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ABSTRACT

The implementation of non-intrusive load monitoring has gained significant attention as a
promising solution for disaggregating and identifying individual appliances' energy
consumption within households and commercial buildings. The issue at the core of
non-intrusive load monitoring is the accurate separation of the aggregated energy consumption
signal into the energy contributions of distinct appliances without requiring additional sensors
or invasive measurements. The erroneous implementation of non-intrusive load monitoring
model leads to poor results and a waste of time where the criteria for the implementation are
necessary. This paper presents an overview of non-intrusive load monitoring's implementation,
addressing the stages of non-intrusive load monitoring and advancements in the field. The
overview explores the various techniques, methodologies, and algorithms employed in
non-intrusive load monitoring systems to achieve load identification and energy disaggregation.
By addressing the problem statement and reviewing the state of the art, this paper sets the stage
for understanding the significance of non-intrusive load monitoring in commercial buildings
and modern energy-efficient households. Moreover, the limitations, applications, and
recommended criteria for the implementation of non-intrusive load monitoring are highlighted
as a contribution to the field of load disaggregation. Future research should address scalability,
privacy concerns, and the integration of non-intrusive load monitoring with smart grids to
propel energy disaggregation towards more efficient, accessible, and sustainable energy
management systems. We envision that this endeavour can serve as a guiding beacon, offering a
roadmap for researchers and professionals.
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INTRODUCTION

The global electricity system is growing with more sustainable renewable options developing
as the market segment continues to grow. Industry, transport, and residential and commercial
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buildings account for 25.97% of the overall energy consumed in Malaysia, comparable to
statistics from the Organization of Economic Co-operation and Development countries [1]. In
comparison, household consumers account for more than 39% of energy demand in some
countries, and consumer electronics may affect the efficiency of the overall energy [2]. Power
usage in building operations accounts for roughly 55% of total worldwide electricity
consumption, as seen in Figure 1. This highlights the need of developing a plan to
aggressively decrease energy demand in the built environment, as well as adopting materials
solutions that minimize lifetime carbon emissions, which, when combined, will reduce both
energy demand and emissions in the built environment [3].
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Figure 1. The global consumption in several buildings: (a) The global proportion of final energy and
emissions from buildings and construction, 2019; (b) Changes in worldwide drivers of trends in
building energy and emissions from 2010 to 2019 [3]—[5]

The answer to this wastage is energy efficiency (EE). EE policies have the potential to
provide substantial benefits to both suppliers and consumers, as well as to society, the
environment, and the economy as a whole. Concern to improve EE thus led to the development
of numerous innovative technologies, such as energy management linked to the control of peak
energy demand, better utilization of household appliances, and the creation of more efficient
home equipment [6]. Thus, demand response (DR) is regarded as a cost-effective strategy for
demand reduction and auxiliary services as compared to traditional and expensive strategies to
increase generating capacity or network expansion [7].

In general, load monitoring (LM) refers to the process of recognizing and getting the load
measurement in a power distribution system. The energy consumption and the state of the
various loads in the system will be determined by these load readings [8]. Two approaches can
be identified for the real-time monitoring of electric energy consumption. The first is referred
to as Intrusive Load Monitoring (ILM), while the second is referred to as Non-Intrusive Load
Monitoring (NILM) [9].

A quarter-century ago, Hart introduced the first algorithm for disaggregating household
energy use and energy efficiency improvement techniques, launching the area of NILM into
existence [10]. However, because most of the research published before 2011 was conducted
using either lab-based or simulated data, hence the efficiency of disaggregation algorithms in
the real-world application was unknown [11]. Thus, the use of NILM in residential and
manufacturing building energy monitoring remains a significant challenge due to the high level
of complexity and limited computational capacity of the technology [12]. As a result, the
majority of NILM research has concentrated on residential domains, whereas NILM for larger
load centres such as substations has received less attention. Larger load centres are complex
systems with unique problems like heterogeneity and highly varied load compositions, and
several approaches evolved for residential have limited uses in this environment [13].

Within load monitoring strategies, the NILM approach has been relevant due to its
cost-effectiveness and ease of installation and replacement. NILM measures the power service
entrance of an electrical circuit via a smart meter to disaggregate equipment-level data [14],



[15]. NILM has drawn wide interest with the invention of new equipment and software to
reduce cost and increase accuracy. Recently developed methods concentrated on the suitable
application of artificial intelligence for home and industrial energy system solutions, demand
control, and identification of appliances [16]. NILM involves processes such as data
collection, feature extraction, event detection, and load identification.

NILM can be used to deduce the running events of single appliances based upon a smart
meter or power meter from the electrical measurement data. The problem of disaggregation is
formulated mathematically. Assume the energy consumption aggregation sequence P =
{P1, P,, ... Py} of N active appliance at t = {1,2,...T}. The role of the NILM algorithm is to
deduce the power performance p} of device i € {1,2,...N} at time t [17]:,

N
P, = Z(aipé) +a(t) (1
i=1

where a; is a boolean variable that symbolizes the status operation of appliance i, since o (t)
symbolizes the noise of measurement and any unenumerated contribution of appliances.

The main contributions of this article are to provide an overview of NILM's
implementation, addressing the stages of NILM and advancements in the field. The overview
explores the various techniques, methodologies, and algorithms employed in NILM systems to
achieve load identification and energy disaggregation. Moreover, the limitations, applications,
and recommended criteria for the implementation of NILM are highlighted as a contribution to
the field of load disaggregation. The outline of this review is organized as follows: the purpose
and benefits of load monitoring are discussed in section 2; section 3 discusses different types of
loads. Section 4 presents the types of buildings and the type of loads used for the buildings.
Section 5 reviews performance evaluation. Section 6 reviews and discusses the framework of
NILM. The potential applications of NILM are demonstrated in section 7 while Section 8
proposes the recommended implementation of the NILM system. Section 9 features the
limitations of NILM and finally Section 10 consists of the concluding remarks.

LOAD MONITORING, PURPOSE, AND BENEFITS

Researchers have categorized LM into two techniques, namely ILM and NILM. The
difference between ILM and NILM is depicted in Figure 2. With the former referring to
distributed sensing (i.e., monitoring each appliance) and the latter referring to single-point
sensing (i.e., monitoring at a single point, commonly at the incoming point).

ILM also known as component-based load monitoring, is a technique that works by
monitoring and collecting energy usage data from each appliance or device individually. The
installation of separate load monitoring equipment is thus required by ILM [14]. The ILM
approach, when compared to the NILM method, is more precise in monitoring
appliance-specific energy usage. The drawbacks include significant costs, numerous sensor
setups, and installation difficulty, which favours the usage of NILM, especially for large-scale
installations [8].

NILM technology utilizes disaggregation algorithms instead of sensor networks by
installing an outdoor smart meter, which is simpler, cheaper, and more reliable [18]. The
feature extraction stage is concerned with extracting relevant features from energy
consumption signals to aid in representing appliances from the same group with similar
signatures while distinguishing between power signals from various categories of appliances.
Features are characteristics of the signal that are unique for each load. For example, features for
power consumption signal from one load is significantly different from features for power
consumption signal from another load that is connected to the same source. Since they are
unique, features can be used to distinguish between these two loads. On the other hand, the load
identification stage is primarily used to train classifiers that will be used to detect appliances
and extract appliance-level power signatures [19]. In comparison to intrusive monitoring



systems, the NILM system is superior since it does not measure energy measure energy usage
from each appliance. This eliminates the need to install any additional instruments, thereby the
overall cost of sensors and installations is lower. Appliances may be monitored in real-time for
energy usage, which can be utilized to plan for a more efficient operation of the load [20].
Furthermore, the possible applications of residential load monitoring NILM-based on four
major categories include energy use feedback, DR, load forecasting, and home automation
[21]. However, the majority of applications prioritises residential buildings more than
commercial buildings which will be justified in section 4.
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Figure 2. The difference between the NILM system and ILM system

TYPES OF LOADS

Appliances have varying operational modes and power consumption patterns. There are
four categories of appliances, each with a distinct operational state, that are often used to depict
and characterize appliances in a scientific study. As may be seen in Figure 3, several appliance
states are depicted graphically as having on/off state, multi-state, infinite-state, and
permanent-state.
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Figure 3. Types of appliances

Type I appliances are those that can either be turned on/off (two-state). This category
contains ordinary domestic equipment such as a light bulb or toaster. Generally, resistive loads
such as those found in appliances require just a single specified quantity of power when active.
On/off appliances are purely resistive in their operations. Loads having a tiny reactive portion
are expected to be linear in operation. The concept that electric power is additive is a



well-known fact. When describing a collection of two-state appliances, this characteristic is
taken advantage of in the NILM model [22].

A type II appliance is a multi-state appliance having a limited number of working states
known as a Finite State Machine (FSM). Consumer loads that fall within this category include
washing machines, stove burners, refrigerators, induction motors, and other similar items. In
addition, the switching pattern of these appliances is repetitive, which makes it easier for the
disaggregation algorithm to determine the appliances' mode of operation [23].

Type II appliances are those that operate in an infinite state of recurrence. To illustrate, the
power consumption of light-dimmers fluctuates constantly rather than in a predictable step
shift over time. Consequently, the NILM algorithms have a difficult time disaggregating this
sort of device from the aggregated load data that are collected. The dimmer lights, power drill,
and chiller are examples of Type III appliances [22], [23].

In the Type IV category are the appliances that run continuously 24 hours a day. Cable
television (TV) receivers, alarm systems, and portable power supplies are all examples of Type
IV devices. So, the NILM system must be capable of discriminating between the events of
various types of appliances whether they are run concurrently or separately at various time
intervals. The extraction of features from the raw signals recorded during the transient and
steady-state operation of the appliances would aid in the precise detection of the occurrences
[24]. Some writers classify appliances such as refrigerators and TVs as continuous appliances,
however these devices have a variety of operating states and belong to the multi-state category
of loads [14].

COMMERCIAL AND RESIDENTIAL BUILDINGS

Reduced energy use in residential and commercial buildings is a crucial step toward greater
energy efficiency [25]. Because of the increasing use of switching power supply, NILM
analysis in both residential and commercial buildings is complicated by the interaction
between devices and measurement systems [26]. The applications of both buildings are
divided into two sections namely offline and online (real-time) applications. Offline
applications look at the complete dataset at once and back in time to determine when the
change happened. Online applications operate continuously with the process being monitored,
analysing each data point as it becomes available with the objective of identifying a change
point as soon as possible after it happens, preferably before the next data point arrives [27].

Commercial buildings have a greater potential for developing high-quality power
predictions than homes since they have more recurring demands due to the split between
working and non-working hours that they operate under. Furthermore, commercial buildings
use more electricity than residential homes, as well as a single business building may have a
significant impact on the overall stability of the energy system [28]. Commercial buildings are
complicated, and NILM alone will not be adequate to accurately disaggregate energy
consumption. More studies in real commercial buildings will be required to determine the best
cost-effective combination of NILM systems and auxiliary technologies [26]. Types of loads
in commercial buildings are water pumps, office equipment, heaters, ventilation, and air
conditioning (HVAC). The number and complexity of loads, the difficulty in understanding
small variations in power consumption, and the failure to find constantly working loads are
three important characteristics that make NILM systematically challenging in commercial
buildings. In addition, simultaneous operation causes overlapping loads, which complicates
disaggregation. Because of this, residential building specific NILM algorithms generally
underperform when implemented in commercial buildings. Hence, reliable disaggregation
algorithms specific to commercial buildings have yet to be implemented [29].

Most of the present NILM research has been on residential buildings employing
low-frequency power data acquired from smart meters [25]. All appliances of the household
can be used in residential buildings such as electronic devices, heaters, fans, and refrigerators.



However, due to the lack of research on commercial buildings, researchers tend to focus more
on residential buildings. There is now a lot of focus on disaggregation methods and datasets for
residential buildings in NILM studies. The methods of NILM may be effective due to the
number of loads, load similarity and less complexity. Hence, NILM system approaches for
residential buildings can be considered to be similar to the concept of the NILM framework and
not be applied to commercial buildings which may lead to inaccurate results.

PERFORMANCE EVALUATION

Generally, the effectiveness of non-intrusive load monitoring techniques may be assessed
by using public datasets and by calculating various metrics to measure the performances on a
specific dataset. Before implementation, researchers would try to simulate based on the public
datasets and assess them by using the performance metrics to ensure the analysed model is
effective in real-time.

Public datasets

A collection of reference data is important for a systematic comparison of the NILM
technique's performance. It may consume time and costly to obtain and identify patterns
generated by the different loads. These datasets are designed to quantify subjective house
demand by low and high-frequency non-intrusive single data point metrics. Datasets can be
classified as event or non-event datasets [30]. Many datasets have been used to test NILM
algorithms more than 40 public datasets were published and each one has different parameters
and specifications. Furthermore, there is no general agreement on how the dataset should be
made accessible to the public. This leads to substantial structural variations between the
datasets that are accessible to the public. Public NILM datasets often include energy data from
diverse households across different regions, climates, and demographics. Regional traits like
appliance usage, energy habits, and appliance prevalence vary. These variations impact NILM
algorithm performance across regions due to cultural differences, climate conditions, and
energy pricing structures, or the availability of certain appliances in a specific region. Thus, it's
vital for researchers to account for regional nuances, either by creating adaptable models or
using diverse datasets to enhance generalized and robust NILM solutions. The relevance of
datasets to regions depends on factors such as the location, energy consumption patterns,
appliance types, and electrical systems prevalent in that area. Researchers and practitioners in
NILM need to carefully select datasets that align with the specific characteristics of the region
they are targeting. While some aspects of NILM research are transferable, datasets tailored to a
particular region enhance the accuracy and applicability of NILM algorithms, leading to more
effective energy monitoring and optimization solutions. DSCleaner is a Python module for
cleaning, pre-processing, and converting time series datasets to a standard file format, which is
described in detail in this [31]. Hafiz ef al. [32] also presented a comprehensive review of 42
NILM datasets.

Real datasets which include high sampling rate (kHz) and low sampling rate (Hz) as well
synthetic datasets can be used. The purpose of using datasets is because it can be consumed
either for residential buildings or commercial buildings. The provided appliances in the
households' datasets are a TV, washing machine, washing dryer, fridge, lights, dishwasher,
duct heater, dryer, microwave, oven, cooker, kettle, printer, digital video disc player, kitchen
outlets, coffee maker, stove, freezer, iron, vacuum cleaner, and more appliances can be found
in the datasets. Whereas the loads in the datasets of commercial buildings are HVAC units,
lights, monitors, laptops, chillers, lifts, water pumps, sewer pumps, personal computers, and
imaging devices.

Low-frequency datasets. Low-frequency datasets are more available to the public due to the
lower cost and easier installation. The sampling rate and features vary from one dataset to




another where the sampling rate in the datasets is between 0.2 Hz and 15 Hz. Smart [33],
Indian ambient water and electricity sensing (1IAWE) [34], REFIT [35], GREEND [36], office
plug load dataset (OPLD) [37], rainforest automation energy (RAE) [38], electricity
consumption and occupancy (ECO) [39], and Dataport [40] datasets measured the electrical
consumption at resolution of 1 Hz. Whereas, Tracebase [41] and appliance consumption
signature database (ACS-F1) [42] datasets recorded the consumption of the appliance at a
sampling rate of 10 seconds as well commercial building energy dataset (COMBED) [43]
dataset collected data at 20 seconds. There are datasets having resolution of 1 minutes such as
almanac of minutely power dataset (AMPDs2) [44], Chulalongkorn university building energy
management system (CU-BEMS) [45], Indian buildings energy consumption dataset
(I-BLEND) [46], electrical-end-use dataset (EEUD) [47], and Dutch residential energy dataset
(DRED) [48]. In addition, ENERTALK [49] was recorded at a sampling rate of 15 Hz.

High-frequency datasets. Researchers tend to use a high sampling rate to study the patterns
of loads and several features require a high frequency to extract them. High-frequency datasets
are less available due to the high cost of installation. One of the datasets that is used by the
public is reference energy disaggregation dataset (REDD) [S0] which captured the signals of
loads at 15 kHz as well can be used for a low rate at 1 Hz. Building-level fully labelled dataset
for electricity disaggregation (BLUED) [51] contains the measurement recordings at 12 kHz.
United Kingdom domestic appliance-level electricity dataset (UK-DALE) [52] and controlled
on/off loads library (COOLL) dataset | 53] measured the electricity consumption at 16 kHz and
100 kHz, respectively. Whereas, worldwide household and industry transient energy dataset
(WHITED) [54] recorded the signatures of the total consumption at 44.1 kHz. Building level
office environment dataset (BLOND) [55] collected the measurements in two categories,
namely BLOND-50 had resolution at 50 kHz and BLOND-250 measured the electricity
consumption at 250 kHz. HELDI1 [56], LIT [57], and plug-level appliance identification
dataset (PLAID) [58] also used a high sampling rate to record the energy usage at 4 kHz, 15
kHz, and 30 kHz respectively.

Synthetic datasets. Running campaigns for actual datasets is a costly and time-consuming
operation that requires a large amount of sensor infrastructure, money, and effort. Furthermore,
training the network for recognising the appliances and running state-of-the-art algorithms of
energy disaggregation and load identification is not possible without having precise
consumption data. To address this problem, synthetic datasets are utilized to achieve cost
savings and performance parity [32]. 5 synthetic datasets are published to the public including
SmartSim [59], AMBAL [60], SHED [61], SynD [62], and NILM-Synth [63].

SmartSim [59] measured the appliances for one household at 1 Hz. Furthermore, SmartSim
is integrated with NILM-TK, a publicly accessible NILM toolkit, and its synthetically
produced traces are compared to traces from a real house to demonstrate that they give
comparable quantitative and qualitative findings for representative energy analytics.

Automated model builder for appliance loads (AMBAL) [60] dataset contains a signal at a
resolution of 1 Hz. AMBAL enables the generation of models using real-world device power
consumption data acquired through smart plugs. Models are modelled as sequences of
parametrized signatures, and complexity is kept low while achieving the required precision.
Furthermore, a synthetic appliance trace generator is described, which allows for the
recombination of appliance models to mimic user actions in houses of varying complexity.
Simulated high-frequency energy disaggregation (SHED) dataset [61] consists of 8 buildings.
SHED dataset covers the overall current consumption as well as specific consumption
according to various categories for each building. Individual consumptions for buildings 1-6
are comprised of low-frequency power measurements, whereas those for buildings 7-8 are
comprised of high-frequency current data. Every 30 seconds, one current waveform is




captured, and 200 points are sampled for each current waveform. Power data are also taken at a
frequency of 1/30 Hz.

Synthetic energy dataset (SynD) [62] provides a simulated home that is used for a total of
21 appliances for 180 days. Measurements are taken from the aggregate and the submeters at a
rate of 5 Hz. NILM-Synth [63] was recently published, as a synthetic dataset-generating tool
that can generate complicated, realistic power waveforms that are ideal for training, testing,
and benchmarking NILM algorithms. The program and load library are natively compatible
with major numeric computing applications, such as NILMTK, a popular software framework
for developing NILM algorithms. Table 1 shows the common public datasets which are
accessible to the public and a comparison between the datasets, highlighting their main
characteristics, such as region, sample resolution, duration, features and the number of sites.

Table 1. Comparison of NILM public datasets (F=voltage, /=current, P=active power, O=reactive
power, S=apparent power, pf=power factor, /~frequency)

Dataset Region Sampling resolution Duration Sites Features
Aggregate Appliance
REDD [50] USA 15 kHz, 1 Hz 1/3 Hz 2-4 weeks 6 V, I P
UK-DALE [52] UK 16 kHz 6 sec 655 days 5 V,LP O S
PLAID [58] USA - 30 kHz - 55 VI
AMPds [65] Canada 1 min 1 min 2 years 1 V,LP OS plf
DRED [48] Netherlands 1min 1Hz 6 months 1 4
LIT [57] Brazil 15.36 kHz - 24 hours - VI
WHITED [54] Germany, Austria, Indonesia  44.1 kHz - - - VI
Smart [33] USA 1 Hz 1 Hz 3-4 months 7 V,P,S f
iAWE [34] India 1 Hz 1 Hz 78 days 1 V,LP QS pf
GREEND [36] Austria, Italy - 1Hz 3-6 months 9 P
OPLD [37] Singapore 1 Hz 1 Hz - - LPS
RAE [38] Canada 1 Hz 1 Hz 72 days 1 V,LP QS
ECO [39] Switzerland 1 Hz 1 Hz 8 months 18 V, I P pf
Dataport [40] USA 1 Hz, 1 min 1Hz, 1 min 4 years 722 P S
Tracebase [41] Germany - 0.1 Hz 6 years 15 P
ACS-F1 [42] Switzerland - 0.1 Hz 1 hour 10 L PO pf
COMBED [43] India 0.3 Hz 0.3 Hz 1 month 1 L P
CU-BEMS [45]  Thailand - - 18 months 1 P
I-BLEND [46] India 1 min - 52 months 7 V,LPpff
EEUD [47] Canada 1 min - 1 year 23 P
ENERTALK [49] Korea 15 Hz 15 Hz 1-4 months 22 PO
BLUED [51] USA 12 kHz - 8 days 1 V,LPQ
BLOND |[55] Germany 50kHz, 250 kHz - 50-230 days 1 PO
HELDI [56] - 4 kHz - - 1 VI
COOLL [53] France 100 kHz - 6s 12 v, I
SmartSim [59] - 1Hz 1Hz 7 days 1 P
AMBAL [60] - 1 Hz 1 Hz 1 day - -
SHED [61] France 1/30 Hz 1/30 Hz 14 days 8 V,I P
SynD [62] Austria 5Hz 5Hz 6 months 2 PSS
REFIT [35] UK 8 sec 8 sec 2 years 20 P

Evaluation metrics

Evaluation metrics is performed to reach the classification accuracy required. Researchers
have been working on the NILM system to evaluate the performance of accuracy metrics. [64]
and [30] reviewed an extensive evaluation of performance metrics in detail. The performance
of metrics is split into event detection (event-based) and load disaggregation (state-based)
where the metrics of event-based approaches measure the classification Accuracy (ACC), the
precision (P), the recall (R), the F-Measure (F1), Detection error rate (DER) and Failed
detection (FD). Whereas the metrics of state-based techniques are Relative error (RE), root
mean square error (RMSE), the standard deviation of error (SDE), average error (AE), match



rate (MR), Energy accuracy (EAvl), fraction of energy (FEE), R-squared, and Energy error
(EE).

Generally, the metrics for event detection and energy disaggregation are included in
Table 2 as well as their respective definitions. Where TP is a true positive that detects of event
appliance as being an event, TN is a true negative that detects of the event-less appliance as
being event-less, FP is a false positive that detects of the event-less appliance as being an event
and FN is a false negative that detects event appliance as being event-less [64]. In addition, i is
number of observations or events based on each time step, N is the number of appliances, E is
the measured energy, E is the average measured energy over the dataset, £ is the estimated
energy, AE is the error between the NILM and measured data, AE is the error between the
NILM and measured data over the entire dataset, and a is the mapping factor.

Table 2. Performance evaluation for event detection and load disaggregation

Metric Description Equation
P Precision (P) is the positive predictive value (PPV) TP
" TP +FP
R Recall is the sensitivity or the true positive rate (TPR) _ TP
" TP+FN
Fg Trades-off precision and recall, where [ is the weighing factor Fg = (14 B2) x P xR
k (B? x P) + R
Acc Accuracy of the load identification A = TP+ TN
€~ TP+ TN + FP + FN
FD The sum of false positive and false negative FD = FP + FN
DER The proportion between failed detections (FD) and the number of positive FD
cases. DER =
TP + FN
RE The relative error measures the quality of energy estimation relative to the N g YN
consumed energy data RE = N
i=1 E;
RMSE The root mean square error is known as the standard deviation of the errors
in the energy estimation RMSE = 1 —
SDE The standard deviation of error points out the spread range of the variations
around the AE estimation SDE =
The average error identifies if the rated energy is overestimated or
AE . .
underestimated consistently AE = —
i=1
MR The match rate metric is based on the overlapping rate of true and estimated YN min{E;, B}
energy RE=f——————=~
=1 max{E;, E;}
The energy error metric is the ratio of the absolute difference between N B _E
EE - i=15i il
estimated and true energy, and the total amount of true energy EE = SV 5
i=1Li
EAvl The energy accuracy is reporting the energy error between 0 and 1. EAV] = o-*(EE)
The fraction of energy is the ratio between the total estimated energy and N B,
FEE i=1
actual energy used FEE =
i= 1Ei
The R-squared is a statistical measure of how close the estimations are from (E E;)?
R — squared =1-
the ground-truth data (E E)Z




FRAMEWORK OF NON-INTRUSIVE LOAD MONITORING

As shown in Figure 4, the execution of load monitoring consists of four steps including
data acquisition, event detection, features extraction, and load identification. At the beginning
of NILM, the selection of sampling rate depends on the features that will be used and the loads
that the building has. After that, event detection can be obtained by several methods to obtain
the on/off events. Then, a feature based on steady-state that just needs a low sampling rate is
selected, while a high sampling rate is for transient-state. Lastly, the loads are classified
through the main meter by using supervised learning or unsupervised learning techniques. All
the stages of NILM will be discussed in the next section in detail.
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Figure 4. NILM Framework Procedure

Data acquisition

Data acquisition is one of the essential modules of NILM execution and its function has a
considerable role in NILM. It is possible to classify data acquisition into two categories: low
frequency (macroscopic), and high frequency (microscopic). To identify the load appliances
running, the sampling frequency selection is quite related to the types of electric features used
[17]. For NILM, the selection of a certain sampling rate is based on the quantity of data that
needs to be acquired from these signals, the length of time available, and the loads that the
buildings have. As shown in Figure 3, Type I has a constant signature and requires a low
frequency while type II and type III have more changes in the event, hence requiring a high
frequency to classify the loads [66]. A study of energy consumption patterns collected by smart
meters may be utilized to determine the occupancy of a building or the usage of certain electric
appliances through the NILM [67]. The total meter is used to acquire the real-time total
electricity consumption of residential consumers. In the next step, the harmonics and
waveform distortions are calculated in real-time, and it is also possible to do frequency domain
analysis and wavelet transform analysis. Frequency domain analysis transforms time-domain
signals into the frequency domain using methods like Fast Fourier Transform (FFT) to examine
frequency components. Whereas, the wavelet transform provides time and frequency
information, suitable for signals with varying frequencies over time. Both techniques are
powerful in NILM for extracting insights from energy consumption data. Choosing different
smart meters based on the requirements of different load characteristics, as well as selecting the
proper sample frequency are all the necessary steps in this process [68].

NILM practitioners frequently favour low-frequency approaches because of their low cost,
ease of implementation, and scalability; yet they are restricted in their applicability and
functionality owing to feature loss [22]. Using a sampling rate ranging in Hz, it is possible to
extract information not only from the steady-state but also from the type-I transients of the
loads that are linked to the main power [69]. Schirmer and Mporas [70] aimed to improve
energy disaggregation, which isolates appliance energy use from overall consumption by using



appliance-driven sampling rates. By adjusting data collection frequency to match appliance
behaviours like steady-state or transient patterns, accuracy is enhanced. The approach leads to
better energy disaggregation, aiding in precise identification and understanding of appliance
contributions to overall consumption. Huang et al. [71] examined the performance over a
range of low-frequency sampling rates. According to the findings, NILM classification ability
diminishes nonlinearly as the sample rate lowers, and the extent to which this deterioration
varies between appliance kinds is demonstrated empirically. Low-frequency meters have a
visible impact on the disaggregation process by making it more difficult to analyse [72]. The
techniques of disaggregation are in demand, since all the data of the waveshape may be
missing. The main problem at a low rate of sampling is that it is difficult to identify low-energy
consumption appliances such as compact fluorescent lamp bulbs, light-emitting diode bulbs,
and mobile chargers because the events involved are inconspicuous and the events become
noises in the signal besides the high- energy loads such as resistive loads, air conditioner, and
washing machine, that may lead the classifier to identify the small amount of power to the
loads that consumed high energy. Moreover, they retain a realistic side while taking into
consideration the actual smart meter technologies and huge data management issues,
low-frequency measuring methods are regarded favourably [73].

High frequency is a process that extracts characteristics from short-term voltage and current
waveforms that range from cycles to seconds in length, using a large number of samples.
Increased sampling rates (kHz) need the use of highly calibrated equipment for data collection
since they are more susceptible to electric noise. However, they may offer valuable operational
information for load detection [73]. Typical approaches in the high sampling rate classify the
steady or transient state features. In the event of greater sampling rates, such as those over a
few kHz, the capacity for consumption disaggregation rises, and electrical devices with
extremely low consumption can be recognized, which are often concealed in the case of lower
sample frequencies [69]. Therefore, there exists a trade-off between the performance of the
NILM system and the selection of sample rates. This trade-off can be assessed by comparing
the ability to identify the same appliances across varying sampling rates, thereby aiding in the
determination of optimal hardware specifications [74]. Lynch et al. |75] focused on the
relationship between sampling frequency for feature extraction and selection in NILM system
accuracy. The findings demonstrate that the sampling rate is linearly proportional to the
accuracy of the model. The accuracy of the model improves when the sample rate is increased.
However, one restriction is that, in the presence of high-power loads, it is always difficult to
distinguish between low-power and variable appliances from data collected from the entire
building [23]. Furthermore, the complexity of data storage, transport, and processing rises
dramatically for a high sampling rate as compared to a low sampling rate. Hence, a high
sampling rate is not yet regarded as a viable option for large-scale applications [76]. After data
is collected and pre-processed, event detection will be selected to capture the appliance’s
events (on/off).

Event detection

It is generally known that switching on and off a load causes an instantaneous spike in
power measurements. These load events may be properly recognized if a suitable threshold can
be established to filter the power records before they are recorded | 77]. Event detection may be
done using either event-based or state-based (eventless) approaches. Using detection
algorithms, the event-based technique recognises events and switches on and off appliances. In
contrast to the event-based technique, the state-based method detects events by sampling each
sample from the aggregated signal. In general, an event is defined as a signal that transitions
from one stable state to another that differs from the preceding one [24]. The event-based
approach, as shown in Figure 5, attempts to identify On/Off transitions, while state-based
algorithms attempt to determine whether an appliance is On for the measured period.
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Figure 5. The concept of event detection: (a) Event-based; (b) State-based

Lately, researchers concentrate on introducing several algorithms for event detection in the
NILM system. In NILM, Nait Meziane et al. [78] proposed a method improved of event
detection focused on the High Accuracy NILM Detector (HAND). Simply the usage of the
standard deviation of the envelope observed by the current signal as a feature. Simulations
indicate that the detection method provides 100% accuracy and 97.13% recall. Dash et al. [79]
proposed a new method to automate the detection process of event states for all appliances to
support the NILM system. Several different experiment results detect that the modulation in
the automated detection algorithm considerably makes efficient the accuracy of appliance
disaggregation outcomes in the output of NILM, even though no modifications are made in the
load disaggregation algorithm. A hybrid approach is proposed by Rehman et al. [80] for event
detection. The role of the method requires no more information other than the data collected
from a meter. The method works without informing previous data of the device and building.
Furthermore, it has the potential to improve the efficiency of detecting events whose
performance is influenced by the period of complicated transition. Rehman et al. [81] propose
a computational event detection method for load identification that is both minimal in
complexity and quick. It has been evident that the developed method is effective for identifying
high-consumption device events at low sample frequencies when used. Table 1 presents the
summary of recent detection algorithms in NILM. The list of the advantages and disadvantages
of each approach is also generated in Table 3.

Table 3. Recent detection methods in the NILM system

Ref  Detector Advantages Disadvantages

[77] Median filter and ripple It does not require a high sampling rate Faulting to detect and pair all the events.
mitigation algorithms and high-speed computing hardware. Difficulty extracting the edges.

Suitable for low-cost devices.

[81] Mean Sliding Window Requires a low sampling rate. Diversity of the algorithm’s parameters.
(MSW) Low complexity. More sliding windows width.

[79]  Automatic State Detection The better state detection mechanism.  Increasing the error due to overlapping
(ASD) Able to detect Type L. states.

Difficulty to detect Type II.

[78] High Accuracy NILM Low complexity and fast computation.  Precision is sensitive to noise.
Detector (HAND) Has a high recall.

[82] Cepstrum smoothing Using frequency domain. needs high harmonics.

Has anti-interference noise.




Feature Extraction

Feature extraction is considered the crucial step in NILM as well as selecting the significant
features leads to increase the performance of the model. With the critical role of feature
extraction, appliance signatures can be detected from current and voltage signals extracted.
Features can be divided into three groups: steady-state, transient, and non-traditional [24].
Figure 6 depicts the division of these three groups. Power derivations, harmonics,
voltage-current (V-I) trajectories, voltage, and current waveforms are all characteristics of a
steady-state. Transient state characteristics such as transient active power and reactive power,
inrush current, transient V-1 trajectory, shape, size, and higher-order harmonics are obtained to
investigate the transient condition. Furthermore, non-traditional characteristics include start
and end times, peak and off-peak hours, light sensors, humidity, and temperature monitoring.
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Figure 6. Features extraction for energy disaggregation

Steady-state features. Steady-state signatures are the load features extracted when the
appliance is in its steady-state operation [8]. Because the fluctuations in signatures may be at
their smallest during the steady-state operation of the appliance, steady-state features may not
need a large number of sampled signals [24]. Sadeghianpourhamami et al. [83] proposed a
review of feature groups and identified the efficient feature group by execution of methodical
feature elimination. The fluctuations in patterns are likely to be at their lowest during the
device's steady-state operation. As a result, the characteristics of a steady-state do not need the
use of a high sampling rate. Moreover, this is to be observed that several appliance signatures
can be overlapped due to their comparable characteristics.




Brito et al. [84] demonstrated a new load signature based on instantaneous real
power-reactive power (P-Q). The findings demonstrate that instantaneous P-Q produces more
graphically distinct patterns than traditional load characteristics, particularly when dealing
with low-power loads, whereas the latter commonly overlap. The major disadvantage of this
technique is that appliances with comparable power draw characteristics overlap in the P-Q
signatures, making it impossible to discriminate between them only if it is based on power step
differences. To address this challenge, V-I trajectories are applied to discriminate between
appliance events and other appliances events which gives a unique shape for each load more
than the active power feature [85]. Angle, length, maximum distance, variations, average
slope, Trajectory Centroid, and overshoot are all characteristics determined by the form of the
V-1 trajectory [86]. Kholeif et al. [87] investigated the effect of changing the voltage on the
features extracted in the V-I trajectory method. The findings showed that apparent power,
current, and harmonics are affected by voltage variation. Iksan et al. |88] expand and evaluate
appliance load signatures based on a hybrid method that uses the V-I trajectory. The
identification findings not only identify between equipment that is resistive, inductive, and
capacitive, but they can also distinguish between equipment that is linear/non-linear and
electrical appliances that are low in power.

Further, the frequency domain exemplification of signals and features can be detected.
Harmonic features are used for the recognition in contrast to the time domain of device-specific
current harmonic components that efficiently classify device events [24]. In addition to having
excellent anti-interference capabilities, the steady-state characteristics are useful in identifying
high-power consumption equipment such as electric heaters. In the case of appliances with
Type 11, Type III, and Type IV loads, however, focusing only on the steady-state makes the
identification of appliances with these types of loads more challenging [89]. Steady-state
approaches are widely used due to their low cost and ease of obtaining power parameters such
as active power, reactive power, apparent power, and power factor. After all, it is highly limited
due to overlapping appliance signatures [17]. Table 4 lists the summary of features extraction
based on steady-state including real power, reactive power, current harmonics, and V-1
trajectory while discussing the advantages and disadvantages.

Table 4. Summary of recent features based on steady-state

Ref Feature Advantages Disadvantages

[83], [90], Real Power (P) The ability to classify high-power and  The patterns may overlap with similar loads.
[91] Type I appliances.

Low-power loads are difficult to classify.
It requires a low-sampling rate.

[84], [92] Real Power (P) Easy to identify the appliances that have Appliances that have similar power draw

and Reactive capacitance and inductance. characteristics overlapping in the signatures.
Power (Q)
The ability to output the disaggregated  Type III is tough to classify due to the changes
profiles for multi-state loads. in the signal.
[93], [94], Current It is applied when there are non-linear ~ The amplitude of higher harmonics is small,
[95], [96] Harmonics loads. and it is difficult to ensure complete recovery

due to the limitation of sampling frequency.
It can reflect the degree of non-linearity of
appliances. Difficulty to classify the linear loads.

Having a consistent or load-dependent
variable harmonic current emission
characteristic.
[86], [97], V-I Trajectories Strong separability. Unable to classify the low power patterns.
[93]
Voltage variation does not influence the Some appliances may overlap especially with
V-I trajectory's size or form. multi-state loads.




Transient state features. The features obtained during the transient state would disclose
unique information about the device, which would assist in the more accurate identification of
the events. Electrical signals collected at a higher frequency are required to capture the
characteristics of transient states (in kHz). So, the hardware module for extracting transient
characteristics from high-sampled input signals should be able to process high-sampled input
signals [24]. The process of high sampling rate needs a NILM system to enable the
identification of transient features. The most used analyses in the transient state are transient
V-1 trajectories, Inrush current, higher-order harmonics, and transient power [24], [86].

It has been shown that transient real power and reactive power signatures may be utilized to
monitor the functioning statuses of electrical appliances via the process of transient
identification. This combination of characteristics is particularly well suited for identifying
appliances that have very lengthy transient time, generate considerable spikes in their power
use, and then exhibit slower changing variations. The edges and slopes of these transients or
their power profiles are used to identify them [83]. Le ef al. [98] analysed and extracted a new
transient signal from the active power signal based on a low sampling rate. The state of the
appliance is to obtain a transient signal to detect ON/OFF events of appliances. Athanasiadis et
al. [99] proposed the turning-on of a target appliance by processing the measured active power
transient response and estimating its consumption in real-time. The NILM system can identify
in real-time when an appliance is turned on based on its information-rich transient response
sampled at 100 Hz.

Because voltage has a significant degree of resemblance to other electrical devices, it is
difficult to differentiate between them efficiently. It is possible to solve this limitation by using
a harmonic analysis based on the Fourier transform to perform feature extraction, which may
be used to reflect the variations between various equipment types. The Fourier transform
technique and the Wavelet transform method are two of the most often used harmonic
detection methods [100], [101]. Drouaz et al. [102] demonstrated new transient features based
on the time-frequency domain by using the Stockwell transform to generate the shape of the
frequency harmonic voices.

Hasan ef al. [103] investigated the unique shape of a current at the starting phase (turn-on
state) of a device. The adoption of a shapelet-based classification technique is time-consuming
and may lead to computing difficulties. Nevertheless, by offering both analytical premises and
experimental data, this study establishes simple computationally cost-efficient, and robust
shapelet discovery and matching criteria that are both simple and resilient. Table 5 lists the
summary of features extraction based on transient state including transient real power, transient
reactive power, shape, size, and duration as well as the list of the advantages and
disadvantages.

Table 5. Summary of recent features based on transient-state

Ref Feature Advantages Disadvantages

[83], Transient Real Power Have significant spikes in their power The operation of appliances presenting

[99] (P) and Reactive draw, followed by slower-changing similar transient response patterns brings up
Power (Q) variations. a low accuracy.

Using low-frequency measurements.  The non-linear and multi-state appliances
are difficult to discriminate.

[98], Shap;, size, and Anal_ysing the sp_ectral envelopes for  Requires a high sampling rate with more
[102] duration continuously variable loads. kHz.
[103] Easy to describe the shape of the

frequency harmonic voices.

Non-traditional state features. Non-traditional features have been of considerable interest in
feature extraction approaches in recent times. This category contains all the characteristics that
distinguish it from the two conventional groups. providing details of the detected appliance by




using the environmental quantities such as starting and ending time, day of the week,
temperature, and sensed light [24], [104]. Senave et al. [105] investigate the characterization
of the heat loss coefficient of homes based on onboard monitoring data of their interior
temperature and energy consumption, which were gathered throughout the heating season.
Despite there is lesser trend in using non-traditional features, it can provide high performance
for the NILM system, therefore needs to be considered.

Load disaggregation

In today's current technologically driven world, recent separate fields and breakthrough
technologies, such as the Internet of Things (IoT), artificial intelligence (AI), big data
analytics, and fog (edge)-cloud computing, are on the rise in popularity [106]. After detecting
the events of appliances and selecting the features, the algorithms of classification are involved
to disaggregate the loads. Load disaggregation refers to a group of algorithms that may
disaggregate the power consumption of households by individual appliances operated for a
specific time. Figure 7 shows the disaggregated power of appliances from the total power
consumption. Whereas the classifier disaggregates the total power based on events obtained
from the appliances.
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Figure 7. Load disaggregation NILM-based on the total power for microwave, electronics, washer
dryer, and kitchen outlets [107]

Researchers have also been drawn to the NILM domain by the improved performance of
optimization, graph signal-based, machine learning, and deep learning techniques in a variety
of pattern recognition limitations. This has prompted them to apply these Al techniques to the
NILM domain to improve the energy disaggregation of appliances performances. The methods
of supervised or unsupervised learning can classify the appliances by adding a training dataset
or without it [24]. During the last decade, many researchers have concentrated on supervised
algorithms rather than unsupervised algorithms, which have the potential to save the time of
learning and classify all sorts of appliances effectively and with high performance. In NILM,
there are low trends for optimization methods and graph signal processing (GSP) methods.
Figure 8 shows the techniques of load disaggregation that have been used in NILM.

Machine learning. Most of the researchers concentrate on machine learning to investigate
the performance of load classification. Machine learning algorithms in NILM are divided into
two categories; supervised learning and unsupervised learning.

In machine learning, supervised learning techniques are algorithms that learn to map input
data to a target data attribute, which is usually a class label. To be able to identify the
appliances that are operating at any given moment, supervised learning approaches need the
training of individual appliance data [108]. Supervised learning techniques contain several
approaches based on artificial neural networks (ANN) [109], [110], support vector machines
(SVM) [95], k-nearest neighbours (k-NN) [111], [112], Hidden Markov models (HMM) [75],




[113], genetic algorithms (GA), decision tree (DT) [114], random forest (RF) [115], naive
Bayes (NB) [116]. To illustrate, HMM can be used either supervised or unsupervised learning,
whereas the genetic algorithm can solve optimization problems in machine learning. In
supervised techniques, the labelling process involves complete monitoring of the loads to be
detected. The training takes extracted events to obtain the appliance's signatures.
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Figure 8. Load disaggregation techniques are based on machine learning, optimization, deep
learning, and graph signal processing

Recently, Gao et al. [117] suggested frequency spectrum in combination with time-domain
analysis to identify loads based on SVM and particle swarm optimization (PSO). Kelati et al.
[118] have proven that the accuracy of a k-NN classifier is dependent on the quantity of the
training datasets for the appliances under consideration. Yang ef al. [116] demonstrated that by
using a small number of training samples with generic NB and the average power, it is possible
to obtain good classification accuracy. The NB algorithm is preferable to be applied since it
just takes a little quantity of the training data to forecast the class of the appliance. Himeur et al.
[119] presented an efficient NILM framework that comprises a unique fusion of various
time-domain characteristics offered to extract appliance patterns from a large number of data
sources. In addition, Choksi et al. [120] have introduced a novel approach based on a power
pattern matrix and DT for properly recognizing the patterns of household appliances. This is
further affirmed by Nalmpantis et al. [104] who proposed a comprehensive analysis of
machine learning approaches from qualitative to quantitative. Therefore, neural networks have
shown that they are capable of meeting the condition of generalization with a high degree of
confidence.

Algorithms of supervised learning can effectively classify the loads due to the training that
they need and the labelling of the data. However, several limitations include intense focus on
the training time and the unseen data. Supervised methods may take a longer time to train based



on the size of the data as well as failure to identify the unseen data which needs to be updated
when there is a new appliance or changes in the power pattern.

Unsupervised methods do not require any training before classification. This is an
important advantage since, in this way, minimum effort is required from the user and the
intrusiveness involved in building a database is reduced [121]. Furthermore, the unsupervised
approaches are not reliant on the number of appliances that make up the aggregated load and
are capable of dynamically adapting to changes in the power system over time [122].
Moreover, researchers have used unsupervised learning approaches in NILM systems such as
HMM [113], k-means clustering [123], and Gaussian mixture models (GMM).

The use of HMM is to recognize the load state and power consumed when the hidden
variables can be estimated (appliance states). The transition of the matrix can be used to
observe appliance state changes. Instead of taking into account the appliance's actual
functioning states, traditional HMM-based models instead rely only on basic empirical data.
To solve this problem, a new model suggested by Wang et al. [124] is called the Adaptive
Factorial HMM model, and it provides for a more accurate search for the operating condition of
each appliance and subsequent accurate modelling using an adaptive search. A new infinite
Factorial Hidden Markov Model constrained on Contextual features iIFHMMCC) has been
proposed by Hasan et al. [103]. Furthermore, it is utilized to reduce the computational cost of
inference and makes the model more tractable. Mostafavi et al. [125] proposed a new approach
that can remove the need for human training and potentially expedite the adoption of low-cost
power monitoring based on Bayesian networks. The adaptive Density Peak
Clustering-Factorial Hidden Markov Model (ADPC-FHMM) is a model that Wu et al. [126]
suggested to automatically detect the functioning condition of any appliance based on its power
consumption. The findings show that the suggested model is indeed effective and superior. Wu
et al. [127] also presented Time-Efficient Factorial Hidden Semi-Markov Model
(TE-FHSMM) to boost computing performance. Two publicly accessible datasets and a
real-world scenario indicate that the suggested model delivers excellent results in terms of both
computing performance and efficiency. Ponrak ef al. [128] proposed method uses a
semi-supervised learning approach, with improved K-Means and Hierarchical methods. It
involves determining the best number of clusters, selecting features, and managing the data.
The findings present the suggested technique that precisely displays the energy consumption of
each electric device. Papageorgiou ef al. [129] presented an unsupervised NILM approach
under the consideration of odd harmonic currents. To create unlabelled data clusters, the
suggested technique first uses a k-means clustering algorithm. The findings show that when the
harmonic content is taken into account, the F-Score index improves considerably for all
analysed combinations.

Algorithms of unsupervised learning can learn without any labels of data which reduces the
time for labelling manually and can be inserted after the classification stage. Moreover, they
can reduce the dimensionality of the appliances' patterns. On the other hand, the classification
of loads can be less accurate due to no training as well as may take a longer time to obtain the
whole possibilities based on the number of features.

Optimization. Optimization approaches address the load disaggregation challenge and
optimize the problem. Recognizing load by this method matches the identified unknown
appliance feature with the known appliance feature in the database and attempting to minimize
the error of mismatch as well as detecting the nearest similarity. Researchers have proposed
various optimization methods including aided linear integer programming (ALIP),
mixed-integer linear programming (MILP), integer quadratic constraint programming (IQCP),
integer programming (IP) [130], and combinatorial optimization methods which include
artificial bee colony (ABC), PSO, and GA [131].

In recent works, Dash et al. [130] presented a two-stage NILM technique that is both
simple and effective. It is presented with a standard deviation-based automated state



identification technique (stage 1) and a penalty-based improved IP-based load disaggregation
approach (stage 2). Several test results show that the suggested improved IP-based technique is
an effective and less complicated solution to the load disaggregation issue. However, concerns
with transient signals and circumstances where certain states are binary combinations of other
states have been demonstrated to cause problems with IP-based disaggregation on actual data.
To overcome this problem, Bhotto ef al. [132] presented an ALIP disaggregation method that
addresses many of the drawbacks of the IP-based approach. The experimental findings show
that ALIP has a considerable accuracy improvement over the IP-based disaggregation
approach. Wittmann et al. [133] introduced the mixed-integer linear constraints (MILC)
technique to effectively predict the behaviour of complicated load signatures. The suggested
technique is also evaluated in the comparison to IP and ALIP. The results show that the
suggested technique is capable of reliably identifying and allocating individual energy
signatures in a computationally efficient way, as well as outperforming existing methods.
Kong et al. [134] presented NILM system based on segmented IQCP. The findings show that
the method may be used with current smart meters to build a device-level load model for future
smart grid research and applications.

In recent works based on combinatorial optimization methods, Lin et al. [135]
demonstrated the PSO-based NILM technique and verified it in an actual housing situation.
According to the experimental findings of the suggested technique, the PSO-based NILM
presented in this study has a load recognition accuracy of 64.06%. The accuracy of the model
considers low where state-of-the-art NILM models achieved from 85% to over 95% in
disaggregating household energy consumption as shown in Table 6. The accuracy can vary
widely depending on the specific dataset, the complexity of the household, the types of
appliances present, the quality of the data, and the techniques used for load disaggregation.
Guo et al. [136] suggested a novel combinatorial optimization-based load disaggregation
approach. First, the PSO algorithm is enhanced by including temporal probability in the fitness
function. Second, investigate the multi-model combination load disaggregation approach,
which parallelizes the enhanced PSO, IP algorithm, and delta feature (DF) model. The
experimental findings indicate that the approach performs well for load disaggregation. To
increase the accuracy of load classification, Ghosh et al. [137] suggested the ABC
optimization technique by reducing the computational complexity of the processor which
requires less training of appliance profiles. The suggested approach provides a higher rate of
classification accuracy than the current techniques in use.

Optimization approaches can highly achieve identity precision and able to solve the
problems of machine learning. However, the limitations of optimization methods are costly to
be computed, also it difficult to discern the loads with the same or overlapping signatures,
mostly if the database does not extract anonymous appliances will tend to have a lower trend
for research. Moreover, the larger computational overhead of the disaggregation method may
result in inaccurate findings, and delayed operation.

Graph signal processing. Analytical tools such as GSP are useful for visualizing
complicated correlations between data samples [138]. GSP has been commonly applied, in
both supervised and unsupervised learning. Unsupervised GSP involves filtering and
clustering to disaggregate and classify loads without any previous knowledge of specific load
shapes, while supervised GSP is trained using labelled samples of individual appliance data
[139].




Table 6. Comparison of NILM models

Ref Sampling rate Feature Technique Fl-score Findings

[158] 30 kHz, 100 kHz V-ITrajectory  Siamese network  97.88 % The number of training samples required is minimal.
model New electrical equipment may be identified without
retraining the model due to the constant increase of the
feature library. When there are too many samples in the
feature library, the identification process may be
delayed. The model's computational efficiency is poor.

[159] N/A Active power GSP N/A To increase disaggregation accuracy, the scaling factor
may be modified to meet appliances with large
magnitude power use and short, highly intermittent
operation. Except for the electric resistance water heater,
all appliances operate better according to F-measure at
lower threshold levels.

[160] 1Hz Active power GMM 98 % The method can easily classify the category of the
two-state appliance. The experimental findings
demonstrate similar per-performance to other
unsupervised algorithms. There is no discrimination
between appliances with the same power.

[161] 0.017 Hz Active power and Affinity 95.71 % The model is simple, the probabilities and power
reactive power ~ propagation templates are stored as matrices and can be called up
clustering algorithm quickly. The need for a quick calculation time and
and time-segmented low-rate sampling. It performs poorly when recognizing
state probability appliances with constantly adjustable power while in
use.
[162] 12.8 kHz Current and SVM 96 % When active and reactive power data are confounded,
harmonics harmonic features may help increase classification

accuracy. The amplitude of higher harmonics is tiny, and
the sampling frequency limitation makes full recovery
impossible.

[163] N/A Active power k-NN 93 % It effectively captures signal nonlinearities. Though it
misclassified electrical gadgets and only had a 50%
classification accuracy, it accurately classified furnaces,
kitchen outlets, washing dryers, and microwave ovens.

[164] N/A Current PSO-RF N/A Power fluctuation signals may be identified by
waveforms and comparing their power differences, and this approach
real power was shown to be successful, which can properly identify

the appliance's on/off status.

[165] 10kHz Active power DT 87 % The proposed technique has been able to accurately
identify the appliances are induction heaters, washing
machines, and fridges. The use of power patterns for
classification would reduce data processed by a complex
algorithm using high sampling rates.

[166] 1.2kHz Irys and current NB 84.52 %  After testing the data, it was found that when the

harmonics original data was subjected to FFT decomposition, it
would generate interference with an amplitude of about
0.3A, which greatly affected the accuracy of the final
identification using harmonics.

[167] 1Hz Active power Denoising 80.5%  The suggested technique has a high degree of generality

Auto-Encoder and can efficiently recognize the same equipment from
multiple models. Classification of multi-state loads is
difficult, as is a satisfactory classification of Type-I
loads.

[168] 1Hz 0.17Hz  Active power Sequence to point  80.3 %  The technique identifies the loads efficiently and with
great accuracy. Sometimes samples with no power usage
have some disaggregation inaccuracy. The model must
be trained once for each target appliance, which is
time-consuming.

[169] 8 kHz V-ITrajectory CNN-LSTM 99 % The CNN network is unable to efficiently extract
temporal information, and the load classification
achieves low performance as a result. The LSTM
network uses real-time V-I sampling data for training,
extracts the temporal features of load operation for load
detection, and enhances recognition accuracy. However,
the network convergence speed is slow.

[170] N/A Current Backpropagation ~ 95.35%  The proposed method can determine the state of the

waveforms neural network power on and off as well can identify the type and
running time of different electrical loads.

Recently, Bochao Zhao et al. [140] applied semi-supervised GSP to tackle the difficult
challenge of reducing the influence of measurement noise and unknown loads on load



disaggregation performance. As a result, the method improved NILM performance when
applied to three events based on NILM approaches and two real-world datasets with multiple
residences and varied noise levels. The disaggregation of water heaters and HVAC system
components have been investigated by Green et al. [139]. A supervised GSP method was used;
and the findings demonstrate that the values of disaggregation sequencing, graph scaling
factor, and graph classifier threshold have a substantial influence on supervised GSP NILM
performance. He et al. [141] presented two NILM algorithms based on the emerging concept
of GSP. In the first place, it reduces the overall variance of the graph. Second, simulated
annealing is used to further fine-tune the entire graph-variation solution. The suggested
approach, which does not need any extra hardware installation, might operate with traditional
smart meters, such as recording data every 10 seconds through the Consumer access device.
Consumer access devices empower individuals to take control of their energy consumption,
reduce wastage, and potentially save on energy costs as well obtaining information on power
consumption in several seconds to the consumer. Zhang et al. [138] showed a two-step
GSP-based method proposed for low-rate NILM problems. The suggested technique treats
disaggregation as an optimization and classification problem with a regularisation term defined
by the overall smoothness of the graph signal. The disaggregation findings based on the REDD
dataset indicate the exceptional quality of the proposed method.

Using supervised techniques can outperform unsupervised techniques due to the provided
samples of complicated operational cycles to the disaggregation algorithm, which may not be
taken into account in unsupervised methods. Furthermore, supervised techniques enable the
algorithm to be tailored to a specific set of load types, allowing for higher precision in
classification [139].

Deep learning. Deep learning is a machine learning concept based on artificial neural
networks. For many applications, deep learning models outperform shallow machine learning
models and traditional data analysis approaches [142]. In NILM, researchers have found some
deep learning approaches such as convolutional neural network (CNN) [143], autoencoder
(AE) [144], recurrent neural network (RNN) [145], and long-short term memory (LSTM) to
improve load disaggregation by extracting features automatically [146], [147]. Wang et al.
[ 148] proposed reconstructing the load signals from collected data and load identification by
using denoising autoencoder (dAE) and LSTM. The approach dAE and LSTM outperformed
HMM and dAE. However, LSTM was able to store and bring out the information through the
data of time sequence. With the use of high-dimensional sparsity hourly energy data, Jia et al.
[149] have developed a tree-structured CNN classifier for the study of temporal patterns.
Osathanunkul [150] investigated if decreasing the sample rate would shorten the time required
to disaggregate an aggregated reading while still producing an acceptable result as a
disaggregation algorithm, RNN with LSTM is used. Load data for small office appliances such
as laptops, computer monitors, etc. have been proposed by [151]. It is impossible to overlook
the potential energy savings that each tiny item has, especially in major enterprises and
institutions. It is shown that the RNN that has been presented obtains superior outcomes. Zehua
et al. [152] showed a new method of NILM based on CNN. Although CNN-based load
classification requires a huge quantity of data to properly fit the network, the benefit is
significant. Chen ef al. [153] suggested a new NILM model, which is a hybrid model
combining the CNN and LSTM networks. The CNN network is used to extract the V'—/ image
characteristics, while the LSTM network is used to recover the electrical equipment time
characteristics. Tests show that the model is better than the k-NN approach and the SVM,
CNN, and LSTM methods.

Recently, researchers have focused on transferability to decrease data gathering, which is a
key strategy for addressing the issue of inadequate deep learning training data. This method
seeks to transfer knowledge from the source domain to the target domain by assuming that the
training and test data must be distributed independently and identically [154]. A V-1



trajectory-enabled transfer learning approach was presented by Liu et al. [155]. Different
electric loads may be distinguished by the shape and colour information of their V-1 trajectories
using correct trajectory pre-processing and colour encoding methods by transferring a
convolutional neural network called AlexNet that has already been trained to the new NILM
tasks. However, the technique can detect type-I loads, but type-II loads remain a difficult
challenge. D’Incecco et al. [156] introduced seq2point learning for NILM, which is based on
appliance transfer learning and cross-domain transfer learning. The findings demonstrated that
CNN layers trained on washing machines may be applied to other appliances. This suggests
that all appliances utilize the same signatures for NILM, which might simplify the data
collection process. The federated learning and TL that Li et al. [157] presented maintains high
performance while protecting the privacy of the users. The findings are similar to
state-of-the-art NILM algorithms with robust privacy protection, which is useful for deploying
the distributed algorithm to home Internet of Things devices.

The approaches based on deep learning algorithms may consider several factors in order to
have an efficient model where the size of data depends on the similarity of loads and number of
appliances which require a huge data to identify the loads easily. Large data may not lead to an
increase in the accuracy of the model until it reaches a steady point. However, normalizing data
can improve neural networks and be more accurate. Table 6 demonstrates the summary of
recent NILM models. The relation between the features and the classifiers is described with
various approaches in the remarks. F1-score or F1-measure is calculated by obtaining the data
test's precision and recall measuring the test's accuracy and to demonstrate the model's
performance as shown in the table below.

THE APPLICATIONS OF NON-INTRUSIVE LOAD MONITORING

With the development of technology, NILM has been expanded to several applications for
the past few years and have become common to be used not only in buildings which helps to
monitor the appliances events, also for shipboard control, electric vehicles (EVs), smart grids,
distributed energy resources, and human activities. This section highlights several applications
of NILM that haves been applied recently.

Appliances anomaly detection

NILM systems are an excellent option for monitoring several appliances without the
requirement for sub-monitoring. It has not yet been recognized that these systems can reliably
identify the aberrant activity of the different appliances being monitored. To accomplish this
objective, the NILM systems must be able to correctly duplicate the appliance's power
absorption profile, which other anomaly detection systems would subsequently examine, in
addition to generating an accurate estimate of the appliance's energy consumption [171].

Rashid et al. [172] proposed in determining if NILM-detected appliance signatures may be
utilized directly for anomaly detection. The research concentrates on two basic home
appliances: air conditioning and refrigerator. Both of these appliances rely on a compressor to
function, and their high energy consumption is mostly attributable to the compressor. Any
malfunction in the compressor or any other component influencing the compressor is reflected
in the appliance's power consumption trace. However, it demonstrates that regularly misses
"frequent class" of air conditioning (AC) anomalies in all the households due to the
fundamental cause of all of these undetected abnormalities were their shorter length. Duration
is a critical factor in determining anomalies. All of the missed anomalies have a period of 8
hours; as a consequence, throughout a complete test day (day or night), the nature of the
abnormality becomes diluted with the appliance's typical behaviour. This research
demonstrates that when the normalized error of the appliance is considerable, the direct
application of NILM methods for accurate anomaly detection in AC or refrigerators is not



feasible. As a result, this calls for the development of anomaly aware NILM algorithms, as well
as some post-processing of NILM output signals to reduce the influence of noise.

Smart grids

Smart grids have progressed from being a theoretical concept to an established norm, at
least in the world's most developed nations. Smart grids are defined as the integration of
conventional power grids with contemporary information and communication technologies
(ICT), as well as the integration of distributed generating systems and microgrids for quality
evaluation and supported independent living [173].

Zhou et al. [174] demonstrated a smart grid system based on a distributed spiking neural
network (SNN), in which each household has a set of smart outlets for all appliances. The
acquired data is stored inside the low-cost smart outlets before being sent to the local home
server through a shared wireless channel. The local server will keep learning or categorizing
the incoming data before uploading the appliance type and down-sampled data to the area
server. Finally, the server may recommend that utility providers change the ideal load demand
based on the data obtained from particular appliances. Because of the one-to-many design,
communication between smart outlets, the local server, and the area server is restricted. The
use of SNN based on unsupervised learning does not need labelling the dataset before training
and is ideal for low-cost deep learning hardware implementation [174]. One of the most
difficult tasks for distribution networks is providing clients with high-quality and dependable
electricity. Self-healing control techniques are important for a smart distribution grid to meet
these needs, whereas unsupervised methods will be the best choice for managing and
controlling smart grids in real-time [173].

Ambient assisted living

Ambient assisted living (AAL) refers to services and products that help older persons
maintain their physical independence. Indeed, the present rise in life expectancy has become a
public health concern, particularly in industrialized nations, and the majority of recent
technology developments are being utilized to create smart settings to aid the elderly [175].
Generally, AAL entails employing a certain kind of sensors, such as wearables or ambient
sensors to monitor a specific parameter of activity, such as physiological signals or motions,
and making relevant decisions or suggestions (e.g. monitoring the health deterioration in
long-term or producing alerts for short-term intervention) [176]. Alcald et al. [177] proposed a
new method for monitoring the elderly's activities to identify deviations in their daily routine.
The results demonstrated greater sensitivity to pattern deviations and decreased susceptibility
to false alarms brought on by extended periods of inactivity. Additionally, a family home is
shown as an example of a setting where a strict schedule is adhered to in order to illustrate its
usefulness in cases where there are declines and deviations, most often due to elderly disorders
problems but not always. Flexibility, low-cost, widespread availability, and capacity to collect
data over time are the primary benefits of applications [175].

Home energy management systems

The home energy management system (HEMS) has been studied extensively despite being
the least important part of the urban energy internet. HEMS stands for the energy management
system, and it is made up of sensors, the Internet, intelligent switches, and wireless
transmission [178]. If a house has access to renewable energy sources and/or storage, HEMS
should arrange the use of electrical appliances and the electric energy flow to maximise
efficiency. While it's vital to divide home electronics into two categories, deferrable and
non-deferrable appliances. Equipment like lights, stoves, and freezers fall into the former
category since their use cannot be postponed. The latter category comprises appliances like
washers and dryers, water pumps, and so on, the amount of time they are used varies depending
on the cost of energy. Electric usage should also be evaluated, and appliances needing high



energy consumption should be given more scheduling priority. The turn-on and turn-off
timings of appliances, as well as their time length are critical characteristics for appliance
scheduling [175]. As a result, it can offer electrical management and power consumption
analysis services, as well as optimise home energy efficiency while concentrating on home
comfort, which may help to solve global energy and environmental concerns [178].

Electric vehicle charging

The popularity and rise of EVs haves reduced pollution, but has also had negative
consequences, such as increasing peak demand on the grid. However, DR by EVs helps to
enhance peak shaving and valley filling effects, as well as lessen the possibility of
load-shedding on the grid side [179]. NILM models can be used in EVs either in households or
electric charging stations.

Residentially, the statistical parameters of the EV's charging pattern, including charging
start time, charging finish time, and charge length, are examined, and the flexibility in DR of
the EV's charging load is assessed [179]. Sun et al. [180] presented an EV-assisted battery load
concealment approach with NILM-based to minimise the costs for battery procurement and
installation while keeping consumers’ privacy leaks within an acceptable range. Wang et al.
[181] demonstrated a deep learning based NILM for load recognition and controllability of EV
charging stations. The convenience of calling for an EV charging station is improved by a
collaborative design that takes into account both the power consumption patterns of load
clusters and those of single loads. However, there are several problems in the connection of EV
cluster to grid. First, there is an equal amount in charging power amongst EV charging stations,
making classification, and clustering challenging. Moreover, EV charging stations experience
both predictable and unpredictable charging volumes, which might cause the supervised
learning algorithm to deviate from its intended course [181].

Shipboard control and maintenance

The United States Naval intends to manage future navy ships intelligently with fewer crew
members, which will be substantially more sophisticated than today's ships. Meanwhile, as the
number of components on board grows, load monitoring becomes one of the most critical
considerations in the functioning of shipboard systems. Because certain future navy shipboard
loads may exhibit unique power consumption patterns (e.g., pulsed loads), an effective load
monitoring technique that can actively monitor all types of loads in real-time without triggering
any false fault detection is required [ 182]. Lindahl et al. [183] demonstrated a method for fault
identification and isolation in NILM. The USCGC SPENCER has two NILMs installed in its
engine room, each monitoring bulk power for a total of 19 loads. The NILM uses a neural
network classification method to segment this power data by load, then returns several metrics
that are useful for identifying and solving problems. Moreover, investigation of metric space in
relation to faults reported in the ship's wastewater system demonstrates that these metrics give
adequate information for accurate detection and identification of fault types. These
auto-generated measurements might eventually be paired with sophisticated clustering
techniques for completely automatic fault detection and identification. Senemmar et al. [182]
demonstrated the transformation of discrete wavelet. In a two-zone medium voltage direct
current (MVDC) shipboard power system, a CNN model was created for NILM. The 12 kV
two-zone MVDC network in the model is powered by a pair of 36 MVA AC generators. Each
zone includes five sorts of loads: motor, pulsed load, hotel load, radar, and propulsion load.
The findings reveal that the behaviour of a pulsed load is similar to that of a fault in MVDC
systems, hence it is crucial to carefully monitor these types of loads to avoid activating any
fault avoidance methods. More significantly, the suggested approach might identify critical
loads such as pulsed loads reliably in future shipboard systems.



Distributed energy sources

Photovoltaic (PV) systems, energy storage systems, wind turbines, and EVs are all
examples of distributed energy resources (DER), which are small-scale, embedded generators.
Electric heating, air conditioning systems, combined heat and power plants, and other smart
loads and low-carbon technologies are also considered DER. DER are critical enabling
technologies for the evolution of the electric power sector away from the use of polluting fossil
fuels [184]. Wang et al. [185] suggested a novel three-stage regional-NILM approach for
determining the states of various sorts of loads in an area by disaggregating substation demand.
Traditional loads, distributed generation such as PVs, and flexible loads such as EVs are the
three categories of loads. The suggested technique anticipates conventional load first using
long-term historical data and then employs spectral analysis to improve the signal-to-noise
proportion. The PV capacity is then calculated by running a peak coincidence analysis on
negative residuals and local solar irradiance data. Finally, a unique restricted activation
matching pursuit approach is suggested for estimating EVs states such as the total EVs load
and the number of EVs. Regional NILM offers a cost-effective method for distribution network
operators to understand the status of the network. Therefore, it may considerably improve
network visibility without needing costly monitoring and data privacy problems can be
avoided.

THE RECOMMENDED CRITERIA FOR THE IMPLEMENTATION OF
NON-INTRUSIVE LOAD MONITORING SYSTEM

The consideration of the implementation standards before modelling is essential to
achieving the necessary efficiency in NILM systems. It is tough to consider one model from the
current studies as accurate due to the natural variation of loads and the geographic environment
in each building. Criteria that need to be considered are load types, scalability, climate,
complexity, and operation time.

Load types: Analysing and investigating the type of load is crucial for it needs diligent
facilitation on predicting what will occur in the stages of NILM. A high sampling rate will
assist to classify Type-III loads when the signal varies each second. In contrast, selecting a low
frequency will be sufficient for Type-I and Type-II which give constant changes in the
waveforms and provides several preferences such as data size and cost. NILM system faces
difficulty to classify similar loads which exists in commercial buildings, in which high
frequency does not only assist to increase the accuracy of classification but also choosing the
right features is necessary to obtain high precision. To illustrate, Non-linear loads have high
harmonics and can be selected as features, as well as resistive loads can use active power as a
single feature due to lack of reactive power in these loads. Studying the loads will save more
time and minimize the errors in the model later.

Scalability: Identifying the number of appliances that can reach 10 and above in the
residential buildings and more than 50 loads in the commercial buildings cause some
challenges which transmit similarity in the signals. A high sampling rate is a selective choice
due to the huge number which will lead overlapping in several loads, thus, accurate analysis is
needed to obtain the distance of signals between the loads, whereas low sampling will bring out
some missing points in the data. Moreover, supervised methods will be impacted and will take
more time for training due to the number of classes, while unsupervised approaches will solve
this problem.

Climate: The geographical location also plays a crucial role to increase the classification
based on the features. There is a lack of research on non-traditional features such as
temperature, humidity, and light sensors. Sometimes electrical features are not sufficient to
grant the best data for the classifier. Adding these kinds of features in the hottest places will
enhance the NILM system and can easily identify peak hours and decrease energy load as a
result of supply restrictions. Heating and cooling loads consume high energy as well as these



loads are under Type-III loads which non-traditional features will assist to enhance the NILM
system.

Operation time: Residential building loads might be on/off at any time due to no specific
time to classify them while commercial building loads run at the same time on weekdays. By
detecting the change points in the power consumption will grant the consumers the display of
two things either detecting the on/off events (event-based) or state-based which detects each
sample that consumes in the building. Selecting eventless methods to detect the patterns of
commercial loads will be more useful than event-based methods as the operation time is
known. On/off events methods is preferable in the residential building which has known loads
and less usage, and each load varies from the others which gives a unique signal with no
overlap and minimizes the reading of data.

Complexity: Increasing the intricacy will escalate the cost and it becomes more
computational and this involved Al algorithms and optimization methods. Adding two stages
of classification including optimization might consume more time for supervised approaches to
be trained. In addition, several models are designed to add the new appliances' signals to the
database when the NILM system captures a new signature in the aggregate power by labelling
the new load manually or automatically through unsupervised methods.

NON-INTRUSIVE LOAD MONITORING TECHNIQUE LIMITATIONS

New appliances and flexibility: Supervised algorithms must be trained to disaggregate the
appliances to achieve high accuracy and when adding new appliances to the household, the
model should be re-trained to capture the new signals which cause the model to consume more
time per training, hence making it unaffordable for the consumers. However, labelling data is
not crucial for unsupervised algorithms. The model can learn automatically and be independent
in training. The performance is less with the unsupervised methods but grants flexibility in
training with new appliances and gives less implementation cost for users.

Ideal NILM model and suitability: the NILM system vary in performance from one
household to another due to the variations in loads of houses as well as the NILM
implementation for commercial buildings is non-compatible with the system that is designed
for residential buildings. However, the products of NILM must be discerned for residential or
commercial use. The products of the NILM system need to be compatible with all households
and perform equally and efficiently with different aspects. Moreover, the suitability of the
product with all houses may be complicated and expensive for the company but will grant
reliable product and high specification.

Data storage and complexity: the complexity of data storage, transport, and processing
rises dramatically for a high sampling rate as compared to a low sampling rate. The cost of
installing NILM with a high frequency is expensive but grants an efficient system for
monitoring the appliances Moreover, the model needs to be affordable for the users and
preferable to use a low sampling rate with accurate performance. A high sampling rate is not
currently considered as a realistic alternative for large-scale applications.

Scalability and similarity in loads: limited size of the number of appliances in NILM may
lead to non-scalability whereas increasing the number of classes will decrease the accuracy of
load disaggregation. In addition, the similarity of appliances brings a wrong performance due
to the equal power usage in which the signatures overlap. Commercial buildings face the
equality of power usage for several loads; hence, equal loads require a high-sampling rate to
avoid signal overlap which provides the transient state features.

CONCLUSION

This paper gives the framework on how to implement non-intrusive load monitoring in
households, as well as their techniques together with related advantages and disadvantages.
Several drawbacks exist, including identifying low power and variable appliances for low and



high frequencies, as well as overlapping appliance signatures which can be a huge challenge
for classifiers that should detect each appliance of the household. In comparison with ILM,
NILM outperform many aspects in terms of installation, operation, and maintenance which can
be an efficient option for at a lower cost. The main contributions of this article provided an
overview of NILM's implementation, addressing the stages of NILM and advancements in the
field. The overview explored the various techniques, methodologies, and algorithms employed
in NILM systems to achieve load identification and energy disaggregation. Moreover, the
limitations, applications, and recommended criteria for the implementation of NILM were
highlighted as a contribution to the field of load disaggregation.

In the first stage of NILM, data collection is to be considered for the next stages, which is a
crucial step to identify the loads with high accuracy. The selection of the sampling rate depends
on the extracted features that will be used in the model whereas some features cannot be
adapted with some loads due to each device having a unique pattern and needing to be observed
to set the best features. Choosing a low frequency facilitates computing, cost, and installation
as well Type I and Type II which can be detected based on steady state. When compared to that,
high frequency is difficult to operate due to the high cost, and the complexity of the model,
instead of that it can investigate the signature of the load easily and study the transient events
based on the transient state. A high sampling rate may detect Type III due to the fluctuation in
the signal and more events. Low power loads such as electronics are difficult to be detected for
both sampling rates but easy to use high frequency and low frequency to detect high power
appliances to classify them.

Feature extraction is the most important of the stages in NILM, which can bring a decisive
accuracy for the classifiers. Classifiers may misclassify the appliances due to the low power
loads or similarity in the signatures. Loads need to be observed and studies on each load needs
to carry out before choosing the suitable features. It can be selected as the real power feature if
the loads have resistance, as well as setting reactive power as a feature if having a capacitance
or inductance which makes the appliances non-overlapped in the signal. Moreover, harmonics
can be used with non-linear loads because they generate high harmonics. Choosing the wrong
features leads to poor results, thus making it difficult to classify correctly for the loads.
Moreover, causes of increasing the complication of the model come from the incorporating
features that increase the dimensionality of the model.

Al approaches becomes a source of interest because they can classify appliances with
satisfactory accuracy. Unsupervised methods may adjust to changes in the NILM system over
some time without training dataset and huge computing, but that leads to insufficient accuracy
due to inability to recognise the appliances correctly, thus more time is needed to learn and
detect the fault. At present, there has been much more focus on developing a technique based
on supervised learning. These methods show a good adaptation to patterns of appliances to
detect them, which it can facilitate when applying high precision to the NILM system. Training
the classifier for the monitoring brings out a high recognition in the classification especially in
the case of deep learning, in which it has proven its efficiency to classify the appliances and
only missing a slight percentage of classification.

The evaluation of NILM techniques is essential to show how the method is more efficient
and capable of classifying the appliances individually. The public datasets for residential and
commercial buildings have been provided for all types of loads and the researchers can test the
model with either high or low frequencies and various features to be selected for the real
model.
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