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Non-Intrusive Electric Load identification using Wavelet
Transform

Identificacion de cargas eléctricas por medios no invasivos empleando
transformada de Wavelet

José A. Hoyo-Montanio!, Naim Le6én-Ortega?, Guillermo Valencia-Palomo?®, Rafael A. Galaz-Bustamante?,
Daniel F. Espejel-Blanco®, and Martin G. Vazquez-Palma®

ABSTRACT

This paper shows the development of a decision tree for the classification of loads in a non-intrusive load monitoring (NILM) system
implemented in a simple board computer (Raspberry Pi 3). The decision tree uses the total energy value of the power signal of an
equipment, which is generated using a discrete wavelet transform and Parseval’s theorem. The power consumption data of different
types of equipment were obtained from a public access database for NILM applications. The best split point for the design of the
decision tree was determined using the weighted average Gini index. The tree was validated using loads available in the same public
access database.
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RESUMEN

El presente articulo muestra el desarrollo de un drbol de decisién para la clasificacién de cargas en un sistema de monitoreo de
cargas no-invasivo (NILM) implementado en un computadora de tarjeta sencillo tipo Raspberry Pi 3. El arbol de decision emplea el
valor de energia total de una sefal de potencia de los equipos, el cual es generado empleando una transformada discreta de ondoleta
y el teorema de Parseval. Los datos de consumo de potencia de diferentes tipos de equipos fueron obtenidos de una base de datos
de acceso publico para aplicaciones NILM. El punto de mejor ruptura para el diseno del arbol de decision se determiné empleando
el indice de Gini de promedio ponderado. El arbol fue validado empleando cargas disponibles en la misma base de datas pdblica.
Palabras clave: Monitoreo de cargas no-invasivo, transformada de ondoleta, arbol de decision.
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Mexico has established its commitment with the
environment and rational use of energy in the Climate
Change General Law, which establishes a 30% reduction
in the emission of greenhouse gases by 2020. This goal
requires the deployment of incentive programs to use non-
fossil fuels, and increase energy efficiency as an additional

Introduction

Nowadays, the World is facing several challenges regarding
energy usage, such as energy sources availability, carbon
emission, sustainability, among others (Aiad & Lee, 2016b).
Building energy management is becoming a major issue
worldwide; it is estimated that nearly 40% of all the electric
power is consumed in buildings (Ma et al., 2016). Several
countries, like China (Zhou et al., 2015), European Un-ion
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action besides replacement of power generation technology
(Honorable Congreso de la Unién, 2012).

The implementation of energy saving and/or efficiency
actions, in particular regarding domestic installations,
requires information on how the energy is used. Currently,
energy meters provide information about total energy
consumption through monthly bills, and they do not allow
to determine individual equipment consumption (Aiad &
Lee, 2016b).

There are studies that show a relationship between the
knowledge of the amount of energy consumed by the
equipment and the implementation of changes in the
operating habits of the equipment by the users that promote
energy savings, which may vary between 9% to 20% (Aiad
& Lee, 2016a).

A suitable monitoring system is required to know the
operation conditions of electrical appliances. The monitoring
of these operations would facilitate the implementation of
energy efficiency measures. The monitoring of loads in a
general way is a process that seeks to identify and acquire
the measurement of energy consumption of a particular
load (I. Abubakar, Khalid, Mustafa, Shareef, & Mustapha,
2017).

Traditionally, the monitoring of the operation of connected
equipment in a facility is based on the installation and
operation of a large number of sensors. Each power outlet
or load has a sensor, and the system is called intrusive
monitoring (He, Stankovic, Liao, & Stankovic, 2016),
having disadvantages of a high cost, complex installation
and difficult maintenance issues (I. Abubakar et al., 2017).

As an alternative to the inconvenience of intrusive
monitoring, some alternatives have been developed with a
reduced number of sensors, forming a Non-Intrusive Load
Monitoring (NILM) system. In this type of system, the goal
is to disaggregate the individual load consumption from the
total, and the application of voltage and current waveform
analysis at a single point located at the service’s point of
entry (I. Abubakar et al., 2017). Figure 1 shows a general
structure of a NILM system (H. H. Chang, Chen, Tsai, &
Lee, 2012).

This paper presents an implementation of a NILM system for
power consumption signature detection based on discrete
wavelet transform, Parseval’s theorem, and decision trees
suitable to be executed in a Single Board Computer (SBC),
just like Raspberry Pi 3. The system developed is part of a
smart power-meter; its hardware is based on a Raspberry
Pi 3 and an acquisition stage, as shown in Figures 2 and 3.

In the next section, a brief review of several approaches
developed for load identification in NILM systems is
presented. Wavelet transform structures suitable for NILM
applications are presented afterward followed by the
design process of the decision tree using data available in a
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public database for NILM applications. Finally, the results
obtained from the validation of the design of the decision
tree for the classification of loads, as well as the conclusions
drawn, are presented.
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Figure 1. General structure of a NILM system.
Source: H. H. Chang et al. (2012)
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Non-Intrusive Load Identification

A NILM system analyzes voltage and current waveforms
trying to identify a power consumption signature that can
be associated to the nature and operating state of individual
devices. These power consumption signatures can be
classified as steady state, transient and non-traditional
signatures (I. Abubakar et al., 2017).

Steady state signature is obtained when the device has
completed its starting stage, and it has an steady operation,
this identification uses parameters such as active power,
reactive power, RMS voltage and current, power factor, and
harmonic components (I. Abubakar et al., 2017).

Transient signature is drawn from the analysis performed to
period between the turn-on and steady states, or between
the steady and turn-off state of a device, because during
these periods some characteristic power consumption
behaviors can be associated with specific loads (I. Abubakar
etal. 2017).

Non-traditional signatures, on the other hand, can be
obtained using the values of non-electric variables in the
load identification process. Values of temperature, lighting,
time of day, start-up time, among others, are used to
give context to the device usage. Information from these
variables can be mixed with previous signatures to improve
identification (I. Abubakar et al., 2017).

To help in the identification process of the devices operating
in an installation using NILM systems, a classification has
been proposed (Bernard, Wohland, Klaassen, & Vom Bogel,
2016; Hart, 1992; Zoha, Gluhak, Imran, & Rajasegarar, 2012):

1. Type L. Turn-on/Turn-off

There are only two possible operating states (turn-on
and turn-off); a typical example is a lamp.

2. Type Il. Finite State Machines
They present several levels of defined consumption,
and a cyclic operation. An example of these devices is
the washing machine.

3. Type lll. Continous Variable Consumption
They have an infinite number of operating points when
turned-on, examples of these devices are light dim-
mers and power tools. They are a great challenge for
identification due to their power consumption nature.

4. Type IV. Continuous Consumption

They operate during long periods of time, days or
weeks, wireless phones, and any remote controlled

appliance, are perfect examples of this type of devices.
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Each one of these categories present its own complexity for
the identification of individual devices.

Total aggregate power consumption of devices operating
inside an electric installation can be described as
(Hart, 1992):

p(z):ia,.(z)-me(t) (1)

Where P(t) is the power consumption over time, a;(t) is
the activation vector of device i, with values 0 and T when
device is off or on during time t; P.is the power vector of

device i, e(t) is the error or noise term.
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Figure 4. Aggregated power consumption from different devices.

Source: Hart (1992)

Figure 4 shows an example of aggregated power
consumption from different devices.

Identification of Power consumption signature has been
implemented in different schemes in literature. In general,
NILM identification process requires implementing six
stages of analysis (Basu, Debusschere, Douzal-Chouakria,
& Bacha, 2015; Liang, Ng, Kendal, & Cheng, 2010):

1. Data Acquisition

It is required to gather information of the steady and
transient states from the power waveforms of the de-
vice. A high frequency sampling stage captures infor-
mation regarding transient events; meanwhile, a low
frequency sampling stage gathers steady state informa-
tion of the device.

2. Data processing

Data must be conditioned and processed in order to
give meaningful information. This stage includes noise
filtering, harmonic components separation, signal syn-
chronicity, etc.

3. Event detection
Processing and storage of all the information is ineffi-

cient and impractical process, so it is important to de-
tect the activation and deactivation of the device. It is
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necessary to establish a threshold crossing detection
mechanism for the detection of transient.

4. Characteristic Extraction

Electric parameters, such as active power, reactive
power, harmonic components and transient wavefor-
ms, can be extracted from the event detection and data
processing stages. The identified characteristics are de-
pending of the disaggregation method used for load
identification.

5. Load classification or disaggregation

Using the characteristic information gathered from the
processed data, along with a known pattern, the device
disaggregation can be performed from the total energy
consumption, that is, the device can be identified.

6. Energy calculation

By identifying an individual device, its operation pattern
and energy consumption can be estimated.

Using active power (P), reactive power (Q), RMS current
and harmonic components has given good results in
identifying type | and Il devices; however, it has a poor
performance with low power devices. High frequency
alternatives have been developed to improve steady state
analysis by including harmonic content. Because the
transient behavior of the device turns out to be distinctive
in many cases, implementing this type of analysis can
facilitate the identification process, and requires the
implementation of a high frequency sampling scheme
(Isiyaku Abubakar, Khalid, Mustafa, Shareef, & Mustapha,
2015; Zoha et al., 2012).

There are some reports of performance improvement of
steady-state analysis using voltage and current waveforms
as a way to identify unique features of loads, such as
peak and RMS values, phase difference and power factor
(Zoha et al., 2012). These identifying methods can be
complemented using harmonic analysis along with real
and reactive power features to improve device detection of
the algorithms, but its uses require high sampling rates of
waveforms (Abubakar et al., 2015; Zoha et al., 2012).

Most devices have a distinctive transient behavior that can
be suitable for device identification, using a high sampling
rate is possible to capture the transient behavior (Abubakar
et al., 2015; Zoha et al., 2012). Features such as transient
shape and turn-on energy calculation have been used to
identify individual devices (Zoha et al., 2012).

Several methods for transient information extraction that
allow load identification have been developed. Some of
these methods are based on short-time Fourier Transform
(Liang, Ng, Kendall, & Cheng, 2010; Marcu & Cernazanu,
2012; Zoha et al., 2012), Markov Models (Aiad & Lee,
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2016a; Kim, Marwah, Arlitt, Lyon, & Han, 2011; Kong et
al., 2016; Mueller & Kimball, 2016), and Wavelet Transform
(Alshareef & Morsi, 2015; H.-H. H. Chang, Lian, Su, & Lee,
2014; ). M. Gillis, Alshareef, & Morsi, 2016; J. Gillis &
Morsi, 2016), among others.
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Figure 5. Frequency spectrum of diverse devices.
Source: Liang, Ng, Kendall, et al. (2010)

Fourier Transform usage for spectral analysis of power
consumption has been proven useful to detect variable
loads. To detect the operation of a device, and estimate
its energy consumption, Short-time Fourier Transform, and
active and reactive power calculation has been combined
(Zoha et al., 2012). This mathematic tool performs the
transformation of a time domain function into a frequency
domain function (Marcu & Cernazanu, 2012). Figure 5
shows a spectral analysis reported by (Liang, Ng, Kendall,
et al., 2010) for different devices, it can be noticed that
both TV and Air Conditioners have a strong presence of
low-order harmonics, meanwhile devices such as induction
pots present a high content of high-order harmonics.

Markov models have become an interesting alternative to
implement NILM systems due to their simplicity to model
basic functions. The general scheme to implement Markov
Models, in particular Hidden Markov Models (HMM), is
based in the fact that a device behavior can be represented
as a latent state and an observable output, usually active
power. A system with trained Markov models can perform
inferences regarding the most probable state sequence of
a device, based in the set of measures processed. HMM
have been proven useful in predicting in a precise way the
behavior of devices using measurements gathered with
low-frequency sampling (<1Hz). The goal of a HMM-based
NILM system is to generate energy consumption profiles
and to determine time of use of each devices operating
in an installation. Usually this information is considered
as non-critical, and its processing is performed off-line
(Mueller & Kimball, 2016).

Markov modeling requires a periodic acquisition of T
measurements, where each measurement is assumed to be
associated with a state Q from de process, and each state
of the process can assume one of N possible values. HMM
have a three component structure. A Transition A matrix
containing the state-transition probability values; each state
probability ¢, and a vector with the values of the initial state
occupation probabilities w. Figure 6 shows the structure
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of a HMM for a device with only three states (Mueller &

Kimball, 2016).
&i(ws, 01) @
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Figure 6. Structure of a HMM for a three state device.
Source: Mueller & Kimball (2016)

Identification of each device in an aggregate total power
consumption requires firstly the determination of the
sequence of states that can be used to compose the
observation sequence. Using Matrix A and ¢, the inferred
state sequence is calculated, it represents the most
probable behavior of all the devices represented as a unity.
The state sequence Q can be used to determine which state
sequence has the highest probability of occurrence for each
individual device (Mueller & Kimball, 2016).

Wavelet Transform is another tool that has been used to
perform transient analysis of a device (Zoha et al., 2012).
Analysis based on Wavelet Transform performs an extraction
of the desired waveform applying a function translation
and dilation process (Chen, Chang, & Chen, 2013). A
more detailed discussion about Wavelet Transform is
presented next.

Wavelet Transform and Parseval’s Theorem

Wavelet Transform can be implemented in two ways:
Continuous Wavelet Transform (CWT), and Discrete
Wavelet Transform (DWT). DWT has a structure more
suitable for digital signal analysis. DWT is derived from
CWT definition, and can be expressed as (Chen et al.,
2013):

+00
DWT - L ) x(t)l//*(a_mt—nbo)dt 2)

m,n \/ZE e 0

Where x(¢) is the signal analyzed, y is the mother wavelet

applied, ay is the scaling factor, and b, is the shift factor.

Equation (2) can be transformed in:
DWT, , =273 x[k] g| a,"n—kb, | 3)
§
Setting, and, (3) becomes:
DWT,, =2 Y x[k]g[ 2" n—k] (4)
DWT performs two operations, dilation (applying scaling

factors), and translation (applying shifting factors). These
operations are performed to decompose a signal into a
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series of short duration waveforms called Mother Wavelets.
Mother Wavelet has characteristics suitable for transient
events analysis (H. H. Chang et al., 2012). Multi-Resolution
Analysis (MRA) is based on the application of DWT. MRA
decompose a complex waveform or signal into several sets
of simpler waveforms, this is performed by a set of low-pass
g[n] and high-pass h[n] filters (Chen et al., 2013). Figure 7
shows a three-level DWT filter structure.

Level 3
Coefficients

Level 2
Coefficients

Level 1
Coefficients

Figure 7. Three-level DWT structure.
Source: Authors

This type of structure provides a multilayer decomposition
scheme, where the last low-pass filter g[n] gives an
approximation value (level 3 in Figure 7), meanwhile, high-
pass filters h[n] provides detail values (Figure 7 shows three
values). An increase in the number of levels will provide
an increase in the number of detail values, but only one
approximation value will be obtained (Chen et al., 2013).

MRA in conjunction with Parseval’s Theorem has been used
to obtain load power index as an element suitable for load
identification in a NILM system (Alshareef & Morsi, 2015;
H.-H. H. Chang et al., 2014; ). M. Gillis et al., 2016; J. Gillis
& Morsi, 2016).

Parseval’s Theorem is used to calculate the energy dissipated
by a 1Q resistor when a discrete current f[n] flows through
it. The Theorem uses the Fourier Transform coefficients
(Kocaman & Ozdemir, 2009)

1 2 2
vl 0 =2a )

where N is the sampling period, and a, are the Fourier
Transform coefficients.

In order to apply (5) to DWT, it is transformed in:

PO S YARS D YA G

The first term in the right part of (6) represents the energy
levels of the approximation component of DWT, the second
component represents the energy levels of the detail
components. The total energy of the DWT is transformed in:
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Where ||d]| is the norm of the expansion coefficients, and N,
is the number of samples used at level J.

Load identification

Load identification from total energy of the decomposition
with DWT was performed using a Decision Tree (DT). In the
NILM system implemented, six types of loads were defined
for identification: Air Conditioning (class 0), Compact
Fluorescent Lamp (class 1), Fan (class 2), Refrigerator
(class 3), Vacuum cleaner (class 4), and Washing Machine
(class 5).

In a NILM system, each type of load has hidden information,
when developing a DT, the main goal is to develop a
classification tree that contains an optimal entry node
capable to measure impurities in the tree nodes, this can be
performed using the Gini Index (Alshareef & Morsi, 2015;
J. M. Gillis et al., 2016; ). Gillis & Morsi, 2016)
C-1 2
Gini(c)=1- [f(c | 0')] (8)

=0

I

Where C is the number of classes, and f{c|c) is the
probability that ¢ belongs to class c.

The design procedure for a DT suitable for classification
can be seen in Figure 8.

Total Energy Vector
bwt
h 4

Ascending Vector
Sorting

h

==

Best Split Point

Device Classification |

Figure 8. Procedure for best split point identification for Classification
DT.
Source: Authors

Considering that there are six types or classes of devices,
and that an eight-level DWT analysis was applied using a
Daubechies 3 mother wavelet, the total energy values of
DWT for one level of approximation (A8) and eight levels
of detail (D1 to D8) were obtained. The number of levels is
directly related to the harmonic spectrum covered within
the sampling frequency; hence the eight-level analysis was
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chosen to cover a frequency analysis from 30kHz (sampling
frequency) to 117,18Hz. The sampling frequency for the
analysis is set in the PLAID public database (Gao, Giri,
Kara, & Bergés, 2014). To calculate the Total Energy Vector
(TEV) from the DWT, a Python function was developed and
its results were compared with the results from a MatLab
Wavelet Toolbook function. The Python function has a
quadratic average error of 0,22%, this accuracy in the
calculation of the TEV helps to differentiate appliances with
close energy signatures, the code of the Python function is
shown in Figure 9.

ief convolucion (x,y):
res=(1

© n in range (0,len(x)):

(x[n-k]*y[k])

ert (0,cn) t begining of vector

ief DWTAb3ATS (s)

# DWT calculation

# Daubechies 3 Low-Pass coefficients

PB=(0.035226291882101,-0.085441273882241,-0.135011020010391,
0.459877502119331,0.806891509313339, 0.332670552950957]

# Daubechies 3 High-Pass coefficients

PA=(-0.332670552950957,0.806891509313339, -0.459877502119331,
-0.135011020010391,0.085441273882241,0.035226291882101]

%(i-1)1,PA) # Detail value at lev
%(i-1)1,PB) # Aproximation Value

3 in range (0,len(v)):
£ i in range (0,len(v[jl)):
tot=tot+v[i] [i1%+2

(0, len(v)) 2

Figure 9. Python Code of DWT and Total Energy Vector Calculations.
Source: Authors

Table 1 shows the DWT total energy values of 48 devices
taken form PLAID. Below is the procedure to find the best
split point of the classification DT.

Total Energy List sorting

The first step required to find the best split point is to sort
in ascending way the values of the Total Energy of DWT
List before the calculation of Gini Index. The sorted List is
partially shown in Column 1 of Table 2. Column 2 shows
the mid-point between two adjacent values of Total Energy
of DWT.

Split point calculation based on mid-points

Columns 3 and 4 from Table 2 show the number of devices
of each class with values lesser (column 3) or greater/
equal (column 4) to the mid-point value of column 2. It
can be seen in Table 2, for instance, that the total number
of devices with Total Energy values greater or equal to 1
465,72 is 34, and they are dispersed as: six class 5, eight
class 4, eight class 3, one class 2, none class 1, and eleven
class 0.
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Table 1. Total Energy of DWT analysis

Device PLAID ID Total Energy Class
15 3128,14 0
39 2 386,47 0
84 52 159,26 0
85 4 067,64 0
86 22 469,92 0
87 55 402,56 0
161 2 008,95 0
163 1977,55 0
288 35150,20 0
289 63 776,78 0
291 59 808,00 0
2 777,84 1
4 936,63 1
20 282,13 1
41 334,34 1
44 265,80 1
88 320,84 1
67 529,16 2
100 236,73 2
101 239,68 2
171 1464,76 2
172 1466,69 2
23 1664,17 3
46 6 080,07 3
105 14 321,40 3
107 14 807,57 3
195 1251,14 3
197 59 808,00 3
199 19 395,88 3
333 13 712,12 3
334 716,24 3
528 3979,71 3
55 23 646,49 4
56 22 491,94 4
698 21753,79 4
726 4291,99 4
730 3678,12 4
811 3328,17 4
812 3169,71 4
840 21 465,38 4
80 247,05 5
185 31078,20 5
186 24 502,86 5
188 61 448,42 5
492 22 979,34 5
535 1008,55 5
620 8 064,26 5
622 9299,02 5

Source: Authors

M 48

Table 2. Sorted List of Total Energy of DWT

Total . . ..
Mid-Point < >= Class Gini_WA
Energy
236.7 0 8 5
0 8 4
0 10 3
238.20 0.8014
1 4 2
0 6 1
0 11 0
2 6 5
0 8 4
2 8 3
1465.72 0.7354
4 1 2
6 0 1
0 11 0
1466.7
2 6 5
0 8 4
2 8 3
1565.42 0.7242
5 0 2
6 0 1
0 11 0
1664.2
2 6 5
0 8 4
3 7 3
1820.85 0.7278
5 0 2
6 0 1
0 11 0
8 0 5
8 0 4
0 0 3
62612.6 0.8067
0 2
63776.8 6 0 1
10 1 0

Source: Authors

Gini Index and its weighted average

The Gini Index shows a measurement of the impurity of a
node, when its value gets to a minimum, the point of best
split is found. Since there are two columns of membership
(columns 3 and 4), a value that includes them must be
obtained, this is done by calculating the weighted average
of the Gini Index using:
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z. 3

Giniy, (o) = % : Gini(a)a +% -Gini(o)b 9)

Where X, and X, are the number of devices with Total Energy
values lesser than, and greater/equal than mid-point value;
Gini(c), is the total number of devices; and Gini(c), are the
Gini Index for devices with Total Energy values lesser than,
and greater/equal than mid-point value. The results of this
calculation are shown in column 6 of Table 2.

Best split point identification

Because the Gini Index measures the impurity of a node,
the minimum value of this index corresponds to the best
split point, and identifying the entry point of the DT. By
inspection of Table 2, it is found that the minimum value of
Giniy,(o) is 0,7242; which corresponds to an average point
of total energy of 1 565,42. The tree developed from this
entry point is shown in Figure 10.

ol =1357,94 b1 =
©2=1129,84 b2 =
3= 972,59b3= 382891
cA= T47,04b4= 402367
5= 62270b5= 417981
6= 431,74b6= 5186,03
Clase1] 7= 25642b7= 707216
8= 24336b8= 1150557
b= 20430,62
b10=22111,85
b11=22735,63
b12=2331291
b13 =24 074,67
bl4=33 114,20
b15 =59 807,99
b16=60 628,21
b17 =62 618,60

Figure 10. Classification DT based on the values of Table 2.
Source: Authors

The Classification DT developed presents an unbalanced
structure; this is not rare when the Gini Index is used.
There are eight nodes at the left (Energy lesser than), and
seventeen to its right (Energy greater/equal than) of the
entry node. The implementation of the Classification DT as
a Python function is shown in figure 11.
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# Desition Tree Classifiction function

def Clasificador (EN,DI):

# EN es la energia del DWT

# DI es el nivel de energia del componente D4 de DWT|

a=1565.42

c=(1357.94,1129.84,972.59, 747.04, 622.70, 431.74, 256.42, 243.36)

c1=(2,3,5,1,3,2,1,5,2)

b=(1820.85, 3148.92, 3828.91, 4023.67, 4179.81, 5186.03, 7072.16,
11505.57, 20430.62, 22111.85, 22735.63, 23312.91, 24074.67, 33114.20,
59807.99, €0628.21, 62618.60

c2=(3,0,4,3,0,4,3,5,3,4,0,5,4,5,0,3,5,0)

if DI > 0:
return 1
else:
if EN < a:
for i in range (0, 8):
if EN >= c[i]:

# Lampara fluorescente compacta

# ir a rama izquierda del &rbol de decisién

return cl[i]
urn c1(8]

# ir a rama derecha del &rbol de decisién

© i in range (0,17):
if EN < b[i]:
return c2[i]
return c2[17]

Figure 11. Python function code for the Classification DT.
Source: Authors

Simulation Results

The classification DT was tested using 30 devices from
the PLAID database (Gao et al., 2014), these devices were
not included in the design process. Table 3 shows the total
energy values used for testing, the identification result from
de DT, the device class, and if there was an error in the
identification process.

As itcan be seen inTable 3, only three devices were wrongly
identified, this means that the proposed classification DT
has a 90% success rate identifying load class. Some HMM
solutions had reported a success rate between 51,66% and
87% (Aiad & Lee, 2016a, 2016b) using REDD database;
using DWT as part of the analysis process. Alshareef (2015)
using a Daubechies 3 mother wavelet reached a 95,83%
using 1 000 decision trees; Chang (2014) reported a DWT
with an Artificial Neural Network reaching identification
levels between 86,16 and 96,82%; Gillis (2016) reported
a DWT plus Decision Tree, using a Daubechies 3 mother
wavelet and six levels of decomposition, having a 96,18%
success in load identification.

Table 3. Simulation Results from Classification DT for Load ID

ID Total Energy DT Class  Device Class Error
17 2691,72 0 0

40 2462,63 0 0

42 268,07 1 1

62 380,35 1 1

65 525,36 2 2

81 424,36 1 1

83 57 643,11 0 0

104 236,59 2 2

106 13 384,11 3 3

129 13 260,85 3 3

162 1974,22 0 0

170 1504,23 2 2

196 21 084,15 4 3 1
290 37 474,11 0 0

460 10776,41 5 3 1
461 15 290,87 3 3

461 15 290,87 3 3
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488 27902,67 5 5
490 22 838,07 5 5
492 22 979,34 5 5
531 1023,33 5 5
534 976,32 5 5
621 9 604,69 5 5
623 9713,81 5 5
699 22 355,30 0 4 1
727 4 319,89 4 4
729 3786,51 4 4
813 3 365,17 4 4
814 3395,05 4 4
840 21 465,38 4 4

Source: Authors

Conclusions

A Classification Decision Tree was developed to identify
six different type of devices included in the PLAID public
database. Device data was processed using a Python script
in a Raspberry Pi 3 platform to obtain the total energy
values extracted from DWT analysis.

The classification DT design was performed applying
weighted average Gini Index to identify the best split point,
leading to an unbalanced tree, something not rare in this
kind of design procedure.

The percentage of success in the identification of the classes
of equipment of 90%, this implies that it is necessary to
improve the structure of the decision tree. However, the
proposed approach shows a better performance than the
HMM presented by Aiad and Lee (20164, 2016b), this must
be taken with the proper reservation since two different
appliance databases were used for validation; both
Alshareef (2015) and Gillis (2016), implemented a DWT
using Daubechies 3 mother wavelet to identify appliances
with a better identification rate, but both solutions are more
complex and requiere more computational effort. For this
matter, it is planned to improve the measurement of the
total energy of the equipment during the turn-on transient
period to identify additional parameters that would help the
implementation of a better process of identification of the
loads.
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