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Abstract
This paper presents a novel Non-Intrusive Load Monitoring (NILM) approach focusing
on the Energy Efficiency (EE) assessment of residential appliances. This approach
(NILMEE) is able to identify the individual consumption of several household devices,
providing proper information for evaluating energy efficiency and pointing out the
operational issues or labelling mismatches of appliances, while recommending better
practices for energy usage in specific consumer installations. The proposed approach
was developed and evaluated by embedding the NILM engine on an electronic power
meter, which performs a microscopic analysis on measured voltages and currents and
provides the load disaggregation using the Conservative Power Theory for the feature
extraction, K-Nearest Neighbours for the appliance classification, and the Power
Signature Blob for the energy disaggregation. The disaggregation algorithm
performance evaluation is carried out using NILMTK. Results show that NILM
transcends the regular energy usage calculation, serving as a tool that enables the
diagnosis of household appliances using the energy efficiency indexes provided by
labels and standards.

Keywords: Load disaggregation, Energy management, Energy efficiency, Smart meter,
Non-intrusive load monitoring

Introduction
Worldwide, energy efficiency policies can bring significant advantages to energy con-
sumers and suppliers, leading to social, environmental, and economic benefits. Energy
Efficiency (EE) may be an important resource to increase energy supply, as the first
response to bigger demands and economic development (WEC 2013; IEA 2016). There-
fore, the growing concern about improving EE has led to the creation of many new
technologies, such as those related to energy management to control peak energy
demand, better use of home appliances and the development of increasingly more effi-
cient home appliances. Trotta (2018). These may be effective actions to optimise modern
smart grid operations, supporting both consumers and electric utilities toward the energy
efficiency perspective. Moreover, considering that residential consumers may represent
over 30% of the energy consumption in some countries, household appliances may
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interfere with the overall energy efficiency. Special attention has been paid to heat-
ing and cooling devices, leading to energy-consuming loads in residential installations
(Pino-Mejías et al. 2017).
Thus, improvements in EE in residential installations may be essential for increasing

the overall efficiency of the power grid and, traditionally, it basically relies on providing
detailed information on the energy usage and efficiency of individual household appli-
ances (Jin et al. 2017). The most common approaches are based on energy labelling
initiatives, which serve not only as guides for consumers but also to stimulate innovative
product development for complying with lower rates of energy consumption (Issock et al.
2018). Energy efficiency labels help consumers assess the appliance’s classification under
particular operating conditions, such as those defined in standards and national pro-
grams (Wong and Krüger 2017; Merini et al. 2019). However, recent studies show that the
labelling approach may not be enough for achieving expected goals in different countries
(EC 2019) and further initiatives are required.
Strategies for increasing energy efficiency may be based on Non-Intrusive Load

Monitoring (NILM) (Hart 1992), which was introduced decades ago, however the
reduced computational powermay have limited its practical applications (Makonin 2012).
Consideringmodern computing engines and tools, NILM has attracted widespread atten-
tion, and the recent efforts focus on the proper use of artificial intelligence to create
solutions for home and industrial energy management systems, demand-side manage-
ment, and identifying appliances (Hart 1992; Aboulian et al. 2019; Garcia et al. 2017).
NILM represents a powerful tool to disaggregate the energy consumption of electri-
cal installations, which can be embedded in modern energy meters (Souza et al. 2019;
Zhang et al. 2018), providing information for assessing energy consumption in terms of
household appliances.
Considering the load consumption disaggregation and based on the increasing energy-

awareness of individual equipment, consumers may adapt consumption behaviours,
replace equipment or install management systems focusing on energy/money savings
(Baets et al. 2017;Mack et al. 2019), either on residential, commercial or industrial scenar-
ios (Sadeghianpourhamami et al. 2017; Henriet et al. 2018; Stankovic et al. 2016). Recent
NILM studies have been based on different attribute extraction methods, accuracy eval-
uations, and load disaggregation results ranging from 70% to 98% (Souza et al. 2019;
Sadeghianpourhamami et al. 2017; Esa et al. 2016; Wong et al. 2013; Abubakar et al. 2015;
Le and Kim 2018; Aladesanmi and Folly 2015; Klemenjak 2018; Bao et al. 2018; Gopinath
et al. 2020).
However, most studies in the NILM literature are focused only on the analysis of the

energy disaggregation concept and do not take into account the correlation with energy
efficiency (Sadeghianpourhamami et al. 2017; Ruano et al. 2019). Few studies in the
literature indicate the use of the NILM approach for EE assessment in the household sce-
nario (Kong et al. 2020) and some of them focus on indicating high-consumption loads
(Doherty and Trenbath 2019; Kong et al. 2020; Souza et al. 2020), feedback and recom-
mendations to the consumer (Carrie Armel et al. 2013; Berbakov et al. 2019; Kong et al.
2020), and anomaly detection regarding the default appliance’s power signature (Rashid
et al. 2019). However, there are no studies that compare the appliance EE label indexes
with short and long-time use of operation. Hence, with this gap in mind, this paper
introduces a novel NILM-based approach called NILMEE (NILM for EE), which can
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disaggregate the energy demand of appliances of interest, while analysing the EE of each
appliance in terms of a national labelling program.
The developed strategy was mainly based on the K-Nearest Neighbours (KNN) algo-

rithm (Cover and Hart 1967) to identify the load and the Conservative Power Theory
(CPT) (Tenti et al. 2011) as the background for the feature extraction. Moreover, this
paper proposes a novel and oversimplified approach for energy disaggregation based on
the Power Signature Blob (PSB) introduced by Souza et al. 2019.
This paper differs from previous proposals by introducing the use of NILM for energy

efficiency assessment to detect appliances’ consumption deviations while providingmain-
tenance or proper usage recommendations for household consumers. The proposed
NILMEE engine was embedded on a smart meter prototype, indicating how such devices
would perform the microscopic analysis of household appliances, thus being much more
useful than merely for monthly energy measuring or on-off control.
The following sections briefly review the NILM approach, describe the evolution of the

PSB concept, show the EE assessment and performance analysis of the NILM purpose,
present the NILMEE validation, and depict the results of NILMEE applications in a case
study of a real household.

NILM background and PSB implementation
Figure 1 depicts a classic example of NILM. This scenario shows the total power
drawn versus time, in which different appliances are operating. In this perspective, each
appliance has a specific power signature.
In 1985, Hart (1985) conducted a pioneering study on load disaggregation defined as

Nonintrusive Appliance Load Monitoring (NALM) – NILM is a derivative term from
NALM. This approach was designed to react according to plug and unplug events; i.e.,
when the appliance is turned on or off. This behaviour enables the design of Finite State
Machines (FSM) to track appliance states based on active and reactive power variations
(Hart 1992). However, some types of appliances operate inmore than one state, and others
operate continuously between distinct states, making it difficult to model an FSM accu-
rately (Azaza and Wallin 2017). Recent research efforts have been focused on affordable
alternatives for FSM or artificial intelligence (Souza et al. 2019; Sadeghianpourhamami

Fig. 1 Example of the fundamental NILM concept
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et al. 2017; Esa et al. 2016;Wong et al. 2013; Abubakar et al. 2015; Le and Kim 2018; Alade-
sanmi and Folly 2015; Klemenjak 2018; Bao et al. 2018; Rottondi et al. 2019; Gopinath
et al. 2020).
As the NILM engine depends directly on electrical quantities, some research efforts

have given attention to the NILM hardware (Aboulian et al. 2019; Le and Kim 2018; Kle-
menjak 2018), usually called Smart Meter or Cognitive Meter (Garcia et al. 2017; Souza
et al. 2019; Makonin et al. 2013), or Energy Box (Donnal et al. 2016; Zhuang et al. 2018).
Bringing processing to the edge-device, embedded NILM solutions (such as the off-line
NILM) enable pre-processing of electrical quantities at the acquisition time (Hamid et al.
2017; Huchtkoetter and Reinhardt 2019). Thus, recent studies investigated the use of
Power Theories to develop distinct mechanisms to the load identification: CPT and its
application in Souza et al. 2018, 2019, and Fryze’s Power Theory and its application in
Teshome et al. 2016.
In order to accurately determine the appliances’ behaviour and load disaggregation,

the acquisition of voltage and current signals with standardised data resolution and the
sampling rate is necessary and this typically represents a key point for defining mini-
mum hardware requirements to attend the desired NILM performance. Thus, referring
to the sample rate, three classes of hardware can support NILM implementation (Esa
et al. 2016): macroscopic (Low-Frequency), microscopic (High-frequency), or frequency-
independent (event analysis, probability indexes, among others) (Esa et al. 2016; Rottondi
et al. 2019; Huchtkoetter and Reinhardt 2019; Bouhouras et al. 2017; Haq and Jacobsen
2018).
Considering the NILM as the critical process to boost energy efficiency actions, the

next section presents an improved and embedded version of the PSB – a NILM process
that relies on CPT features and in a supervised machine learning algorithm to identify
and disaggregate energy usage of appliances.

Power signature blob

The PSB consists of six stages as depicted in Fig. 2.

(a) and (b) Data acquisition and processing

This stage collects voltage and current samples and performs the power term calculation
based on CPT, as defined in Tenti et al. 2011.
To provide a more consistent power signature for the edge detection algorithm, a

voltage-independent normalised power model Pnorm(t) was used, as presented in Eq. 1.
The “normalised power” is used to adjust the P(t) by a constant scale, approximating this

Fig. 2 NILM procedure execution
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value to the one measured if the utility provides a constant grid nominal voltage Vs (Hart
1992).

Pnorm(t) =
(

Vs
V (t)

)β

P(t) (1)

(c) Power edge detection

Power edge detection plays an essential role in NILM event-based implementation (Hart
1992), as it defines the moment to obtain the features used for appliance classification. In
general, three appliances’ models need to be identified by the edge detection algorithm as
pointed out below:

I Binary: Appliances that only have two states: off or on, consuming constant power
such as an electric resistance oven.

II Finite State Machine: Appliances that have multiple distinct states mainly
characterised to be a composed appliance, such as a refrigerator with automatic
defrost.

III Continuously Variable: Appliances that during operation are controlled by electronic
devices that vary energy consumption, such as a split air conditioner.

Differently from the FSM used for event detection in Souza et al. 2019, this work uses
the windowing concept for the power signal segregation through a shifting set of samples
representing stationary and transient states, as presented in Fig. 3.
The RMS void current calculated from the CPT is used to identify the transient states.

By definition, the void current parcel presents a residual value resulting from the differ-
ence of the total current with the active and reactive parcels. Moreover, the void current
indicates the existence of non-linear or harmonic components in the load (Tenti et al.
2011). Thus, the void current becomes a potential event indicator for considering that a
transient state causes an instantaneous disturbance on the electric current.
First, the absolute difference of RMS void current greater than a threshold indicates a

transient point. The threshold value prevents false events caused by the intrinsic noises
of the acquisition system. The time interval between consecutive points where the RMS
void current difference is above the threshold defines the transient state region. Finally, if

Fig. 3 Proposed Edge Detection Algorithm
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Fig. 4 Edge detection example

the amplitude of the RMS active power in the transient state region is above the minimum
threshold for appliance detection, the transient should be processed as a valid ON/OFF
event.
In summary, the power edge detection stage results in a sequence of positive or negative

peaks, as depicted in Fig. 4. This step triggers the feature extraction stage for the appliance
recognition, as presented in stage (d).

(d) Features extraction

Feature extraction depends on the NILM approach: macroscopic or microscopic feature
extraction. In general, macroscopic NILMmonitors changes in the power signature, while
microscopic NILM uses waveform details to extract features for the load disaggregation
(Esa et al. 2016; Bouhouras et al. 2017; Haq and Jacobsen 2018).
In this work, the RMS values of active power, active, reactive, and void current compose

the set of features for appliance classification.
The feature extraction occurs for every transient and uses the data of the contiguous

steady states. Thus, the features correspond to the absolute difference between the mean
value of each attribute in these states.

(e) Appliance classification

The classification uses the features from (d) to track the appliance that generated the
event. Regardless of the algorithm, the primary idea of classification is the association of
the appliance and its state.
In this study, a supervised algorithm with previous knowledge of the loads identifies the

appliances using the four CPT effective attributes – active power, active, reactive and void
current – saved in a local database1.
By using CPT attributes in a four-dimensional space, each appliance creates a cluster

and the KNN associates the event’ attributes with the nearest cluster in this 4-dimensional
space.

(f) Appliance energy disaggregation

The total power draw represents the sum of the individual appliance power during its
operation. Considering that Pi is a vector that contains all the information of power that

1Available on: github.com/FernandoDelunoGarcia/nilmee-energyinformatics

https://github.com/FernandoDelunoGarcia/nilmee-energyinformatics
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the ith-appliance consumes and admitting that a small noise could corrupt the signal, then
the aggregated power at time t (Hart 1992) is generalised as presented in Eq. 2a.

P(t) =
n∑

i=1
((ai(t) × Pi(t)) + e(t)) (2a)

ai(t) = 1 if appliance i is on at t;
0 if appliance i is off at time t.

(2b)

Considering that the previous steps define the moment (Power Edge Detection) and
which appliance (Appliance Classification) generated the event, the average value of active
power and the appliance type can determine the consumption approximation. To do
this, it is necessary to form groups of events that correspond to the period of appliance
operation.
Considering every peak as a new event, this work proposes using a database to store

samples of active power during the period that the appliance is on. It means that every
appliance will produce a batch of samples (Blob (Souza et al. 2019)) that represent its
operation history.
To obtain a more approximated value of appliance energy consumption, the disaggrega-

tion algorithm extracts the mean value of each Blob associated with each class to evaluate
the average of active power during that period. Blobs that containmore than one activated
appliance use the historical value of each one as depicted in Fig. 5.

Assessment of energy efficiency - beyond NILM
A number of different regulations have been proposed worldwide, aiming at energy effi-
ciency practices to strike on electrical energy waste (WEC 2016). An example is the
development and application of labels that determine the energy efficiency of appliances
and manage the development of innovative products, complying with new specifications,
thus serving as a guide for consumers (WEC 2016).
Relying on the application of the load disaggregation method and handling the infor-

mation from the appliances EE label, the proposed NILMEE system can correlate this
information to the real consumption, in order to provide users with a proper energy effi-
ciency assessment. Thus, the NILMEE method is able to: calculate and compare real
measurements to those indices stated in the appliance EE labels; point to the appliance

Fig. 5 Disaggregation using a batch of samples associated with each classified appliance
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operating issues; propose ways of improving the appliance’s performance, among other
EE recommendations.
Therefore, in order to show how NILM can be merged to the EE labelling program, the

next section discusses some information from the most important program on energy
efficiency in Brazil, the National Electricity Conservation Program (PROCEL) (Eletrobras
2019).

Energy efficiency of household appliances

PROCEL is based on the Brazilian Labelling Program (PBE), which aims to provide
information on the performance of products and appliances, mainly concerning energy
efficiency (Eletrobras 2016). PBE labels provide a classification that can go from letter A
for the most efficient equipment to letter E for the least efficient ones (Eletrobras 2016),
as depicted in Fig. 6.
Taking into account the PBE and PROCEL, the following sections describe important

aspects and formulations used for proposing the NILMEE approach and useful for pro-
viding further recommendations to consumers focusing on two high energy demanding
household appliances: refrigerators and microwaves.

Refrigerator

Refrigerators are among themain targets for labelling programs in the world (WEC 2016).
In this study, top-freezer refrigerators are nominated as regular refrigerators, and they
consist of resistive and inductive elements from the equivalent circuit point of view. There
are basically two operating conditions: the automatic freezer defrost stage that can be

Fig. 6 Example of a PBE label
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represented by a resistive element; and the refrigeration stage that can be represented by
a resistive-inductive device (compressor).
The efficiency index of refrigerators represents the ratio between energy usage mea-

sured in the laboratory (C) and regular energy usage (Cp) (INMETRO 2006).
In Brazil, the Cp was established by statistical analysis taking into account the universe

of products labelled in 2001 (INMETRO 2006). PROCEL performed the labelling of these
appliances, and the tests are carried out according to ISO 7371, 8187, 5155 and 8561
(CLASP 2003). Moreover, the maximum levels of consumption (C/Cp) for refrigerators
and freezers were defined by the Interministerial Ordinance 326 of 2011 (MCT/MME
2011).
Thus, having the disaggregated power of the refrigerator, the energy efficiency indexes

can be evaluated. Moreover, the record of the refrigerator activity log enables appliance
diagnosis such as the duration of the refrigeration cycles.
Taking this information from the proposed NILM engine, several procedures can be

created to notify the consumer about the days when energy consumption was higher than
the average, as well as to provide suggestions for reducing the energy consumption.
Thus, a supervisory system may notify consumers about appliances’ unusual operation

or consumption, sending alerts or suggestions such as:

• Thermostat adjustment may be required (e.g., according to the season of the year or
stored food);

• Possible issue with door rubber sealing - evaluation required;
• Avoid opening the door unnecessarily or for a long period of time;
• Avoid hot food in the refrigerator;
• Appliance consumption differs from original EE label.

Microwave

Microwaves are home appliances with a maximum power that is normally higher than
1000W. According to PROCEL, the useful power (Pu) of a microwave is determined in
laboratory experiments (INMETRO 2012) and the Eq. 3 shows the calculation of the
energy efficiency.

n = 100 × Pu
(
ttotal − taq

)
Win

(3)

where:

n : energy efficiency, expressed as a percentage;

Fig. 7 Metering Infrastructure of the Experimental Setup for the NILMEE validation
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Fig. 8 The proposed hardware architecture for the cognitive meter

Pu : microwave output (useful) power in Watts;
ttotal : total test time, in seconds;
taq : magnetron warm-up time, in seconds;
Win : energy consumption during power output test, in Wh (Watt hour).

Considering the disaggregated power of the microwave, magnetron warm-up time can
be evaluated and then the energy efficiency index can be calculated. Besides, register-
ing microwave activity enables us to diagnose the appliance such as the average of active
power and time usage.
Thus, the supervisory system may notify consumers about appliances’ unusual opera-

tion or consumption, sending alerts or suggestions like:

• To obtain maximum performance and prevent overheating, do not obstruct the air
outlet of the microwave;

• Always keep the internal surface of the oven clean for more efficient cooking.
• Take frozen food out of the freezer before use to avoid using a microwave to defrost

the product;
• Appliance consumption differs from original EE label.

The following section outlines the steps towards load disaggregation and energy effi-
ciency analysis for the equipment of interest, resulting in the implementation of NILMEE.

Fig. 9 Refrigerator operation during the interval of 24 hours
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Fig. 10 Daily energy consumption of the refrigerator in one month

Experimental setup
A metering infrastructure presented in Fig. 7 was created to validate the proposed
method. A cognitive meter was placed at the PCC for the overall load monitoring and
smart plugs were used for connecting each load of interest, in order to be used as
ground truth, i.e., as a real parameter for evaluating the algorithm performance. Note that
NILMEE is implemented in the cognitive meter and this infrastructure was built to cre-
ate a measurement dataset used in the NILMTK (Batra et al. 2014) – a framework used
to analyse and validate the NILMEE.

Acquisition of the measurement data

The cognitive meter architecture is depicted in Fig. 8. The processing unit was based on a
“BeagleBone Black (BBB) rev. C”, which contains the application processor AM335x 1GHz
ARM�Cortex-A8, with 512MB DDR3 RAM and 4GB 8-bit eMMC flash memories. In
addition, the processor contains two programmable real-time units (PRU).
PRU is a 32-bit microcontroller that was used for data acquisition, because it shares a

memory region with the application processor. This configuration enables the NILMEE
algorithm to run on the main core, while the PRUs control the data acquisition from
analog front-end (AFE), which is composed of a delta-sigma ADC (ADS131E08S) with
simultaneous sampling of 8-channels with 24-bit resolution at 15,360 Hz.

Fig. 11 Correlation between energy consumption and temperature per day
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Table 1 The description of the refrigerators used in the experimental results

Refrigerator Type Capacity Purchasing date

R1 Double Door Fresh Food: 329 litres September 2017

Frost Free Refrigerator Freezer: 100 litres

R2 Double Door Fresh Food: 317 litres July 2008

Frost Free Refrigerator Freezer: 86 litres

R3 Double Door Fresh Food: 346 litres September 2012

Frost Free Refrigerator Freezer: 113 litres

R4 Frost Free Refrigerator Fresh Food: 236 litres December 2018

Freezer: 25 litres

The cognitive meter software was configured to perform the signal acquisition of the
current and voltage, generating the RMS voltage and current, active and apparent power,
and the CPT current components: active, reactive, and void.
Moreover, two smart plugs are used on the plug of each load of interest to provide the

ground truth and a personal computer was used as the central node of a wireless sensor
network as well as a data concentrator. The cognitive meter sends the measurement data
at a 40 Hz rate, while the smart plugs installed on loads of interest provide data at each
second. This procedure is performed only to prepare the training data used in NILTMK,
having comparative parameters for the proposed NILM performance.

Data analysis with NILMTK

The dataset preparation to integrate with NILMTK consists of the simple data aggrega-
tion of each energy meter. The data from the cognitive meter and the smart plugs are
merged in anHDF5 (Hierarchical Data Format) file structure supported by NILMTK. The
following steps for data analysis are performed with the available dataset:

1 The cognitive meter data is processed to identify stationary and transient states, as
described in “(a) and (b) Data acquisition and processing” section

2 The transients’ timestamps are stored for further analysis
3 The stationary states are created between every pair of transient states using the

timestamp as a reference
4 The measurements average values are calculated for the stationary states
5 For each transient state, the difference of the measurements average values

considering adjacent stationary states is calculated, forming the set of features for
the appliance classification stage

6 The individual ground truth measurements are used to associate the appliance
label on the transients detected by the main meter

7 The classifier uses labelled events for next appliance classifications

Table 2 Comparison between the nominated and measured energy efficiency indexes of the
refrigerators used in the experimental results

R1 R2 R3 R4 R4(seal failure)

Labelled EE 0.779 0.772 0.746 0.853 0.853

Evaluated EE 0.754 0.645 0.812 0.802 1.203

Labelled kWh/month 53 56 58 24.3 24.3

Evaluated kWh/month 51.3 46,8 63.15 22.87 34.27
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Table 3Microwave description

Microwave Capacity Purchasing date

MW1 30 litres August 2013

MW2 30 litres June 2017

MW3 28 litres January 2008

MW4 27 litres March 2011

8 The disaggregation procedure comprises the identification of the “on and off”
appliance events. The association of these events composes the disaggregation
block used for appliance operation analysis.

In order to demonstrate the capability of the proposed approach for load disaggregation,
as well as the appliances diagnosis and energy efficiency evaluation, the next sections
present the experimental results of the NILMEE performance and two EE case studies
with different appliances.

Experimental results
Following the experimental procedure based on NILMTK, this section describes the
procedure for estimating the EE indexes for two loads of major interest: refrigerators
and microwaves. The results of the proposed methodology applied on real data is also
presented and discussed in terms of energy efficiency evaluation.
Initially, an exploratory analysis of data collected by the cognitive meter was performed

to identify the appliances of interests, considering the operation of a single equipment at
a time. Later, the NILMEE was validated on a real household scenario.

Energy efficiency assessment on individual appliances

Refrigerators

The refrigerator has a FSM power signature with three possible states. The defrost system
(typically a resistive load) is activated in twomoments over the 24 h, as illustrated in Fig. 9.
The refrigeration cycles are equivalent to the compressor’s operation, and their duration
may vary for the effort required to control the internal temperature. The defrosting events
occurred with an interval of about 12 hours in the performed experiments. It was also

Fig. 12 Microwave power behaviour during operation
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Table 4 Energy efficiency indexes found for the four microwaves evaluated in the experiments

MW1 MW2 MW3 MW4

taq (s) 1.58 1.58 2.53 2.44

EE from label (%) 56.2 60 - -

EE from evaluation (%) 55.9 59.75 57.64 53.97

Pmax from label (W) 1,350 1,350 1,400 1450

Pmax from evaluation (W) 1,300 1,335 1,302 1,395

observed that duration of the refrigeration process is longer than the daily average after
the defrost periods.
There are some variables that may also influence refrigerator consumption depicted in

Fig. 10, such as the number of times that the refrigerator door was opened, if hot food was
inserted into the refrigerator, among others.
Comparing the maximum and minimum temperatures of each day, it was observed

that the external temperature may contribute to an increase in energy consumption, as
indicated in Fig. 11.
Given the refrigerator EE index and Fig. 10 as the basis for the refrigerator’s daily energy

consumption, the monthly test revealed that the average consumption is within the range
specified by PROCEL and the manufacturer.
Moreover, it was observed that the number of refrigeration cycles is higher than the

average on the days when the refrigerator had the highest consumption records. This
increase in cycles has a correlation with temperature, as indicated in the Fig. 11 and with
the number of occasions in which the door was opened, causing the loss of the internal
cooling temperature.
Four refrigerators are used to enhance the EE assessment with a description of each

one presented in Table 1. The EE index and the monthly consumption values reported
in the PBE label of each refrigerator were used as parameters to compare them with the
collected measurements, as presented in Table 2.
According to the results presented in Table 2, R1, R2, and R4 presented EE and con-

sumption values under the limit established in the PBE label. R3 presented a value over
the limit, indicating an EE issue. A probable reason for this issue is the refrigerator’s life-
time, which is over six years without maintenance, and the operation in the position of
the highest consumption also needs to be considered. Another EE issue is detected on the

Fig. 13 Example of the disaggregation performed by the NILMEE
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Table 5 Results achieved by the state detector to recognise the refrigerator and microwave

TPR FPR F1-score Accuracy

Refrigerator 0.969 0.969 0.969 0.982

Microwave 0.896 0.884 0.890 0.999

Micro-measure 0.991 0.991 0.991
–

Macro-measure 0.963 0.960 0.962

R4 (door with seal failure) case, leading to the increase of more than 50% of the R4 power
consumption.

Microwaves

Four microwaves were rated for this practical test. The description of each one is
presented in Table 3.
The microwaves have two operation stages as depicted in Fig. 12. The first is the mag-

netron warm-up stage
(
taq

)
, which can last up to two seconds; and the second is the

microwave operation at full power according to the time set.
Several tests were carried out to evaluate the warm-up time. The results are based on

devices operating during 30 s. The EE index and the maximum power values reported
in the PBE label of each refrigerator were used as parameters to compare them with the
collected measurements, as presented in Table 4. The EE indexes of MW1 and MW2 are
in compliance and close to the limits indicated on the PBE label, and they do not present
EE issues. MW3 and MW4 do not have the EE certification label, although MW4 has
a low EE index compared with other models and replacement recommendations can be
suggested to the consumer.

Load disaggregation validation

A database with two days was used for training to validate the experimental procedure,
and the testing was performed in another dataset of four days with unseen data. The
classifier was evaluated regarding the accuracy to determine when the loads of interest
are turned on or off. The aim was to detect the loads of interest according to Fig. 13 and
to evaluate the load disaggregation performance.

Classification performance

The classifier was evaluated using the true positive rate (TPR), false positive rate (FPR),
F1-score and Accuracy obtained from the confusion matrix data. These terms are com-
monly used as performance indicators that use the values of true positives (TP), true
negatives (TN), false negatives (FN), and false positives (FP). TP means that instances
with a “positive” class are correctly classified as positive. FP means that instances with
the “positive” class are incorrectly classified as positive, and should be in the negative
class. TN means that some instances with the “negative” class are correctly classified as
negative. FN means that some instances with the “negative” class should be classified as
positive.

Table 6 Root mean square error of disaggregated data

Appliance RMSE

Refrigerator 49.37

Microwave 41.04
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Fig. 14 Microwave operation detection performed by the NILMEE

TPR or recall is the ratio of correctly predicted positive observations for all observations
in the actual class. The recall is calculated according to Eq. (4).

TPR = TP
TP + FN

(4)

FPR usually refers to the expectancy of the false positive ratio over all observations.
Moreover, FPR is defined as the probability of falsely rejecting the null hypothesis. The
FPR formula is depicted in Eq. (5).

FPR = FP
FP + TN

(5)

The Accuracy is the ratio of correct predictions by total predictions as depicted in
Eq. (6).

Accuracy = TP + TN
TP + TN + FP + FN

(6)

The F1-score takes false positives and false negatives into account. Intuitively it is not as
easy to understand as accuracy, but the F1-score is usually more useful than the accuracy,
especially if it has an uneven class distribution. The F-score is calculated according to
Eq. (7).

F1score = 2 × TP
2 × TP + FP + FN

(7)

Table 5 presents the performance metrics2 of the experimental result for loads of inter-
est in this work, where values close to 1 are equivalent to the near-perfect prediction
performed through the method. Besides the metrics of each load, Table 5 also shows
the macro and micro measures. A macro-measure computes the metric independently
for each class and then takes the average, and a micro-measure computes the metric
considering the number of samples in each class.

Disagreggation accuracy

The disaggregation accuracy was calculated for each load using the root mean square
error (RMSE) between the estimated power (y) and the ground truth (ŷ) of appliance n for
each period t.

2These metrics were calculated using NILMTK and the scikit-learn (Pedregosa et al. 2011) library. For an indication on
or off state at a given time, both disaggregated and the ground truth data were converted to binary values using a
threshold of 50 W.
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Table 7Warm-up time of the microwave used in the EE evaluation

taq (s)

min 1.375

max 1.625

avg 1.571

error(n) =
√

1
T

∑
t

(
y(n)
(t) − ŷ(n)

(t)

)2
(8)

While the performance metrics assess the correct load event identification, the RMSE
indicates the consumption integration error comparing the real consumption of the
equipment with the one estimated by the NILM method. The results for the two loads of
interest are presented in Table 6. The low RMSE and the F1-score achieved ensures the
usage of the proposed system to monitoring appliances of interest.

Energy efficiency assessment on a real household

This section presents the NILMEE versatility in a real residential scenario, where several
appliances are turned on and off over time. The analysis of the results focusing on the
microwave and refrigerator are given in the next sections.

Microwave analysis

The microwave EE evaluation was carried out considering the average power value, the
warming-up time, and the operating time determined by the NILMEE. Figure 14 depicts
two moments when the microwave is turned on.
The warm-up time was determined according to the transient state period until the

appliance’s power stabilisation. The total operation time was calculated between the tran-
sient stages, when the load is turned on and off. Table 7 shows the warm-up average time
of the microwave and Table 8 presents the microwave EE index computed following the
Eq. 3.
This analysis shows the success of NILMEE in identifying microwave consumption

events and in computing the EE indexes. Information calculated by NILMEE indicates
that the household microwave is in accordance with the values indicated on the PBE label.

Refrigerator analysis

Two tests were considered to evaluate the refrigerator EE. The first one was designed
to check the average daily consumption over four days. Table 9 shows the achieved EE
indexes for the first test.
In the second test case, the refrigerator is considered in a regular operation and after a

door seal failure simulation. The simulation was carried out in approximately 4 hours, and
the monitoring results point out the cooling cycle period increase. In a regular operation,
the average time of the refrigeration cycle was approximately 246 seconds. If the door

Table 8 Energy efficiency index of the microwave used in the evaluation

Label Test

EE 60% 60.4%

Power 1350W 1340W
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Table 9 Energy efficiency index of the refrigerator used in the evaluation

Label Test

EE 0.772 0.645

kWh/month 56 46,82

seal was violated, this average increased to 414 seconds. Figure 15 shows the increased
operating time of a door seal failure situation.
In this test, the daily consumption was increased by 0.24 kWh. Considering that this

difference in consumption presented in 4 hours remains linear for the whole day, the daily
energy consumption would be greater than that indicated on the refrigerator’s energy
efficiency label.
Moreover, NILMEE achieved good results in identifying refrigerator events and has

been also able to point to operational issues, such as a non-sealed door, based on the
comparison of estimated EE indexes and those from PBE labelling program.
Considering the existence of a supervisory system based on NILMEE and embedded on

the energy meter, this would boost the interaction with the consumer, pointing out the
most appropriate strategies for EE in the home, according to the appliances of interest.
Considering the EE issues identified in Tables 2 and 9, NILMEE would return the appli-
ance’s EE condition, and the supervisory system would present recommendations, e.g.,
in order to improve the refrigerator’s energy efficiency, such as: checking the door seal;
avoid placing the refrigerator in sunny places; checking the thermostat regulator position;
or consider changing long lifetime appliances. For the case of low EE shown in Table 4,
the appliance replacement would be recommended by the supervisory system.

Conclusions
This paper presented a novel NILM-based approach focusing on the assessment of EE
in household appliances. Using the so-called NILMEE method, adequate information
can be provided to assess the EE, pointing out appliance operational issues or labelling
mismatches, and recommending best practices for energy use or maintenance related to
individual devices.
The proposed NILMEE technique was based on the PSB method, adopting a micro-

scopic approach for load classification with power features calculated by the CPT. The

Fig. 15 Refrigerator operation detection performed by the NILMEE
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robustness of the applied hardware architecture provides the execution of NILM tech-
niques in embedded systems. Moreover, the PSB event detection step was improved by
tracking the CPT void current during transients.
Considering a national labelling program, practical results were presented for energy

efficiency assessment of two typical household appliances, expanding the possibilities and
literature on NILM applications.
As future work, further appliances with PROCEL PBE label will be analysed, such as air

conditioners, electric ovens, washing machines, dryers, etc.
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