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The decomposition of household power consumption is highly desired for scheduling household
appliances and reducing home energy consumption. This paper presents a novel nonintrusive load iden-
tification method based on quadratic programming. Extensive simulation and laboratory tests have
demonstrated that the proposed technique can provide adequate load identification accuracy for res-
idential energy monitoring such that it is suitable for nonintrusive load monitoring (NILM) systems in
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1. Introduction

With the development of smart grid and increasing awareness
of energy conservation, the decomposed data atindividual load lev-
els in households or buildings is more desired for load scheduling
and demand response programs [1]. Past research works indi-
cated that the visualization of home electricity use can reduce
4-15% of power consumptions [2]. Two approaches are available
to monitor the energy consumption of each appliance in resi-
dential dwellings: the traditional approach is to employ separate
sensors (i.e., smart plugs) for each load to be monitored. While
this may provide accurate measurement of each appliance with
a smart plug, this does have the disadvantages of high hardware
costand additional complexity of communication network (e.g., for
smart plugs to communicate with each other). In contrast, a newer
approach is to employ intelligent algorithms to break down the
total power consumption, which is called nonintrusive load moni-
toring (NILM) technique. In general, the traditional approach with
separate sensors can be viewed as a high-end solution for accu-
rate measurement, while the new NILM approach can be viewed
as a low-cost solution to provide rough energy consumption pro-
files for customer’s awareness of energy consumption and future
guideline of appliance scheduling.
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NILM was addressed originally at MIT by Hart [3] in the 1980’s,
and has attracted many interests [4-16] in recent years due to the
fast development of smart metering technologies. NILM employs
a centralized monitoring device installed at the main breaker
level, combined with intelligent load identification technologies to
break down the operational information and power consumption
of each appliance. NILM can be useful for homeowners and building
managers to monitor energy consumption on an appliance-by-
appliance basis without having to install dedicated sensors. Large
companies (e.g., Intel and Belkin) and small firms (e.g., Onzo in the
US and Navetas in the UK) have initiated aggressive research and
development efforts in energy monitoring with NILM data [4]. A
novel senor embedded with NILM for home energy use monitoring
was also developed by a research team at University of Alberta [5].

The original and extended NILM methods by MIT [3] use low-
frequency hardware devices that only provide steady, coarse, and
macroscopic signatures such as active and reactive power (P-Q).
Recently, most researchers have agreed that the high-frequency
hardware installation, which is capable of providing not only the
conventional steady signatures but the microscopic transient sig-
natures, can reach high accuracy of appliance detection and iden-
tification. The microscopic signatures include harmonics, transient
power, and geometrical properties of V-I curves, and so on [6-10].

Several intelligent algorithms have been proposed for appliance
identification by researchers in the past a few years. In [14], the arti-
ficial neural network (ANN) was used to identify the appliance by
simply teaching the ANN to learn specific features. In [15,16], the
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Fig. 1. Processing procedure of the recording data.

neural network was also used for the electrical appliance identi-
fication. The previous works in the literature based on intelligent
systems which are based on a large amount of training from oper-
ational data. This training effort work will hinder the industrial
application of the NILM technologies. There are still no complete
available NILM solutions till now such that further research is still
needed [4].

This paper presents an intelligent algorithm based on quadratic
0-1 programming for the residential appliance identification. The
algorithm can be applied into the monitors or sensors installed at
the main breaker of a residential home. A simulation experiment
platform in laboratory was built up for testing the proposed algo-
rithms. Ten different types of home appliances are employed in
laboratory tests to verify the identification accuracy. The test results
validate that the identification accuracy of the proposed algorithm
is around 90%.

2. Residential load signatures

The following signal signatures extracted for the voltage and
current signals are employed in this paper.

2.1. Current waveform signatures

Three signal signatures can be extracted from a current wave-
form as follows:

where I;ms, I and Icr are the root mean square value, peak magni-
tude and crest factor, respectively, of the current waveform.

2.2. Current harmonic signatures

The harmonic components can be calculated by the discrete
Fourier transform. The total harmonic distortion (THD) is written
as

(4)

Typical harmonic orders (e.g., 2nd, 3rd, and 5th) as well as the
THD can be used for appliance identification. The typical order
harmonics can be computed with the common discrete Fourier
transform (DFT).

2.3. Active and reactive power signatures

The active and reactive power are calculated by the following
two equations, respectively:

P= ZP" = ZUka COS(¢k) (5)
k=0 k=0

Q=) Q=) Udisin(®) (6)
k=0 k=0

2.4. Geometrical properties of V-1 curves

Fig. 1 shows the V-I curves of four typical appliances such as
a fluorescent lamp, an electric heating unit, a refrigerator and a
microwave. The central line is the straight line between the maxi-
mum and minimum point of the current amplitudes. The slope of
the central line is adopted as a signal signature for appliance iden-
tification. In addition, the enclosed envelope area of the V-I curve
can be also used for identification.
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