va?“a“"” of sensor signal values_ with respect ﬂE‘jlppliance detection accuracy but improves the confidence in
signal ambient value. Similar to acceleration and soun(al,datthe veracity of the appliance detection, which will be very

we attained a value for by measuring the ma>_<|mal Va”at'onimportant for home deployments where disturbing external
of the temperature and light sensor outputs with respedteo tactors may generate many false positives

mean value. Results are given in Table I; we configured a value
T equal to 1.1% of the temperature ambient value for heat
detection and 5% of the light ambient value for light detarcti
The ambient values are re-calculated when the applianees ar
in idle state to cope with changing day light and heat.

We experimented Equation (¢) and tfievalue with the Immediate future work will aim at perfecting the appliance
temperature data we have captured for the desktop compudetjvity detection. Most of the errors generated at the @ens
shown in Figure 4. Our results showed 92% accuracy uariation detection step were isolated and can be eas#ydidt
detecting temperature variation with respect to ambieatit. Further extended pilots are planned with the RECAP sys-
temperature. tem and the ANNOT system integrated. This will enable more

extensive evaluation of system performance and usability.

VI. FUTURE WORK



VII. CONCLUSIONS

Data annotation plays a major role in appliance load mon-
itoring systems. Currently, manual annotation is requaad
impedes large-scale roll-outs. We have presented ANNOT,
a system that uses a network of wireless sensor nodes to
automate electricity data annotation. Heat, vibrationynsb
and light are generated by appliances when they are actiee. W
capture these sensory stimuli and orchestrate a load nnmgjto
system calibration based on these inputs. We integrated AN-
NOT within the RECAP appliance load monitoring system and
demonstrated the feasibility of such annotation technigitie
an 87% accuracy for detecting printer and desktop computer
activity in our case study.
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