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ABSTRACT

We report on the creation of a database of appliance con-
sumption signatures and two test protocols to be used for
appliance recognition tasks. By means of plug-based low-
end sensors measuring the electrical consumption at low
frequency, typically every 10 seconds, we made two ac-
quisition sessions of one hour on about 100 home ap-
pliances divided into 10 categories: mobile phones (via
chargers), coffee machines, computer stations (including
monitor), fridges and freezers, Hi-Fi systems (CD play-
ers), lamp (CFL), laptops (via chargers), microwave oven,
printers, and televisions (LCD or LED). We measured their
consumption in terms of real power (W), reactive power
(var), RMS current (A) and phase of voltage relative to
current (). We now give free access to this ACS-F1
database. The proposed test protocols will help the scien-
tific community to objectively compare new algorithms.

1. INTRODUCTION

Nowadays, growing prices of energy, political objectives
of governments or simply personal convictions encourage
people to look for solutions reducing their environmen-
tal impacts. From this perspective, a substantial progress
can be made in the optimisation and control of the electri-
cal consumption of appliances in habitations. Everyday,
new smart meters are installed in houses, and the market is
opening to plug-based energy monitoring devices. Recent
publications in the domain report on several mobile and
web-based energy monitoring systems aiming at provid-
ing pertinent information to the user [1, 2]. Studies have
shown that a continuous information feedback and fine-
tuned automated management of home equipments would
allow an energy bill reduction from 15% up to 30% [3, 4].
However, such solutions are still expensive and compli-
cated to configure. One needs to install monitors on the
plugs and manually label the associated appliances which
can be moved in the house. To help those systems become
more adaptive, efficient and easier to use, an important
task to be done is the automatic recognition of the appli-
ances running in a house based on their electric consump-
tion profiles or signatures.

Within the framework of our projects, we have built a
considerable database containing the consumption signa-
tures of many home appliances. We used low-end smart
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outlets called PLOGGs [5] for measuring electric con-
sumption signals at low frequency, typically every 10 sec-
onds. Such devices periodically measure various param-
eters of the electricity consumption and are able to com-
municate it to the computer via a ZigBee USB dongle.
We made two acquisition sessions of one hour on about
100 home appliances divided into 10 categories: mobile
phones (via chargers), coffee machines, computer stations
(including monitor), fridges and freezers, Hi-Fi systems
(CD players), lamp (CFL), laptops (via chargers), micro-
wave oven, printers, and televisions (LCD or LED). We
measured their consumption in terms of real power (W),
reactive power (var), RMS current (A) and phase of volt-
age relative to current (). The so-called ACS-F1 database
is freely available on [6]. The whole scientific commu-
nity will thus able to perform various machine learning
tasks, tests and performance comparison on those appli-
ances consumption signatures.

In a previous paper [7], we showed that machine learn-
ing techniques can be used to perform appliance recogni-
tion. Such techniques are very powerful thanks to their
capability to learn models from data and to generalize
the recognition on unseen appliances. The performance
of those algorithms notably depends on the quality of the
train data. Therefore a challenging part of this database
project was the settling of a data acquisition protocol that
could allow us to elaborate and propose recognition test
protocols flexible and precise enough for benchmarking
the performances of the biggest variety of algorithms. For
example, to obtain representative appliance signatures, we
had to deal with all possible running states of the different
appliances.

This paper is organized as follows. Section 2 gives an
overview of the related work. Section 3 gives details about
the appliance consumption signature database in terms of
data acquisition protocol, data format and database con-
tent. In Section 4, we present and discuss the elaborated
recognition test protocols which should be applied in or-
der to perform appliance recognition tasks. Finally, in
Section 5, we conclude and speak about future works.

2. RELATED WORK

Over the last few years, many researchers have been work-
ing on energy consumption analysis in order to improve

336



the efficiency of the various appliances installed in build-
ings. We can mention two main approaches to the prob-
lem: multi-sensor metering and single-sensor metering,
also called nonintrusive load monitoring (NILM) [8].

Multi-sensor metering requires plug-based devices to
be installed between appliance power plugs and electricity
sockets. On the contrary, single-sensor metering (NILM)
relies on the recent smart meters which monitor the over-
all load of all running appliances on the electrical network
in a house. NILM permits to obtain consumption data at
a minimal cost and installation time, thanks to the slight
hardware it requires. In the NILM approach, the appliance
recognition process is usually divided into three steps: the
feature extraction, the event detection and the load appli-
ance disaggregation. In fact, multiple independent devices
are recorded, thus the main goals is the determination of
the contribution of the single appliances. This last point
constitutes the main drawback of the approach. Many ma-
chine learning algorithms have been used, such as Artifi-
cial Neural Networks (ANN) [9], Hidden Markov Models
(HMM) [10], Factorial Hidden Markov Models (FHMM)
[11], and others [12, 13].

The multi-sensor metering approach allows to perform
a fine-grained analysis, given that the appliance signatures
are directly available. After the feature extraction, classi-
fiers can be trained and new unknown data classified into a
specific appliance category. Moreover, the various single
appliance signatures can be aggregated in order to build
more complex signal looking like the one returned by a
smart meter in the NILM case. Zufferey et al. [7] iden-
tified five types of appliances with six different models
each. They used a modeling approach based on Gaussian
Mixture Models (GMMs), obtaining an accuracy rate of
85%. Adeel Abbas Zaidi and Palensky [14] performed
the automated load recognition using the Dynamic Time
Warping (DTW) and HMMs. In particular they analyzed
the features extracted from the power consumption data
coming by six different appliances, acquired with a sam-
pling rate of 10 seconds. Reinhardt A. et al. [15] iden-
tified sixteen appliances analyzing the current flow at a
sampling rate of 1.6 kHz and they achieved the 98% of
classification accuracy rate.

In the field of power consumption analysis, the num-
ber of works is not as large as in other fields that apply
the same machine learning techniques. Main raisons are
the lack of public data and the difficulty to obtain a suffi-
cient number of samples for the analysis. This pushed us
to provide a public database to make the research progress.
Some databases are already available for the scientific com-
munity. Zico Kolter J. and Johnson M. J. [16] provided the
Reference Energy Disaggregation Dataset (REDD) that
contains data from six households, both high-frequency
current/voltage waveform data and lower-frequency power
data including labeled circuits in the house. The database
is aimed to the analysis of the contribution of the single
appliances to the aggregated data. Anderson K. et al. [17]
provided the Building-Level Fully labeled Electricity Dis-
aggregation Dataset (BLUED) containing aggregated data
from one household. As ground truth, the database is com-

plemented by an event list indicating when the appliances
change state. Barker et al. [18] provided aggregated data
from three households. Part of the database is completed
with appliance data, coming from each circuit, and nearly
every plug load, measured every few seconds. Reinhardt
et al. [19] collected 43 different appliance types for a to-
tal of 158 appliance instances recorded 24 hours a day.
They proposed an algorithm able to identify most appli-
ances with a high accuracy.

3. APPLIANCE CONSUMPTION SIGNATURE
DATABASE

In this section, we first present the protocol and the XML
data format which were worked out to acquire the con-
sumption signatures of all appliances. Then we give an
overview of the overall content of the resulting ACS-F1
(Appliance Consumption Signatures - Fribourg 1) database.

3.1. Data Acquisition Protocol

In order to acquire the various electrical signals of the
target appliances, we first had to set several acquisition
modalities and parameters:

e Acquisition sampling frequency: 10~1 Hz — Most
approaches use high sampling frequency [20, 21]
in order to capture the electrical noise generated by
the appliance and use this noise to distinguish the
different categories of appliances. In our approach,
we use a larger time space in order to build what we
call an electrical consumption signature of an appli-
ance. Moreover, the minimal sampling frequency of
our recording device (PLOGGs actually) is limited
to one hertz.

e Acquisition duration: 2 sessions of 1 hour each —
According to the sampling frequency, one hour of
acquisition is a reasonable value to build an electri-
cal consumption signature for an appliance, so that
all possible running states are recorded (cf. next
paragraph). These two acquisition sessions are per-
formed for each appliance of each category, at a dif-
ferent time and with a different use profile. It is
essential to have a common and varied use of the
equipment being acquired.

e Number of categories: 10 — We selected the fol-
lowing categories: fridges & freezers, TVs (LCD),
Hi-Fi systems (with CD players), laptops, computer
stations (with monitors), compact fluorescent lamps
(CFL), microwaves, coffee machines, mobile phones
(via battery charger), and printers. Those categories
well represent most common appliances in home or
office

e Number of appliance instances per category: 10 (at
least).

e Number of appliances per acquisition device (i.e.
PLOGG): 1- We want to record disaggregated sig-
nals.
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e Acquisition place: home or office.
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Fig. 1. A PLOGG acquisition device and the communica-
tion ZigBee USB dongle

Then we had to settle on a way to proceed for acquir-
ing data of appliances of all categories in all possible run-
ning states:

o Coffee machines must be either in operating mode,
in standby mode or turned off. The size of the coffee
cup should vary.

o Computer stations (composed of a tower with a mon-
itor) must be either in operating mode, put into sleep
mode or turned off. The use profile must vary, i.e.
the users must change their activities (e.g. surfing
on the web, watching movies, performing high or
low CPU tasks).

e Fridges & freezers can never be turned off. Their
door must sometimes be opened during a variable
time. Foodstuff should be removed or added (at am-
bient temperature).

e Hi-Fi systems (equipped with CD players) must be
either turned on, turned off or put in standby mode.
CD tracks must be changed and sound volume in-
creased or decreased.

e Lamps (CFL) must be switched on or off from time
to time.

e Laptops must be either in operating mode, put into
sleep mode or turned off. Like with computer sta-
tions, the use profile must vary, i.e. the users must
change their activities (e.g. surfing on the web, wa-
tching movies, performing high or low CPU tasks).
Their battery can be fully charged or charging.

e Microwaves can be either in operating mode, in stan-
dby mode or turned off. The cooking time and power
should vary.

e Mobile phones (via chargers) can be fully charged
or in charging phase.

e Printers must be either turned on, turned off or put
in standby mode or print some documents from time
to time.

e TVs (LCD /LED) must be either turned on, turned
off or put in standby mode. Channels must be chan-
ged and the sound volume increased or decreased.

3.2. Data Format

An XML data structure has been designed for storing the
raw observations, some meta-data and the ground truth
values of the appliance categories. The format consists
of two main parts. The header part covers the descrip-
tion of the database, the acquisition campaign, the author
who did the acquisition, the acquisition place, the sensor
device used, and the electrical parameters recorded. The
body part contains the signal values with timestamps for
all electrical parameters. This generic and self-described
format permits to deal with different types of sensors and
signals (even for non-electrical) in the future. We wanted
the format to be as flexible as possible. Here is an acqui-
sition example in our XML format:

<?xml version="1.0" encoding="UTF-8"2>
<signalData>

<acquisitionContext database="GreenLine"
databaseSet="Set1l" session="1" version="1" />

<validation status="ok" id="christophe" date="2011-09-01" />

<acquisitionPlace name="living room" type="room">
<feature name="buildingName" value="christophe" />
<feature name="buildingType" value="residential" />
<feature name="energyClass" value="D" />
<feature name="constructionYear" value="1975" />
<feature name="rooms" value="6.5" />
<feature name="surface" value="200" />
<feature name="address" value="CH-1700 Fribourg" />
</acquisitionPlace>

<targetDevice type="laptop" brand="Apple" model="MacBook Pro"
energyClass="" comment="Personal laptop" />

<acquisitionDevice type="electricity_socket" brand="PLOGG" model="PLG-ZGB-CH"

samplingFrequency="0.1" comment="Sampling frequency is expressed in Hz.">

<channel name="time" type="date" precision="1" units="s" />

<channel name="freq" type="float" precision="0.1" units="Hz" />

<channel name="phAngle" type="integer" precision="1" units="" />

<channel name="reacPower" type="float" precision="0.001" units="var" />

<channel name="rmsCur" type="float" precision="0.001" units="A" />

vr/>
<channel name="power" type="float" precision="0.001" units="W" />

</acquisitionDevice>

<channel name="rmsVolt" type="float" precision="0.001" units=

<signalCurve>
<signalPoint time="2011-04-11 15:53:31" freg="50.0" phAngle="0"
reacPower="-0.31" rmsCur="0.144" rmsVolt="231.481" power="18.944" />
<signalPoint time="2011-04-11 15:53:41" freq="50.0" phAngle="0"
reacPower="-0.414" rmsCur="0.142" rmsVolt="231.616" power="18.944" />
<signalPoint time="2011-04-11 15:53:51" freg="50.0" phAngle="0"
reacPower="-0.31" rmsCur="0.143" rmsVolt="231.516" power="18.84" />
<signalPoint time="2011-04-11 15:54:01" freg="50.0" phAngle="0"
reacPower="-0.414" rmsCur="0.146" rmsVolt="231.686" power="19.254" />
<l-- -
<signalPoint time="2011-04-11 16:52:50" freg="50.0" phAngle="0"
reacPower="-0.621" rmsCur="0.111" rmsVolt="235.247" power="12.525" />
<signalPoint time="2011-04-11 16:53:00" freg="50.0" phAngle="0"
reacPower="-0.724" rmsCur="0.11" rmsVolt="235.249" power="12.629" />
<signalPoint time="2011-04-11 16:53:10" freq="50.0" phAngle="0"
reacPower="-0.724" rmsCur="0.11" rmsVolt="235.295" power="12.525" />
</signalCurve>

</signalData>

3.3. Resulting Database Content

Our ACS-F1 database is getting bigger, but at the time we
are writing this paper, its content state is given by Table 1.
One of our objectives was the equiprobability of all appli-
ance categories, i.e. each one must be equally distributed
by containing the same number of instances.

Figure 2 shows an example of the active power con-
sumption measured on an appliance of category Laptop.
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Fig. 2. Example of the active power consumption measured on a laptop

4. RECOGNITION TEST PROTOCOLS

As said before, the ACS-F1 database is now available for
free to the whole scientific community [6]. Hence, ev-
erybody will be able to perform various machine learning
tasks. In this section, we present the preliminary test pro-
tocols that will allow to make different performance com-
parisons in the task of appliance recognition. As the pro-
tocols and the corpora will be publicly available, we speak
of an “in-house evaluation with existing benchmark” [22].
Table 2 shows a summary of two proposed protocols. Fig-
ure 3 shows a graphical representation of the splitting of
the train and test set for both protocols.

4.1. Test Protocol 1.0 — Intersession

In the test protocol 1.0 (or intersession protocol) for ap-
pliance recognition, all instances of acquisition session 1

Categories Instances | Sessions
1. Coffee machine 10 2
2. Computer station (with monitor) 10 2
3. Fridge / Freezer 10 2
4. Hi-Fi system (with CD player) 10 2
5. Lamp (CFL) 10 2
6. Laptop 10 2
7. Microwave 10 2
8. Mobile phone (via charger) 10 2
9. Printer 10 2
10. TV (LCD / LED) 10 2
Total 200 recordings

Table 1. Content of the consumption signature database

(resp. 2) must be taken in the train (resp. test) set. In other
words, cardinalities of both train and test sets are equal.
For a given recording, it is allowed to use the whole du-
ration of the signal, namely 1 hour. Classification results
must be presented in the form of a confusion matrix and
the overall recognition rate.

4.2. Test Protocol 2.0 — Unseen Instances

In the test protocol 2.0 (or unseen instances protocol) for
appliance recognition, all instances of both sessions are
taken to perform a k-fold cross-validation [23], where k& =
10. In other words, we randomly partitioned all instances
into £ = 10 subsets. The cross-validation process consists
then in taking successively each of the k-folds for testing
and the remaining k — 1 ones (i.e. 9) for the training. As
for test protocol 1.0, for a given recording, it is allowed
to use the whole duration of the signal, namely 1 hour.
Classification results must be presented in the form of a
confusion matrix and the overall recognition rate averaged
over the k-folds.

Protocol 1.0 Intersession 2.0 Unseen Instances
Task Appliance Recognition
Train set | Session 1 instances 10-folds on all
Test set | Session 2 instances session instances
Train time 1 hour max. (whole instance)
Test time 1 hour max. (whole instance)
Result form Confusion matrix, accuracy

Table 2. Recognition Test Protocols
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Protocol 1 — Intersession
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Protocol 2 — Unseen instances
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Fold 5 Training Set 1/10

Test Set 1/10

Fig. 3. Train and test set splitting for both protocols

5. CONCLUSIONS & FUTURE WORKS

In this paper we presented a database of appliance con-
sumption signatures that fills the lack of available pub-
lic data in the field of power consumption. Works on
other available databases usually concern the disaggrega-
tion of the power consumption of multiple independent
appliances in order to determine the contribution of each
single appliance separately. In our approach, we tackle
the appliance identification problem on the other side by
proposing a database of single appliance signatures that is
free for the whole scientific community.

We populate the so-called ACS-F1 database with the
power consumption signatures obtained using plug-based
low-end sensors placed between appliance power plugs
and electricity sockets. We made two acquisition sessions
of one hour for 100 different appliances distributed among
10 categories. For each appliance category, we estab-
lished an acquisition protocol indicating all possible run-
ning states (e.g. on, off, standby) to be recorded. This pro-
tocol ensures that each appliance category contains sig-
natures coming from different devices. We wanted the
database to be ideal for the various machine learning tasks.

We proposed then two test protocols intended to com-
pare the performance of future algorithms in the task of
appliance recognition. In this way, we give the researchers
the possibility to work on common data. In the first pro-
tocol, first session instances are used for the train set and
the second session instances for the test set. In the second
protocol, all instances of both sessions are successively
taken in train and test sets by performing a k-fold cross-

validation.

As future works, we plan to follow the proposed test
protocols for appliance identification by using conventional
machine learning algorithms. Hence we will be able to
compare the obtained classification results with those pro-
vided by other research groups across the world. Finally,
we want to propose new test protocols based on more
complex identification scenarios, for example involving
aggregated appliance signatures or different appliance run-
ning states within the consumption signatures.
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