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Abstract—Sensing, monitoring and actuating systems are ex- Italy [11] and in the US [12], intends to accelerate their
pected to play a key role in reducing buildings overall energ introduction into households.
consumption. Leveraging sensor systems to support energyfie
ciency in buildings poses novel research challenges in méaiing

space usage, controlling devices, interfacing with smartrergy ¢

meters and communicating with the energy grid. In the attemp . —

of reducing electricity consumption in buildings, identifying /-

individual sources of energy consumption is key to generate | . Kottt | —
energy awareness and improve efficiency of available energy g c
resources usage. Previous work studied several non-intrive ;3 ij’

load monitoring techniques to classify appliances; howevethe
literature lacks of an comprehensive system that can be eas-
ily installed in existing buildings to empower users profilng,
benchmarking and recognizing loads in real-time. This has
been a major reason holding back the practice adoption of 0

load monitoring techniques. In this paper we present RECAP: SEEEEN AN SNR R AR A YIS II A0 S ARG R RERERARE RS
.. . . .pe . . Ti

RECognition of electrical Appliances and Profiling in realtime. me )

RECAP uses a single wireless energy monitoring sensor easil

clipped' to the main eIectrjcaI unit. The energy monitoring wnit Fig. 1. Typical energy consumption in domestic premises
transmits energy data wirelessly to a local machine for data

processing and storage. The RECAP system consists of three

parts: (1) Guiding the user for profiling electrical appliances oy . )
within premises and generating a database of unigue appliaze Within this context, embedded sensor networks and actu

signatures; (2) Using those signatures to train an artificih ating systems are expected to play a key role in monitoring
neural network that is then employed to recognize appliance and reducing building’s overall energy consumption. Récen
activities (3) Providing a Load descriptor to allow peer appiance standardization efforts have generated a push towards the
it;ﬁl?i(;ik\]/??&k)ilnt%ernEC(:)CvZrat?uoillr(;isegvmgrgivﬁ?hOefnaer; i“taeV%ra"’;::Cejsi”d integration of sensor systems in building automation syste
Enabling real-timg appliance ?ecognition is a g%/epping-snne and home environments. IEEE 802‘15'4’ ZigBee [_16]' and
towards reducing energy consumption and allowing a number |ETF 6LOWPAN/ROLL [5], [6] are enabling technologies that
of major applications including load-shifting techniques energy facilitates the connections of low-cost sensing and maoini¢o
expenditure breakdown per appliance, detection of power hogry  units and gather energy consumption information in reakti
and faulty appliances, and recognition of occupant activiy. This Low-power wireless networking has enabled easy access to
paper describes the system design and performance evaluali <o o1ds meter readings, making them available to energy
in domestic environment. - = _—
utilities for monitoring and control, and to building owser

for direct feedback on their energy consumption e.g. Ted
energy detective [14]. Fine-grained energy decompositon

Electricity represents 41% of the total energy used imevertheless not available. Key is to process the energy dat
American homes [1]. The delivered energy use per househtidinally provide meaningful information to empower buiidi
declines at an average annual rate of 0.6 percent, mostly adweners with hints for reducing their energy cost. To this,end
to technological progress in power efficiency [2]. To furtheproviding a breakdown of the energy expenditure per appdian
increase that trend, smart energy grids are being promoteds of particular interest to identify energy hungry devieesl
address optimal management and improved control of energsgvide other interesting services to the homeowner (@geh
by introducing intelligence into the electricity grid. Thecent activity patterns).
momentum for Smart Grid meters, visible in a number of Figure 1 shows typical domestic energy consumption over
government driven large-scale pilot deployments such asadrntime period with some appliance activity annotations. The

I. INTRODUCTION



main aim of this work is to develop a low-cost system th&ECAP aims at achieving appliance recognition by deploying
can attribute names to appliances contributing to eachef th single energy monitor clipped around the live wire of the
energy spikes in real time with a single energy monitor. ia thmain electrical unit.
paper, we present Real-time Electrical Appliance Recagnit  Patel et Al. [10] detect the electrical noise on residential
(RECAP), a system that provides fine-grained recognition pbwer lines created by the abrupt switching of electrical
appliances in real-time, based on one single Zigbee-bastbices and the noise created by certain devices while in op-
building energy monitor attached to the main electricak.unieration. The approach relies on the fact that abruptly witc
RECAP system components are appliance signature profilie§gctrical loads produce broadband electrical noise eithe
real-time signature recognition, and intuitive user fedb Up the form of a transient or continuous noise. The deployment
to now, several works studied non-intrusive load moni@rinphase consists in collecting and recording noise signature
techniques to classify appliances. However, the marketrshofrom appliances in the on, off and idle states. Aforemergibn
a lack of practical adoption of such techniques due to prakti problems of variable power drawn by some appliances as well
issues when deploying the systems into into existing bugsli as concurrent on/off events affect similarly this approach
In contrast, this paper focuses on devising a testing a cempr Quantum Consulting Inc. developed an algorithm with rules
hensive system to allow system plug-and play capability am@sed on pattern recognition. The input is the premise level
empower users profiling, benchmarking and recognizingdoaldad data, information about standard appliances and assum
in real-time, which was holding back the deployment of sudibns about the customer’s behavior [7]. Forty houses were
systems into practice. evaluated during four summer months. Disaggregated load
The rest of the paper is organized as follows: Section profiles have differed by less than 10%. Unfortunately, this
refers to existing appliance load monitoring techniques. bystem requires at least one sensor per appliance deployed f
Section Ill, we describe the system challenges and motivaigveral days for the setting of initial operating charasties
our design choice. In Section IV, we detail the design of theThis is not a cost-effective solution and makes the system
RECAP system including appliance profiling, recognitidrg t hardly applicable in real scenarios.
database of signatures and user interface. Section V figesenFarinaccio et Al. [8] use a pattern recognition approach
the experimental results from a real deployment. Finalljp disaggregate the total electricity consumption in a kous
Section VI discusses the system and future work befoifgo the major end-uses. However, this work does not
concluding the paper in Section VII. address appliance profiling and assumes a constant applianc
signature, which in reality varies with the house/room load
and the way the appliance is set. Other techniques use wired
Many approaches to appliance load monitoring have beg#iutions or employ smart sockets. This requires retnofjtti
investigated. Hart paved the way with the Nonintrusive Aghe whole building, which is not cost-effective and may
pliance Load Monitoring (NALM) [4]. NALM segments nor- gpply only to new structures. In contrast RECAP is based
malized power values, to characterize the power signal ¢h a single wireless and low-cost low-power solution that
successive steps or events, and match them to appliajgggrates profiling of appliances, namely Unique Applanc
signatures. The technique has achieved an average errosgfatures (UAS), storing of signatures for further use,

6.3% for total household energy consumption. Remainirgitonomous recognition through machine learning tecteniqu
challenges to NALM, which are addressed by RECAP, wegghd a simple user interface.

the ability to decompose a power sighal made of overlapping

on/off events on multiple appliances, and to recognize deRp  QOverall, although the literature shows some existing re-
appliance patterns. search activities on this domain, existing systems address
The load disaggregation algorithm [9] takes a very similgequirements in a disconnected manner, target specifics case
approach of comparing each change in the total power signabind fail to meet system usability requirements. Up to nowethe
each appliance operating range. In order to differentiétkyt s a lack of a low-cost tool that addresses system usability
cases where observed patterns may fit multiple appliancegoa&mpower the user with a system that integrates appliance
classification of appliances according to their frequerfayse  profiling, generation of unique signatures, relationahaigre
balances the decision making to the frequently used devicetorage, and a basic user interface for appliance activity

With ViridiScope, Kim et Al. [15] use indirect sensing torecognition, which are the main focus of this contribution t
evaluate the power consumption of home appliances. Ambieiend the current literature.

signals placed near appliances estimate power consumption

by measuring sound and magnetic field variations when ap- I1l. CHALLENGES

pliances are on or off. Even though sound sensors may be _ ) o _ -
cheaper than a home energy monitor, one sensor and onéhe main challenges in recognizing appliance activity are
transmitter per appliance are needed. Furthermore, mare tinainly due to the following:

the unaesthetic aspect, inaccessible or outdoor appiamee o Appliances with similar current draw: The system
well as the addition of new appliances make the installation should be able to discriminate between two appliances
and correct operation of sound sensors difficult. In cohtras  with similar or same energy consumption;

Il. RELATED WORK



Appliances with multiple settings: Some appliances can recognition
be either tuned according to user needs or have dn‘ferenﬁn contrast to previous techniquesttificial Neural Net-

phases with dlffergnt associated consumption, €.g. S_ta%jdrk (ANN) to perform appliance recognition are manifold
by mode or washm_g cycles._ The system should e'thﬁ'rcluding: (1) the ability to handle any type of data (2) the
unde_rstand the various f';l_ppllance s_ettlngs or recogn necessary prior understanding of appliance behavi@jr; (
appliances l_)ased on additional data independent from the easy extensibility to higher number of inputs, many $ype
chosen setting; L . of values or dissimilar kind of data; (4) the learning praces
Parallel applllances aCt'_V'.ty: '_I'he gy;tem should d's‘_ag'that can be automated for example through additional pmgfili
gregate_apphances activity identifying e_ach constituelbsors that can turn on/off appliances remotely; (5) thigyab
accc_)untmg for the total power consumption; o to learn while running through mechanisms of error feedback
Environment noise: The system .ShOUId b_e resilient 100 the user; (6) the ability to handle multiple simultaneo
external factors such as not-profiled appliances that CQﬁpliance states. In contrast, a drawback of the ANN saiutio
be turnec_i on unexpectedly; i .__is the lengthy training process that may take few minutes, e.
Load variation: The energy provider can deploy deV|ce‘T»‘h the presence of more than 15 appliances to profile or if

at subs_t_atlon level for_powe_r factor cor_rect|on, Wr_"Ch Caome appliances have long signatures e.g. a washing machine
destabilize the matching with the appliance profile; with a multi-state signature

Long appliance cycles:The system should be able to
cope with appliance with long working cycle, which may
result in long profiling periods. IV. SYSTEM DESIGN

In order to address these challenges, system adaptivity pata Acquisition System

and resilience to dynamic and unpredictable environment

are needed. To this end, the properties of existing machineRecent standardization efforts have generated an inogasi
learning techniques represent a suitable solution to ré@eh trend towards the integration of sensor systems in building
goal. In attempting identify an appropriate machine leagni tomation systems, allowing the connection of low-cost s&ns
technique for recognizing appliances, we initially coes@ll and monitoring units and the gathering of energy consumptio
the following classifiers: information in real-time.

o Markov Chain classifier: Although Markov Chains
(MC) are employed in many classification and patter
recognition algorithms a negative aspect is that simp
Markov Chains can merely handle one state at time. TF
means that the number of states could grow greatly if v
map each state with a possible combination of applianc
active at the same time. Although MC can be a suitab
solution for monitoring a limited number of appliances
the system may not scale well to handle appliances In
the order of tens via a single energy meter, which is a Fig. 2. Energy Monitoring Data Acquisition System

major objective of RECAP. Multistate Markov chains are

a possible solution to address this issue but they may

greatly increase the complexity of the system when aAlthough the RECAP system is independent from the com-
large number of appliances is profiled. Another limitatiomunication protocol used by the energy monitor, the unituse
of this solution is its flexibility. If the user wants to addfor testing transfers data via a ZigBee-based acquisifistem

a new appliance, the Markov chain requires a number @f a gateway connected to a local machine, which connects
parameters to be set, which can obstruct system usability either a local or remote relational database for storage,
in light of the fact that the system may be used by noms shown in Figure 2. The RECAP system resides on the
IT experts. In view of such drawbacks, we opted for thiwcal machine and processes energy data as they arrive from
investigation of a more scalable classifier. the network. In particular RECAP is able to firstly generate
Bayesian classifier:A main advantage of this solutionappliance signatures and then train an ANN to recognize
is the simplicity of the algorithm. Despite its apparengppliance activities on the spot. This starts with the anue
minimalism, Bayesian classifiers can give appropriaggofiling phase, a one-off procedure that allows RECAP to
results with only limited data. A limitation of this type of characterize appliances that the user wants to recogniee. T
classifiers is the resistance to parameter variations suctpaofiling will create a set ofinique appliance signaturdhat
power variation and duration. Since parameter variatiomsll then be used for the real-time activity recognition. To
are a key elements due to power factor correction by theep record of appliance activity times, once an appliasce i
energy providers and signature aging control existing citurned on/off, the system records this into a dedicatedtabl
cuit breakersThis factor is key for the scope of applian@remote database.
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B. Appliance Profiling C. Unique Appliance Signature

A crucial aspect to consider is what parameters will con- Based on the relations between the power components and
tribute to the generation of a given signature. For exampg@Ww they map to appliance types, this section introduces the
the real power consumption can discriminate between apgiPnstituents of a unique appliance signature. itz power is
ances with dissimilar power consumption but may fail whethe first important constituent that can discriminate apples
appliance consumption is similar. of dissimilar consumption. To address appliance with simil

In order to identify the important constituents for a uniqueonsumption, the@ower factor can discriminate between ap-
appliance signature, we now highlight the main electricBfiances of resistive, capacitive and inductive typesldvohg,
parameters for an appliance working on alternate curre@)(A the peak current relates to the appliance circuit specifics, as
According to its internal circuit, an appliance can be df represents the maximum amount of energy the appliance
resistive, inductive, or capacitive, predominance. Fameple allows before reacting. RECAP collects alRMS current
a kettle is almost purely resistive while a fan can be predorifiat provides consumption information independently ftoen
inantly inductive. Inductors and capacitors affect the powVvoltage given by the energy provider. Finallypak voltage
consumption by shifting the alternate current with resgect ahd RMS voltage relate to the specific voltage provided
the alternate V0|tage_ In particu|ar, Capacitors de|a}cth‘mnt when the Signature is made. Overa”, the system identifies 6
with respect to the voltage while the opposite happens fé@nstituents to generate a unique appliance signaturehvishi
inductors. Considering that the power is the multiplicatiothe base to discriminate between multiple appliances igctiv
of voltage and current, if voltage and current are shifteddditional factors captured when profiling appliances & t
the power transferred to the appliance is less. This effectSignature length and the metesampling frequency. These
captured by the active and reactive power components, whif@rameters are key to translate signatures from dissimilar
in mathematical terms, correspond to real and imaginary p&fPes of energy meters into a standard signature. In fact,
respectively, as shown in Figure 3. In general, applianceden profiling appliances, users may generate signatures of
work through the real power (active), while the reactive pow dissimilar duration in order to capture diverse applianoegr
(passive) is due to the presence of storage elements in Bhedes. For example, an electric oven presents an initial
appliance circuit (inductors or capacitors), does not watk period of almost constant current draw followed by periodic
the load and heats wires. Pure resistive appliances showdgsictivations when the set temperature is reached a shown in
shift of current and voltage, the reactive part is null arld dfigure 4. Finally, to avoid inconsistencies between sigrest
the power is transferred to the load. In contrast, the larggenerated with meters at dissimilar sampling frequenéiés,
the current/voltage shift the greater the imaginary conepon CAP implements a simple function that translates signature
Reactive and active powers are key parameters to calculf® @ standard frequency before storing it in the relationa
the power factor, which is captured by the energy metélatabase. Figure 4 shows power signatures for 4 appliarices o
Equation 1 reports the relation between the active, remctififferent lengths and standard sampling frequency oflue

and power factor. per minute
S =P+ jQPf = P/|S| (1)
35 Oven 35 Kettle
whereS = Apparent/Complex powet) = Reactive Power, 3} gzj
P = Active Power,P f = Power Factor, an{lS|= real part of ;i <.z
B 2
the apparent power. g S
0
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Fig. 4. Active Power Signatures for 4 appliances

D. Signature Database

Once a new appliance is profiled, the signature together
with some metadata relative to the appliance model and
location are stored locally and duplicated in a remote detab

Fig. 3. Relation between reactive and active power



The duplication allows the creation of a common repository
of signatures used to train the ANN and share signatures
with other users, nameljJnique Signature State Informa-
tion (USSl)database. In fact, providing a common signature
repository for multiple homes can progressively reduce the
initial training phase required by RECAP. Figure 5 shows
the USSI database associated to RECAP . USSI consists of
6 main relational tables. 3 main tables, namé&mwptured
ParametersPhysicaland Environmentakelate directly to the
signature. Since certain types of appliance type with eithe
dissimilar models or from various manufacturers are likely
have dissimilar signatures, the taliighysical” captures the
specifics of the appliance.

As the USSI database grows, it is necessary to provide tech-
nigues to present to the user an initial standard set ofaatev
signatures. Through thEnvironmentaltable the system can
provide a common list of appliance signatures based on user
location (password protected). It is in fact common to have
same appliance models concentrated within the same area or
region (e.g. electric showers are very common in Ireland and
UK while a certain HVAC model are more common in warmer
countries). By using the RECAP interface, the user can then
browse the list of appliance models in the area or search
for other signatures should the appliance be not in the list.
Currently, the USSI system in RECAP is implemented in an
SQL-based relational database.

Furthermore, th&Environmentatable provides information
of surrounding conditions during measurements as this may
affect the signature accuracy. USSI was designed with adbroa
use in mind such as a large number of signatures generated
by contributors. To address multiple contributors for thene
signature, the database implement€antributor table that
includes a confidence rate, which increases according to -

reputation of the contributor. We envision that a reputatic Inputs 1

would increase based on collection of opinions from othi
users. The USSI system can handle multiple signatures o
same appliance ID according to tBégnature Propertyable.
Similar to contributor reputation, tHenergy Metettable stores
the accuracy of the energy meter, which can be used to tune
the appliance recognition algorithm. For example, in REC%
this would enable testing the meter accuracy and associate
accuracy levels to different activation functions.

E. Training and Recognition

fr Inputs 2
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ction

Captured
Signature 1D (SID)
Real Power
Power Factor
RMS Current
RMS Voltage
Peak Current
Peak Voltage
Sampling Rate
Timestamp

State: [startup, steady,
shutdown, off]

Appliance ID (AID)
Type

Model

Make

Power Rating
Voltage Rating
Frequency Rating

Fig. 5.
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User ID (UID)
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Integration of unigue signature state information

Activation function

Output

Single neuron showing input weigths, weighted suh activation

provides a judicious balance between complexity and respon

Following the profiling phase, the generated signatures di@e. The first layer consists of Inputs Neurons i.e., nesron
used to train an ANN for the recognition of appliancesvith one or more inputs connected to external or interna.dat
The basic element of an ANN is a neuron, which can BEhe second layer consists of Hidden Neurons that have inputs
represented as a simple succession of mathematical apesaticonnected to the outputs of the first layer and are not in tlirec
such as weight balancing, sum and an activation function @gation with inputs and outputs of the ANN. The Third layer

shown in Figure 6.

consists of Output Neurons that have inputs connected to the

Each input of a neuron is balanced by a different weigltutputs of the hidden neurons. Output neurons represent the
and is then aggregated into an activation function that @n #irect outputs of the ANN. The connections between the Ryer
as simple as a step function, or a more complex function suaghd neurons can vary. For example, the input layer can be
as hyperbolic tangent. An ANN consists of several neurossnnected to the output of the ANN in order to provide a
interconnected. Figure 7 shows a common type of ANN, ¥eedback informing the new input state about the previous
layer ANN, which is in fact the type adopted for RECAP, asutput. RECAP uses a similar feedback mechanism to improve



the accuracy by allowing the user to notify the system of aystem that may perform extremely well on the training data
incorrect guess. set but cannot handle unseen data. In contrast, an inagequat

number of neurons cause the inability to handle complex

combination of appliances and poor results. Although the

Layera Layer2  Layer3 literature offers several programs to find the optimal nunalfe

neurons, we opted for tuning the ANN empirically. A number
of trials allowed the identification a saturation point afte
which the network showed little further improvement. The
current version of RECAP adopts input neurons matched
with 6 hidden neurons, which performed adequately for the 6
inputed parameters used to generate the signatures.

Finally, an important aspect of the ANN is thectivation
Function, which shapes the output of the neurons. Considering
that the output of the network should correspond to one of the
profiled appliances, after several empirical trials we a€d@
generabkigmoid functionwhich is close to a threshold function
with smooth angles to allow some neuron uncertainty in case
of errors within the order of 5% or more e.g., to account for
small variation of power delivered by the energy provider.

Inputs

sindinQ

F. Graphical User Interface

Fig. 7. An example of 3-layer ANN showing input, hidden andpoi In order to facilitate user interaction, RECAP provides a ba
neurons sic user interface, which integrates the profiling of appis,
the network training and the final displaying of appliance

We now describe the ANN learning process. At the begirgtivity. These functionalities are divided in 4 separadegis
ning of the learning phase, all weights are random. Weight cgs follows:

efficients of neurons are modified using the data from a train-, aAqq An Appliance: As shown in Figure 8, this panel

ing data set, based on cgmbina_tion of a.p.plia_nce signatures. 4jiows the user entering a JPEG image, hame/model and
The data and_correspondmg weight modification propaga_lted type of appliance to profile. The panel provides also a
through the hidden layer and then the output layer. During e qetermined list of appliance types already available in
training phase, the output signal generated by the ANN is ¢ gatabase for the convenience of the user. Once the
then compared against the desired value, namely the target, intormation is entered. the user can press’save and

as given in the training data set. The difference between the go to next step; which is the appliance profiling phase.
target and the output layer of the network is called eftdrhis

error is then back propagated to the hidden neurons and tt S —

. - I B Add an Appliance = e
input neurons and the weight of each neuron may be modifie [T tep

accordingly. Equation 2 provides the calculation used teetu Addappliance | Recordvalues Train system Wat's On
the We|g hts. Please enter the caracteristics of the new appliance.
Write the type (or just few letters) to refine the list
Wn=Wo— (6 * L’f‘) (2) Then select the type of your appliance ================= :'r;.z’gzwm
where Wn is the new WeightWo is the old weight and | =™ feeie et
Lr is the learning rate sets to a constant value to avoit | toamage
inconsistencies due to rapid weight changes. nts and SefingsdministatorDeskopheaterjog) [l Browse
The back propagation ends when all the layer weights ar | .,
adjusted and the ANN is ready for another "wave” of data. «w=p
Naturally, the more sophisticated the training data setfitrer
the weights will be tuned to recognize any combination of
appliance activation. To improve system usability, RECAR i Sos S o] okt Newt sty

plements arautomatic training program (ALP) that allows
autonomous training of the system. ALP uses the generate [ Image
signatures and creates a training data set with all possibie
combinations of appliance activity, which is then used toetu rig. 8. The "Add Appliance” panel used for inserting the a@ptes to be
the neuron weights autonomously. profiled

It is important to determine the correct number of neurons
and the configuration of the network. In general a large numbe « Generate A Signature: This panel, shown in Figure 9,
of hidden neurons may result in long training times and a is used to record appliances profile in order to generate

’ Appliance Type ‘




signatures. The panel is provided with a list of added and steady signatures increase the system confidence and
appliances; by clicking on the buttdStart Recording”, provide a better performance forecast.

the user will be prompted witliplease, turn on the
appliance to be profiled”The system will automatically
recognize the delta variation relative to the applianc
being turned on and will start recording the parameter

B Training
File Help ?
[ Add appliance I Record values I Train system | Watt's On ]

For the duration of the profiling period, the button will Jf cooersmemnes et o F:ep
w B T 41 > @

microwave_default
kettle_default
heater_kitchen

stay red and displayrecording in progress”. During

this period, the system requires that no other applianc
be turned on or off. The button will turn green after
receiving a sufficient number of values per each ener
parameter. Based on some initial experiments, the mir
mum number of values to build an accurate signature h
been set tod, which correspond to 4 packets from the
energy meter. Obviously, the time needed to generate

Start learning

initialising Welghts and Data
Done

[Training Netork |
Done

100% current Step: Done => Succss: 98.0%

< yious step : Record values Next| p : Appliance recognit

signature depends on the meter transmission rate. In ¢ ‘ e —

experlme-nts, the meter was transmitting at a ratel of [\ isior Start learning |

packet/minas preset l_)y the r_nanufacturer. _Should ;yste appliances [ Retvoi patcianes orecast | e

detect some anomalies during this recording period, tt appliances

appliance profiling is aborted and the user may restart the

process. Fig. 10. The "Train system” panel used for training the ANNhyprofiled
appliances

B Generate a Signature

« Recognition: As shown in Picture 11, this panel displays

File Help ?
Mt i ———— the real-time activity of appliances. Active appliances
Write the type (or just few letters) to refine the list ===> |heater

are displayed in colour while inactive appliances are
displayed in black and white. At the bottom of the panel,
a statistics window allows following the historical data
relative to appliance activity and energy cost associated
to each appliance.

Then select the type of your appliance ===>  [heater

Name  |heater_kitchen ||

B Recognition e
% T 7 > = x File Help ?
I Add appliance Record values [ Train system Watt's On
Press here, and THEN switch. (no need to hurl . e
eeshere SN 90 VO A AOVRD:S o b 1o T Appliance recognition
< Previous Step : Add Apliance Next step : Train your sy
Start Recording I ’ Energy Data @J
heater_kitchen kettle_kitchen microwave_kitchen fridge_kitchen

Fig. 9. The "Record Values” panel used for generating appgasignatures

Statistics:

« Training: This panel, as shown in Figure 10, consists ¢
a list of profiled appliances, on the left hand side of th
figure, which will be used to train the network. In case c
some unutilized appliances in the list, their removal fror |
t_he training I?st is done through t%emo_vgbutton on the Appliance activity Intuitive
right-hand side of the panel. The training of the ANN statistics display
is performed by pressing th&tart learning” button,
while the expected recognition performance and tralnlrfgg. 11. The "Watt's On” paned used for displaying applianeetivity and
progress bar are on the lower part of the panel. Ovefatistics
lapping appliance activities during profiling may cause
jagged signatures and poor performing training periods.

In case the recognition performance does not meet the
requirements dictated by the application, the user canThe experimentations of the RECAP system have been con-
go back to the"Record Values” panel and re-record ducted in the kitchen area of the CLARITY centre at Univer-
the uncertain signatures. We also identified that longsity College Dublin. We connected the energy monitor to the

V. EXPERIMENTATIONS



miniature circuit breaker in the electrical unit, which taits pliances where also activated occasionally. In contrast, w
the whole kitchen area and the corridor including sockets anever activated the electric fire for the entire durationtaf t
lights. For the experiments, we used the off-the shelf ZEM-®xperiment to simulate the worst-case scenario of having an
ZigBee-based Energy Monitor from Episensor [3], as showmknown high consuming appliance. By doing this, the system
in Figure 12. This energy monitor is equipped with a currerbuld not reinforce its neurons by comparing the heatemagai
transformer (CT) clipped around the live wire of the consumether appliances activity and learn the difference. Inespit
electrical unit. this adverse condition, the experiment demonstrated hew th
system guessed correctly 55 times over a total of 65, which
corresponded to an accuracy greater than 84%.

In order to test system scalability, we performed tests
regarding the time needed to train the ANN with a various
number of appliance signatures. Average training time stdow
a large dependence on the machine used and the length of
signatures. However, we can report with confidence that, for
a regular pentium 4 machine, the training remained below
1Iminute for up to 15 appliances while showing a much
larger increase when more signatures where introduceeédBas
on this, a limit of RECAP is the inadequacy to recognize a
great number of appliances in a building. Instead, it should
be trained to recognise a subset of appliances activity at

Fig. 12. Episensor ZEM-30 ZigBee Energy Monitor a time in the order of 15 or less. Finally, the presented
evaluation demonstrated how RECAP can guess with high
] o ) _level of accuracy appliances that have an almost constant

The first objective of the experiment was to recognizgye| of energy consumption, while further tests are needed

3 main appliances present in the kitchen area: a kettle fnderstand the performance for appliances with disaimil

microyvave and a fridge. Initially, 3 appliances were prmi‘ilepower and changing power consumption due to power cycles.
and signatures produced for them. We tested the system for

one week and instructed people using appliances and sockets
in the area to annotate time of usage. During the week, t
annotation reported that the 3 main appliances were agtlva
several times per day together with other lower consumil (a)
devices, such as lights and a small fan. Occasionally peo
used the sockets to plug in their laptops and phone rectsarg
This initial trial showed accuracy over 95% due to a muc ‘
higher power consumption of the 3 appliances than the ligh  JL.< . )
and other low consuming appliances. 0 5 10 15 20 25 30 35 40 45 50 55 60
Given this initial encouraging performance, we decide
to test the system in a more demanding scenario in whi 4
a user profiles an appliance that shows both similar pow (b)
consumption and power factor characteristics as othetiegis

signatures. We identified an electric fire as a resistiveiappé / S
with similar consumption of microwave and kettle. The eliect ‘ }\ ﬂ f J %
40 45 55 60

Kettle Heater Microwave Fridge

fire was introduced in the kitchen and its signature gendrat
The objective of this experiment was to test whether RECA
could still distinguish appliances based on the remainir , -
signature parameters. Figure 13a shows the real appliance (c) .'
tivity, which was manually annotated and used for comparis: !
against the output from RECAP. Figure 13b shows the re (
output from the ANN in response to the input energy data. £ :
appliance is considered active if the output from ANN is dqu. 0 /=== e =S =
or greater than 1. The output coming from the systemisth ¢ 5 10 15 20 25 30 35 40 45 350 55 60
passed through a filter module, as shown in Figure 13c, whicn

converts the raw output into actual appliance activitypldig Fig. 13. Tests performed in the kitchen area at the CLARIT¥tree (a)
the results on the user interface and annotate the activity i real appliance activity (b) ANN raw output; (c) output filter

a dedicated table in the database. We collected information

over 65 minuteswhile many low consuming un-profiled ap-

0 5 10 15 20 25 30 =} 50

w




V1. DISCUSSION ANDFUTURE WORK profiled; (4) a simple graphical interface to guide the user

We foresee 3 major user cases for this platfoghycreating Profiling appliances and displaying their disaggregated-co
real-time energy awareness for home owners to pinpoffmption. . _ . .
appliance consumption useful to understand the reasons oRECAP was tested in a prototypical real kitchen scenario
expenditures to curb energy co§) Enabling load shifting, and_showed accuracy greater than 84% for all the cases
by autonomously understanding activity, to alter the pateg Studied. The system is based on recent advances on energy
energy usage so that on-peak energy use is shifted to okf-p&2Pnitoring through ZigBee-based low-power wireless com-
periods; (3) Providing a personalised energy bill includingnunication. RECAP is amenable to quick installation within
personalised hints as to how to reduce cost by using energy?h €xisting building and it is suitable to_general off_—thceléh
non peak hours. By informing end users, e.g. that their locll€rgy meters. The system uses a single electrical energy
substation is subjected to repetitive energy peaks, the- el§&nsor clipped around the live wire of the main electrical
tricity provider can also give adjunct services such as elviunit. RECAP is a versatile system with potential applicasio
of how to implement electricity usage shifting techniques f that include: decomposing the electricity bill, recogngsi
certain appliances. The advantage for the energy providel€€rgy hungry devices and electricity leaks, and idemtgyi
that it can employ peak leveling techniques aiming at a mop@Ssible improvements in terms of energy saving. Ancillary
efficient energy distribution by temporary deactivatiorsome applications include recognition of occupant behaviour fo

power stations. ambient-assisted living. The RECAP system is available to
The results presented in this paper are encouraging download from the Wikipedia of the CLARITY centre [13].
obtained in real conditions. However, we acknowledge that VIII. A CKNOWLEDGMENTS
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more complex appliances, such as appliances with different .
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