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Abstract—With the low integration costs and quick develop-
ment cycle of all-IP-based 5G+ technologies, it is not surprising
that the proliferation of IP devices for residential or industrial
purposes is ubiquitous. Energy scheduling/management and
automated device recognition are popular research areas in
the engineering community, and much time and work have
been invested in producing the systems required for smart city
networks. However, most proposed approaches involve expensive
and invasive equipment that produces huge volumes of data
(high-frequency complexity) for analysis by supervised learning
algorithms. In contrast to other studies in the literature, we
propose an approach based on encoding consumption data
into vehicular mobility and imaging systems to apply a simple
convolutional neural network to recognize certain scenarios
(devices powered on) in real time and based on the nonintrusive
load monitoring paradigm. Our idea is based on a very cheap
device and can be adapted at a very low cost for any real
scenario. We have also created our own data set, taken from a real
domestic environment, contrary to most existing works based on
synthetic data. The results of the study’s simulation demonstrate
the effectiveness of this innovative and low-cost approach and its
scalability in function of the number of considered appliances.

Index Terms—Appliance classification, convolutional neural
networks, data-to-image conversion, Internet of Things (IoT)
networks, machine learning (ML).

I. INTRODUCTION

N THE last few years, attention to energy management and
emissions reduction has grown out of greater awareness and
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acceptance of the critical ecological issues arising from CO»
pollution. Energy management has become an integral part of
developing ecological smart city technologies and systems that
are fundamentally based on efficient, conscious, and optimized
resource utilization [1], [2]. Some commercial activities, for
example, those in the construction sector, have been heavily
affected by this shift in development. In fact, many building
projects now incorporate a considerable array of energy
monitoring and management devices, purposeful architecture,
and protocols [3], especially inexpensive, nonintrusive, and
energy-aware implementations. Consequently, much research
has been devoted to the nonintrusive load monitoring (NILM)
technique, which has become increasingly popular over the
last decade [4], [5], especially as powerful and sophisticated
machine learning (ML) approaches have become more readily
available [6]. A detailed investigation of the literature in this
area reveals that most studies have obtained very high disag-
gregation accuracy (capability of recognizing home appliances
from their aggregated power consumption), but with some
significant assumptions, limitations, or hardware requirements.

1) Data sets containing a range of sampling frequencies
and combinations of domestic appliances are currently
scarce.

2) Expensive micro-controller unit (MCU) with high sam-
pling frequencies are employed.

3) Dedicated ML models with high computational require-
ments require redesign and training each time an
experiment is performed.

4) The few available data sets are based on synthetic
or simulated sample generation derived from existing
energy scenarios, not real appliance use.

It is also known that if energy consumption is periodically
reported to consumers, they are generally motivated by cheaper
bills and environmental awareness to modify their energy
consumption behaviors. This has been verified in several
studies, for example, [7] and [8], which observed savings of
3% to 9% in energy consumption. It is clear that if consumers
have detailed information about their energy consumption (not
aggregated information, but a more integrated view of how
each appliance impacts the total result), they can act directly
with particular appliances, and the percentage savings will be
higher. This last requirement can be satisfied in two ways:
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1) with an intrusive approach (installing a dedicated meter for
each appliance, with additional cabling required as a conse-
quence) or 2) with an NILM approach (a single smart meter
(SM) is sufficient to recognize the energy behaviors of every
appliance). The current study, therefore, examines a typical
domestic scenario in which a single, simple, and inexpensive
SM is integrated into the electrical system, and a very simple
convolutional neural network (CNN) is trained to recognize
appliance behavior once the energy consumption behavior
has been correctly encoded into images. This approach is
innovative because it avoids the drawbacks of approaches
proposed in related works. The strengths of the current study
are summarized in the following.

1) A data set created from monitoring real devices
in a domestic environment, with a maximum sam-
pling frequency of 1 Hz for sufficiently accurate
disaggregation.

2) Use of an inexpensive SM (its cost is around $40).

3) No implementation of a new CNN structure; analysis is
based on the well-known proposal by LeCun [9], later
extended in [10].

4) A new data set based on real scenarios, not synthetic or
simulated data.

5) NILM features are not extracted directly from the sam-
pled data but are first converted into images (produced
from the results of moving nodes on a map), thus
avoiding the need for a dedicated CNN.

6) The concept of background noise (BN) (BN, not the
same as measurement error) is introduced for the first
time in an NILM system.

7) An innovative first—energy consumption is not only
tracked according to position on a plane but its
movement characteristics, i.e., speed and acceleration,
are also monitored (thus obtaining a perfect match with
mobility analysis theory [11], despite any unnatural
variations in position).

The remainder of this article is organized as follows:
Section II introduces recent works on image classification,
NILM, and data disaggregation; Section III describes the main
proposed concept, divided into three sections. Section IV
provides a detailed description of the results achievable with
the proposed approach; Section V concludes this article and
comments on the main advantages of the proposed approach.

II. RELATED WORK

This section reviews the main recent publications on NILM
techniques for industrial and domestic environments and
studies of CNN accuracy in image recognition. To the best
of our knowledge, no data-to-image encoding has ever been
integrated with NILM algorithms. The main contributions in
these research areas are first reviewed before the proposed
approach is described.

Much attention has also been devoted to machine and
deep learning (ML and DL) applications to improve their
recognition, classification, and prediction capabilities of the
main features of several heterogeneous processes in very
different research areas [12], [13], [14]. ML/DL algorithms
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are very suitable and popular options for the NILM technique,
hence a wide range of contributions in this research area can
be reviewed.

As mentioned in the previous section, we propose a new
NILM classification scheme which exploits the strength of
CNNs [15] in image recognition and classification, in contrast
to the majority of existing works (which implement and
evaluate a dedicated ML/DL structure to predict a specific pro-
cess). No new CNN layering is proposed, rather a completely
innovative NILM method with CNN image classification.

A. Recent NILM Approaches for Industrial and Domestic
Environments

Before the most recent contributions are reviewed, we
cite the most important works in NILM research. A pio-
neering work introduced by Hart [16] was based on a
proposal to change the methods of constructing and iden-
tifying admittance-based residential loads. Specifically, the
author advanced NILM as a technique which involves several
processes: 1) data acquisition [17]; 2) feature extraction [6];
3) event detection [18]; 4) load identification [19]; and
5) energy disaggregation [20]. From among the works which
discuss NILM, the research in [16] represents the current
reference for Internet of Things (IoT) development in both
domestic and industrial applications, especially the construc-
tion industry, even though this article is more than 30 years
old. A potential limitation of the approach in Hart’s work
is the discussion of only ON/OFF devices (plausible with
older technologies), which have an average good classification
accuracy of approximately 85%.

Dowalla et al. [17] presented an application which shows
the consumer, in real time, the energy consumption of each of
their appliances. The main drawback of the proposed approach
is that it requires two measuring stations to sample appliance
behavior at frequencies from several dozen Hz to 1 MHz
whereas a laboratory setup is able to monitor 24 sockets with
connected appliances and provide more effective disaggrega-
tion. Tabanelli et al. [6] are critical of ML/DL approaches for
their high computational and memory resource requirements.
As a potential solution, they propose the application of MCUs
to optimize capacity for features, computational costs and
storage. Their proposal is also based on supervised learning,
reaching a classification accuracy of approximately 95%. The
work in [18] examines the precise extraction of transient and
steady-state appliance signatures and proposes an adaptive
two-stage event detection method in which dynamic adaptive
detection is applied to detect events of different amplitudes.
A second analysis is also performed on the geometry of
events to capture the features of each appliance’s behavior.
The idea was tested on both private and public data sets
and demonstrated high detection accuracy. Lin and Tsai [19]
proposed a time-frequency approach and also examined what
happens in the spectrum domain using a multiresolution S-
transform-based transient feature extraction scheme. An ant
colony optimization algorithm is also proposed for the iden-
tification of specific appliances. Raiker et al. [20] described a
new model for generating synthetic training data, following the
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TABLE I
COMPARISON OF THE MAIN ADVANTAGES (GREEN) AND DISADVANTAGES (RED) OF OUR DENARDO SCHEME AND SOME
OF THE MOST RECENT AND IMPORTANT CONTRIBUTIONS IN THE LITERATURE ABOUT NILM

Max Expensive Onl Own Low Own Back. . -

Ref. Year Accuracy (%) dI::vice ON/O)l;F Model | Latency | Dataset Noise Unconv. Sampling Scalability | EasM
[5] 2022 97 NO YES YES YES NO NO NO YES (>4kHz) 1-8 NO
[6] 2022 95, 89.1 YES NO YES YES YES NO NO 1 MHz 1-MULTI NO
[16] 1992 85 NO YES YES YES YES NO NO VAR. 1-15 NO
[17] 2021 N.A. in % YES NO YES YES YES NO NO (12.5 - 250) kHz 1-20 NO
[18] 2022 93.79-98.98 NO NO YES NO YES/NO NO NO (1Hz - 12kHz) 8-9-12 NO
[19] 2014 79 YES NO YES NO YES NO NO YES (2kHz) 4 NO
[20] 2021 N.A. in % YES NO YES NO YES NO NO VAR. 6-9 NO
THIS | 2023 95.63-100 NO NO NO NO YES YES YES 1Hz 42 YES

Indian standards. IoT devices are also used to feed observable
states to the disaggregation model through a hidden Markov
model (HMM), improving its accuracy. The proposed method
consists of a platform which allows monitoring and control
of the selected appliance. Nolasco et al. [5] discussed a
very interesting approach to disaggregation involving CNNs
and high-frequency NILM signals for the publicly avail-
able LIT-Data set [21]. The proposed CNN contains several
intermediate layers and performs event-type classification, load
identification, and event sample detection, with very high
recognition accuracy.

From a detailed reading of the most recent works on NILM,
we summarize the main research findings in this area are listed
in the following.

1) The higher the sampling frequency, the higher the
hardware costs and complexity of the overall NILM
system and computational requirements.

2) The higher the sampling frequency, the higher the
appliance recognition accuracy since it is also possible
to capture transient states (the change in energy con-
sumption between OFF and ON states).

3) Most of the existing works rely on sophisticated
swarm intelligence, ML/DL, time-frequency transform
algorithms.

4) Appliance recognition assists customers in substituting
defective/old devices and preventing critical or building
failures.

5) Interest in NILM more than ten years ago was very low,
but it has started increasing recently with the advent of
the IoT, Smart City, technologies (smart metering and
ML/DL algorithms), and greater computational power.

6) Few data sets are publicly available, and most are
synthetic.

7) If ML/DL approaches are involved, the main data
structure requires a specific definition since no standard
reference for the ML/DL approach is available.

8) No studies have examined the option of some appliances
always being powered on or the possibility of the
recognition system regarding them as BN.

B. ML CNN Approaches for Image Recognition and
Classification
CNNs are widely used in NILM applications, but many of

the recent published works apply dedicated CNN structures
without a standard reference, and most of these CNNs require

huge calculation capacities. Instead, the current study proposes
converting NILM data into images and then exploiting the
accuracy of a CNN and using it for classification and recogni-
tion [22]. The theory related to CNN image recognition began
with LeCun’s proposal [9]; Chen et al. [10] extended this
theory with convolutional and pooling layers. These layered
CNN types have been tested on different data sets (Cats versus
Dogs [25], Cifar-10 [23], and Fer2013 [24]) and achieved
very high accuracy in recognizing complex/textured features,
outperforming classic methods. Pei et al. [26] examined the
problem of degraded images. The significance of the power
and usefulness of CNNs in handling motion blurred, noisy, or
distorted input images (e.g., images containing haze, fish-eye
distortion, underwater distortion, low resolution, poor focus,
etc.) is again highlighted. The authors tested and compared a
classic CNN and a CNN with prior filtering to remove image
degradation. However, the experiment produced a drop in the
CNN’s image classification performance with degraded images
and unsatisfactory performance from the degradation removal
algorithms, which were not able to improve the results.

Xu et al. [27] investigated compressed-domain image clas-
sification in which images were processed into the desired
format before encoding (the reconstruction step is bypassed).
Training was then performed using a dynamic measurement
rate (MR) by selecting the required MR with the aid of a
sensing matrix. The authors tested their proposed method on
large data sets (Cifar-10 [23] and Coil-100 [43]), obtaining
satisfactory performance and resilience to noise.

Tiwari et al. [28] proposed the visual geometry group 16
(VGG16) model for classifying images into two additional
categories instead of performing feature extraction or segmen-
tation. VGG16 offers an accuracy of 99%, and images are
further allocated into subcategories.

Table I shows the main pros/cons of our proposal
(DENARDO) and some of the most pioneeristic and recent
works in literature. Red and green values are considered nega-
tive and positive for the works, respectively. The third column
(Max Accuracy %) considers the maximum disaggregation
and classification accuracy; the term N.A. in % means that
the accuracy described in this article is not referred to in
percentage but is expressed in power/energy loss respect to the
expected values. The fourth column (Expensive Device) refers
to the cost of the hardware used for the testbed (expensive is
higher than $100). The fifth column (Only ON/OFF) refers to
the considered device models, such as only two or transient
states. The sixth column (Own model) illustrates if the work
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proposes a new model particularized for NILM or if it
adapts existing high-performing models, adapting the input
data to them. The seventh column (Low Latency) refers to
the delay needed for the disaggregation result. The eighth
column (Own Data set) refers to using already available online
or synthetic data instead of applying the approach to real
domestic or industrial environments. The ninth column (BN)
considers whether the proposed work considers the set of
appliances that remain always powered on. The tenth column
(Unconventional) refers to the application of models that,
typically, are not used in the NILM research topic. The 11th
column (Sampling) refers to the sampling frequency used
to collect samples, which is preferred to be high. The 12th
column refers to the number of considered appliances to be
recognized. In contrast, the last column (EasM, which stands
for Energy as Mobility) is related to the application of the
proposed model and other research fields. It is evident how
the proposed idea outperforms the other approaches, except
for the latency and sampling time, given that the hardware
is limited to a minimum sampling period of 1 s. This is
why we limited our investigation to domestic environments,
where some seconds of delay can be tolerated during the
disaggregation operations (if, for example, some automated
actions need to be taken in the function of the powered-
on appliance). The proposed NILM model and approach in
the current study builds on the works reviewed above and is
described in the next section.

III. DOMESTIC NILM FOR IMAGE APPLIANCE
RECOGNITION BASED ON HARTS’
DoMAIN (DENARDO)

Beginning with Hart’s work [16] and incorporating the
findings from other studies, we present a new method of
identifying and recognizing appliance consumption. We start
from Hart’s energy consumption Domain (HD € R?) and then
extend and apply it to data-to-image conversion and CNN
classification.

A. Initial Analytical Model, Notation, and ON/OFF Event
Recognition

Let the Domestic Appliances Set be defined as DAS =
{a1, a2, aj, ..., a,}, where |DAS| = n. When powered ON, all
appliances in DAS consume energy continuously over time
(statically or dynamically), but only the overall consumption in
period T (sampling period) at sampling frequency f = (1/7)
can be sampled. The continuous variable ¢ is then replaced
with kT, or simply k (for shorter notation, given that T is
fixed), in preparation for a discrete-time analytical/statistical
approach.

Each a; € DAS is characterized by its active power
consumption a‘?(k), reactive power af (k) (it can be seen as a
part of complex power that corresponds to storage and retrieval
of energy rather than consumption), voltage drop (or distortion,
if any) alV (k), spectrum (or frequency) components aiF (k), and
behavior a?. Therefore, in general, at a discrete time k, the
overall measurable features are

AGR) = B - ab (k) + -+ B () + - + B -l (k)
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R(k) = b5 - aRly+ -+ bF - afl) + -+ bk - aB k)
Vk)y = bk -al (k) + -+ bE-af (k) + -+ bk - a) (k)
Fy =0k -al (k) + -+ b -al (k) + -+ k- all (k) (1)

where bi-‘ is a binary value set to 1 if a; € DAS is powered ON
at time k or set to 0 if a; € DAS is powered OFF at time k. The
concept of behavior and the variables in (1) are explained in
the next section. . -

Defining the vectors b(k) = [b},...,b}], a(k)
[at k), ..., ak K], rtk) = [af k), ..., aR ()], v(k)
[a (), ....a) (&), f(k) = [al (k). ..., aL (k)] (1) become (in
more compact form)

A() = b - alk), RGK) = b(k)" - r(k)
Vik) = bk) - vk), F(k) = bk)" -f(k). ®)

Let us assume that, for domestic equipment, a single SM
outputs, at time k, the triplet SMoyy (k) = [A(k), R(k), V(k)],
which represents the aggregate appliance consumption at
time k. An explanation and evaluation of F (k) is given later.

To correctly relate the separate trends of A(k) and R(k) in
a generic measurement, we recall the definition of complex
power (the representation of power by a complex number,
where j> = —1 in this case) for appliance a; € DAS

Si(k) = Ai(k) £ - Ri(k) 3)

where |Si(k)| = \/A2(k) + R?(k) (defined as apparent power,
measured in [VA]), and the sign depends on the load type,
positive (4) for inductive load and negative (—) for capac-
itive load. Bold notation is used for complex numbers and
phasors. Regarding the phase for Sij(k), we have /Si(k) =
arctan £[(R;(k))/(A;(k))]. Therefore, in general, an increase in
A;(k) implies a decrease in R;(k) and vice versa, for a stable
value of |Sj(k)|. From (3), we can state that A and R are joint
processes, a useful concept for later. For completeness, we
recall that in energy/power analysis, the following relationship
is valid:

10 = 3V 1) = Vi (O, D™D )

rms

where the root mean square (rms) value of X (k) is (X(k)/ V2)
and Ag, (k) is the phase displacement between the Vj(k) and
Ii(k) phasors, equal to 6 (k) — 6! (k). Finally

Ai(k)

VAZ (k) + R? (k)

describes the power factor, which lets us evaluate the phase
displacement between voltage and current phasors according
to the equation

= cos [Ag, (k)] 3)

Ai(k)

VA (k) + R? (k)

The values Ag, (k) in (6), as with all the other defined values,
can be easily de-noised with a median filter [34], [35], which
is O(W?) for a mono-dimensional variable, where W is the
number of observed samples. We are mainly interested in

6} (k) — 6! (k) = arccos (©6)
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Ag,(k), because from the observation of several A;(k), R;(k),
Vi(k), and Ay, (k) courses, the phase displacement curve has
a more stable trend [than R;(k) and V;(k)], with a good
amplification of ON/OFF events [greater than A;(k)].

Given the set of points Ap, and an odd value W > 3, we can
thus obtain the output of the median filter at a point k (Z@i (k)
applied to Ag, by defining

w
A (k) = {A(;i(k— LEJ),...,AH,,(k),...

w
Ag, (k + L?J> } )

MED(Agj(k)), ifk> %)
, otherwise

and taking

Ag; (k) = { ®)
where MED(X) is the median operator for odd arrays, i.e.,
MED(X) = X[(W + 1)/2], with |X] = W > 3, and £ is
changed for covering the entire Ag, array (W can be also an
even value, but the notations for the integer index rounding
should be changed). Equations (3)—(8) remain valid also for
aggregate values of powers A(k), R(k) and voltage V(k) by
simply removing the subscript i.

Fig. 1 graphs a typical 350-s trend (7' = 1, 350 samples,
n = 3) of power consumption. The red curve represents the
sampled active power (at k = 16, appliance a; is turned OFF,
then it is turned back ON at k = 70; at k = 202, appliance
ap is turned ON, then OFF at k = 253; at the end, appliance
a3 is turned ON at k = 266, then turned OFF at k = 297,
for a total of six events; from k = 18 to k = 68 the three
appliances are turned OFF, but consumption is not zero because
of background activity, explained in the next section). For a
complete description, a; is a 75 IPS-LED Smart TV, a3 is a
120-W incandescent lamp, and a3 is an oven. The blue curve
represents R(k), the green represents V(k), and the black curve
with its square-like cyan approximation represents Ag (k) and
its median-filtered version (W = 10). It must be noted that
the trends of A(k) and R(k) are opposite during and after the
ON/OFF events [confirming their joint nature, mentioned above
after (3)]. When a; € DAS is powered ON, A(k) has a positive
spike whereas R(k) indicates a negative; when a; is powered
OFF, A(k) continues to decrease while R(k) increases.

Once the filtered aggregate phase displacement array Ay
has been obtained, it is possible to dynamically evaluate
when an ON/OFF event occurs (the ON/OFF concept will be
extended with state-change events in the next sections). Several
approaches can be applied to recognize events [36], [37], [38]
in both the time and frequency domains, but they are based
on complex implementations and require relatively expensive
hardware and metering systems. More simply, the proposal
here is based first on event recognition and then on appli-
ance classification. Given the two W-sized arrays Ag(k) and
Ag(k+ 1), we can therefore evaluate whether the following
inequality is satisfied:

1 w o w o
AW = 35+ |2 Botk @) = Y Bok+1.9)| > b (9)
q=1 g=1
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Fig. 1. Simple example of A(k), R(k), V(k), Ag(k)/Ag(k) trends for
350 samples in a domestic environment.

where Ag(k, q) is the gth element of Ag(k), as defined in (7)
and (8). Using (9), the monitoring system evaluates whether
a change has occurred in the average value of the phase
displacement samples (A(k)) between the W-sized windows,
evaluated at kT and (k + 1)T. If A(k) is greater than O7y,
and the quantity inside | - | is positive, then an OFF event
occurred (if the term is negative, an ON event occurred). The
relationship of (9) continues until a new, stable consumption
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Fig. 2. Magnification of Ag in Fig. 1, from k = 12 to k = 28, with the
sliding window approach (W = 3), starting at k = 15.

condition is reached, and thus event recognition is triggered
once only, until A(k) < Orp,.

Fig. 2 illustrates how the sliding window approach works:
the trend from k& = 15 is monitored, and the window moves
to the right each kT (T = 1 s in the example). The vertical
size of each represented window increases to distinguish it
from others. For each step, A(k) is evaluated and compared to
A(k + 1), and if the relationship of (9) is satisfied (we assume
at k+ 1 = 18, for example), then an event is recognized. The
sliding window approach may also be based on the standard
deviation or the mean squared error (MSE) [39], but the critical
matter is the choice of W and 67y,-. The numerical results
section below demonstrates how the best values for these
two parameters are determined, taking into account historical
traces.

Another assumption in the model is that the effects of energy
sources (e.g., photovoltaic systems, inverters, or batteries)
in the domestic environments are neglected. It is possible
today to interface devices directly and know the exact energy
production for each time k7. We therefore assume that no
sources are present and that if one or more energy sources
belong to the environment, their effects are neglected since it
is always possible to know the instantaneous generated energy.

The main problem can then be formulated as follows:
given the triplet SMou (k) and F(k), the elements of b(k) are
evaluated to determine which appliances are powered ON or
OFF.

B. Background Noise Distribution, Appliance Behaviors, and
Energy Consumption as Unnatural Mobility Process

Another important contribution of the research presented
here in contrast to other works is in accounting for BN.
As stated in Hart’s proposal [16], each a; € DAS behaves
differently because of its nature. For example, a nonadjustable
lamp a; can switch between two states only, therefore the
behavioral concept which applies to the lamp is the binary
set aﬁ = {0, 1}. A different case is a heat pump a;,, which
attains several consumption levels as a function of its required
heating output, in this case a;, ={0,1,2,...,1}.

For each moment in time, we therefore have a; (k) € af-gl
and a;, (k) € aﬁ. We also assume that the stand-by (SB) mode
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HD plane nn(kl. nR{k;

-192
68

(=] 70 71 72 73 74 75 76 77 78
n*(k) (W)
Fig. 3. Example of the BN HD plane for 1800 samples.

in electronic devices is different from the OFF status (although
the device is not in use, it consumes a very small amount of
energy).

It should also be clearly noted that some appliances are
usually never powered OFF, for example a refrigerator (it
functions autonomously), an electronic oven (it maintains a
display which is ON at all times), an electronic heating/cooling
machine (it autonomously enters SB mode), a television set
(it waits for IR inputs), and many others.

Defining DASpoise as a strictly contained subset of DAS,
DASypise C DAS, with |DASygise|] = m < n, the BN can be
expressed as the triplet

k) =al (k) + -+ at )+ + ) =) k)
j=1

R = af (k) + -+ af W)+ -+ Bk =Y ak )
j=1

n' (k) =a) (k) + - +a (k) + - +antk)=Y_af (k) (10)
j=1

which are the aggregate energy contributions of the appliances
acting autonomously or remaining in STAND-BY (i.e., they
are never OFF).

As an example of the typical trends obtained from (10), we
collected data without any appliance activity, only DASneise
devices, from the period 1 A.M. to approximately 1.30 A.M.
(1800 samples, with T = 1) and obtained the BN HD plane
(neglecting n" for now) plotted in Fig. 3.

Fig. 3 gives a detailed view of what happens during the OFF
modes of n—m appliances. A well-defined consumption cluster
is clearly distinguishable. With even more detail, the BN shape
can be further investigated and provide deeper insight into
what happens with background appliances. Figs. 4 and 5 graph
the pdf of the data cluster depicted in Fig. 3, in terms of n*
and n®, respectively: we can conclude that we are dealing with
Gaussian distributions.

To correctly relate the separate trends of n* and n® depicted
in Figs. 4 and 5, we recall the definition of complex power
given by (3). In this manner, a precise match between the data
in Figs. 3-5 can be found by reading the n pdf from left to
right and the n® pdf from right to left. The values obtained for
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Fig. 6. 3-D Histogram of the BN data represented in Fig. 3.

the normal fit are 4 = 72.5294 and o4 = 1.6466 for n*, and
uR = —186.0022 and o® = 1.8783 for n®. It is interesting to
observe the correlation between the two processes; the data in
Fig. 3 can represented differently with a 3-D histogram, as in
Fig. 6. From (3) and Fig. 6, we can assume that pdf(n*) and
pdf (n®) correlate (movements on the HD plane are possible
only from left to right with a decreasing n® trend and from
right to left with an increasing nX trend), therefore the joint
density probability of the bi-variate variable (n*, n®) can be
defined as (we avoid using the k argument for simplicity of
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notation)

1

2,/ I=K]

{—% () = e |- (25) 7

[(nA, nR) — (1A, ,U«R):I/}

where Ef is the covariance matrix of the joint process and
|E§| is its determinant. We recall that the variances of the
two variables of )31{‘e are on the main diagonal and that
the covariances between variables are off-diagonal elements.
From (11) and the previously obtained parameters (the data
plotted in Figs. 3 and 6), an ideal shape is obtained and
depicted in Fig. 7 (to clarify the idea of the statistical trend).

Without additional perturbations (ON/OFF events), we
expect the measured phase shift to be mostly constant. Fig. 8
in fact indicates that the average value of Ap (k) is 1.199 rad,
the maximum is 1.2064 rad, and the minimum is 1.1918 rad,
with a negligible variance of 3.4736e-06 rad>.

As a novel contribution, the current study proposes an
extension to the HD plane: Hart’s concept is based on data
classification in a 2-D domain, i.e., a cluster of points on
a surface refers to an appliance. Hart’s concept describes
how these points are positioned on the plane and the explicit
manner in which the points create clusters on that HD plane

f[(”A, nR)» (a5 R)s Eﬂ =

- exp

(11
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Fig. 9. Mobility CP for the first 100 samples of Fig. 1.

(the manner in which they form their own cluster or move
within that cluster).

To incorporate this behavior, each appliance is considered
as a mobile node which moves into a 2-D geographical
area (the dimensions depend on the minimum and maximum
cluster locations). To avoid adding more variables, the notation
used until now (a; € DAS) can be applied to indicate both
appliances and mobile nodes. Each node possesses its own
mobility behavior (not only composed of visited points),
therefore it is possible to obtain a single HD plane for position,
speed, and acceleration. For a single appliance/node, each
point on the HD plane can be converted into a location in a
geographical area according to the following relationship:

Pa(x, 3. = (e - @ (). B, - af () = Py (B

where o, = 1 m/W and 8, = 1 m/VAr are two coefficients
for translating power units into Cartesian meters.

For the aggregate points on the Cartesian plane (CP), we
have [recalling the notation of (2)]

P(k) = (ap Y il k), By le-af(k))

i=1 i=1

= (ap - A(K), By R(K)).

12)

(13)

To illustrate this concept, let us examine the first 100 samples
in Fig. 1 after conversion with (13).

Fig. 9 depicts the aggregate path P(k) of n = 3 nodes
(appliances) over a period of 100 s (T = 1). The red part of
the trajectory describes the first 16 samples, then the active
(reactive) power decreases (increases) and another mobility
cluster is created (green trajectory), lasting 53 s, and again the
active (reactive) power increases (decreases) and the trajectory
returns to the starting cluster (blue curve) in the last 30 s.

At this point, although these obtained aggregated
movements (13) are not natural, the concepts of appliance
speed [SP(k)] and acceleration [AC(k)] can also be defined
and analyzed in detail

A —_ .
P = & (k + 1; af (k)
af(k+1) — af (k)
T

spRk) = (14)
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Fig. 11. Reactive speed (SP(k)’s y component) of the CP relative to the first
99 samples of Fig. 1.

and then

n n
SP(k) = (as,, Y bi-spk), B+ Y bi- spf(k)) (15)
i=1 i=1
where ag = 1 m/(s-W) and By, = 1 m/(s-VAr) are the
translating coefficients for the SP(k) process.
The same definitions are valid for AC(k)

0 ) = spp(k + 1;—sp§‘(k)

spf(k +1)— spf(k)

acﬁe k) = T

(16)

and then

AC(k) = (aac =Y i act (k), Bac - Y bi- acf (k)) (17)

i=1 i=1

where oz = 1 m/(s>W) and B, = 1 m/(s>-VAr) are the
translating coefficients for the AC(k) process.

Using the definitions above, the appliance derivative behav-
ior can be described (in terms of energy consumption) with
the aggregate speed, as in Fig. 10.

Let us represent SP(k) as two separate figures (one for
the x coordinate and one for the y coordinate) for clarity
and a better demonstration of its meaning. Figs. 10 and 11
reveal that ON/OFF (or changing state) events are obvious.
Figures 12 and 13 illsutrates the acceleration trend. The three
colors depict the three data clusters illustrated in Fig. 9, and
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the transient trends (positive/negative spikes) indicate how
aggregated mobility migrates from one cluster to another.
For a complete illustration, we also describe what happens
with acceleration. Given the relative low sampling frequency
(T =1 s, ie., f = 1 Hz), the transient mobility points
(corresponding to ON, OFF, or a change in state) appear to
be segmented. The mobility values here (especially speed and
acceleration) are undoubtedly unnatural, but they are easy to
evaluate in real time and allow additional features to be added
to the HD plane.

C. Appliance Recognition Through Data-to-Image Encoding

Classic clustering methods, such as those applied
in [30] and [31] are not suitable with NILM because, while
the number of possible clusters (directly related to each
node/appliance) is linearly dependent on n—m, the aggregated
results are exponential, i.e., proportional to 2"~ and taking
into account all possible combinations is not efficient from a
computational point of view. For example, if n —m = 15 (i.e.,
few appliances in a house, excluding background devices), the
maximum number of possible states (ON/OFF combinations)
is exponential and equal to 2! = 32768. It is preferable to
train and validate the classification module on a huge number
of classes, and hence, it would not be feasible. Mainly for this
reason, but also to propose a light and scalable approach, we
propose a new appliance recognition scheme which avoids this
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Fig. 14.  Position, speed, and acceleration of the BN over a period of
1800 samples (s).

problem by working on a linear scale instead of an exponential
scale. First, the following realistic assumptions apply.

1) The monitoring system activates only when BN is
present, i.e., when the other n — m nodes are powered
OFF. This implies that the final part of the vector

bk) = [bﬁ_mﬂ,...,b’,j] is initially set to [O,..., 0]
(equivalently, we can say that the indexes for all nodes
which do not create BN are placed at the origin of the
HD’s plane, with zero sReed/acceleration). Similarly, the
first part of the vector b(k) = [bk, R b’,‘n], is always set
to[1,...,1].

2) If two different appliances are not powered ON/OFF at
the same time, at least W samples should be between
two consecutive events.

3) The power ON status of each appliance should last for
at least W seconds.

4) When the algorithm begins, it needs at least 2 x W
samples before starting its analysis of event recognition,
as in (9).

BN has already been characterized as a bivariate Gaussian

process, hence its position, speed, and acceleration also require
definition. The results for generic aggregate consumption are
then generalized.

Several measurement campaigns suggest that BN’s related
variables can be assumed to be Gaussian processes (given
as the sum of each appliance contribution, which is also
Gaussian). In other words, we already know that nA
N, 02), and n® ~ N(u,r, 0%), but from (13), (15),
and (17), we can also write, for DASpise nodes

m m
A R
% Sp;l ~ N(O, O—;]nA ) ) § sp;’ y N<O’ O'XQ[‘?”R)
j=1 j=1

iac]’-’A ~ N(O, oazan), Xm:acf’R, ~ N(O, GazcnR) (18)
j=1 J=1

where the variances are easily measurable.

Fig. 14 in fact shows that it is possible to evaluate the BN
immediately (in terms of position, speed, and acceleration) and
determine the distribution of its values (Fig. 15).

For complete details, we point out that, for the BN
evaluation in the previous figures, m was set from 2
to 8 (a router and an energy meter), and the trend

~
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was always Gaussian. Variances, however, tended to be
higher as m increased (according to [32], [33], and [40]).

The obtained statistical parameters were . = 72.53 m,
oZ = 2711m, px = —186m, o’ = 3528m,

o? , = 41628 m/s, 0% , = 5.07 m/fs, 0% , = 12.08 m/s?,
sp' sp" ac”
and 0% , = 15.0846 m/s’.

Gertllfc:rally, given a random variable X which follows a given
distribution characterized by its probability mass function
(or discrete density function) px(x) or fx(x) = pdfx(x) for
continuous variables, the characteristic function of X, ¢x(w)
can be evaluated as a discrete Fourier transform [(DFT), or the
FT in the case of continuous variables] of p(x) or pdfy(x), i.e.,
Flpdfx(x)] = ¢x(w). Here, we focus on continuous random
processes derived from samples, but the variables can assume
values which are neither discrete nor limited in any way.

In the case of a domestic environment, the variables n (k)
and nR(k), which represent the aggregate positions of BN on
a plane, are normally distributed N (w4, ojA). The random
variables for BN’s speed and acceleration [as defined in (18)]
also follow this distribution, and therefore, we can write their
pdfs as:

| _ (HLE,A)2
P(nA(k) - x) = [ @) = ——— e W
ZnonzA
1 _ (Xiugk)z
P(n"(k) = %) = firgy () = ——=—=-¢  *  (19)
Zno}fR

and their characteristic functions O () (@), Yur) (@) as the
FT of fa) (%) and fyr (x) [32]

()’
1 +00 2a+ )
o = e [T o
2ro2, -
n
2
1 soo L)
Ok (@) = — / e R dx (20)
‘/27102,? —00
n
which can be written as in [33]
1,252 45 1,22 .
‘pnA(k)(w) — ezw UﬂAJrjwunA’ Pk (t) (w) = e2? O RTIOW,R Q1
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where j is the imaginary unit. The expression in (21) is
significant, because it provides the means to apply a de-
noising algorithm, as illustrated below. Avoiding a repetition
of the above illustration for speed and acceleration, we can
rewrite (21) as follows:

%wzcznA j0’a? R
— sp — sp
(pspnA (k) (C()) e ’ (psan (k) ((,()) e
1,262 1,2 2

FW"O
Gt @ =" g r (@) = (22)

where the imaginary component is null since the mean values
are zero (18).

Highlighting some important properties of the characteristic
function, we recall that given two independent, normally
distributed random variables X and Y, the variable Z =X +Y
will have the characteristic function [32], [33]

pz(w) = px(w) - py(w). (23)
Taking into account (21), (23) becomes
vz(w) = e%w2(0§+03)+jw(ltx+m’) (24)

which corresponds to Z = N(ux + iy, 0 +02). In the same
manner and under the same assumptions, it can be shown that
ifZ=X-Y,thenZ = N(ux—puy, a)% +a§). The expression
can then be generalized as follows: given a set of independent,

normally distributed random variables {Xi,...,X,}, if Z =
X1+ - -+ X,, then:
r r
f200 =N (Z wx. Y 0;%,) (25)
i=1 i=1
and, in the same manner, if Z=X; —--- — X,
r r
fz0) =N </Lx. =Y ux. foé) (26)
i=2 i=1

Hence, in terms of probability density functions and neglect-
ing the voltage trend and discrete time variable k to improve
readability, (10), (15), and (17) become

m m
fir () =N Zua]f_\, Zaaz?
j=1 j=1
m m
Fir @) = N| Do D05
j=1 j=1
m
_ 2
fpa ) =N|o0, Zl 02
J:
m
_ 2
fr @) = N0} 0
j=1
m
_ 2
Lot () = N0, ; 0! e
m
— 2
fut @ =N[0.3 02 27)
j=1
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This allows us to define the second main contribution of this
article.

Based on the properties of independent normal random
variables described above, we propose that when one (or more)
node a; € {DAS — DASypise}, for i = n—m+1,...,n, is
“moving” (powered ON), the measured aggregate instanta-
neous consumption/position (both active/x and reactive/y) is

Ak) = dif (k) + a5 (k) - -+ + dip (k) + (k)

R(k) = af (k) + a5 (k) -+ al (k) +a (k) (28)

where the first m terms refer to the BN appliances, and the
(m + 1th term refers to a; = a;+1. The quantities and
relative distributions on the left side of (28) are immediately
measurable by a SM, and the distribution shape of the first m
aggregate contributions is known from (27). Consequently, a
method for dis-aggregating the energy/mobility distribution of
the (m + 1)th node is required.

Let us suppose that at time kj,,1;, a generic node a,; €
DAS \ DASpoise, for i = 1,...,n — m, is powered ON/OFF.
The transient dynamic is detected by A (k) > 673, (9) and also
detected when finished after a delay &". Therefore, at time
kn1i+36;", a new stable state is reached, given by the movement
(energy dynamics) of the {ai, ..., ay, anti} aggregate nodes.
At time ky,4; + 8,+i, the following relations are valid:

Alkmsi + 87) = 0 (k) £ aib i (ks + 87
R(ki +81") = n® (k) £ a® 1 (ki + 87")
5P (ki + 87%) = 17" (k) = 5p2% 4 (ki + 87
PR (ki + 87) = 1" (k) £ 5pR (ki + 87
ac (knyi + 87) = 0 (k) £ ach (ks + 87"

ac (km+i + 8,’") — poc (k) £ acmH(kari + 68" )

where the + operation indicates a power ON event, and the
— sign indicates a power OFF event. From (29), it is very
simple to statistically evaluate the added (subtracted) terms in
the second members, given that the first members represent
the new aggregate (position, speed, and acceleration) trend
after the last event (i.e., the SM’s current output), while the
first terms in the second member represent the BN-related
variables (position, speed, and acceleration) before the event
(logged by the monitoring system). It must be noted that
after the arrival/departure of a node (appliance) on/from the
map, the new aggregate becomes the new BN for the next
power ON/OFF event. The approach represented by (29)
allows statistical characterization of a moving node, but a
classification is still required once the added/subtracted term is
statistically derived to recognize the particular appliance/node.
To this aim, we exploit the same approach proposed in [11],
where evaluated data is converted into an image format and
then classified by a CNN which extracts the required image
features. Specifically, we use the mobility to matrix encoding
(MME) algorithm, whose details can be found in [11].

(29)

IV. EXTENSIVE NUMERICAL ANALYSIS

This section analyzes the proposed scheme. A domestic
environment, where n = 42, is examined. Table Il summarizes

13971

I I AES Y E B

o6 >

Ple  P1- P2¢  P2- L o N
"M
=110-240V, 2 channel energy meter
Relay output: ~110-240V, max 2A
www shelly cloud

A C€RoHs E

() | ()
@5

Fig. 16. Shelly EM device used in our testbed.

Fig. 17.

Shelly EM integration with the main control panel.

the DAS of the appliances, indicating always ON m devices
that contribute to BN. The final two columns represent nominal
(N) or SB power and maximum (MAX) active power, respec-
tively. The SM is a Shelly EM [41] (a¢), linked wirelessly
to the rest of the network while being wired to the general
electricity meter. Fig. 16 shows the Shelly EM device while
Fig. 17 shows its integration with the general control panel of
the considered house.

Consumptions data has been retrieved and stored by a
dedicated Python script, called future house energy manage-
ment (FEHM), whose frontend and backend are shown in
Figs. 18 and 19. The application has been based on the Kivy
virtual environment [45].

FHEM can interact with Shelly by the HTTP protocol,
periodically asking for the needed consumption data. It can
also get data from the solar power inverter, but it is out of the
scope of this work.

The experiment proceeded as follows: the quality of the
CNN (the same as in [11]) was evaluated by powering a
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TABLE 11
COMPLETE LIST OF COMPLETE NODES/APPLIANCES IN THE DOMESTIC SCENARIO
Node Name Description N/SB [W] | MAX [W]
Always ON (no events possible)
ay Notebook 1 Huawei Matebook D 147 10 10
as Notebook 2 Lenovo Thinkpad 147 13 13
a3 Shelly 1 Shelly 1 — WiFi Switch 4 4
aq Shelly 1 Shelly 1 — WiF1 Switch 4 4
as Aquarium Wave 1001 aquarium with pump 18 18
ag Shelly EM Shelly EM Smart meter 4 4
ay TV amplifier Meliconi 15dB 750hm TV Signal amplifier 8 8
ag IR Camera Trust Recording IR IP camera 6 6
g Intercom Vimar Video Intercom audio/video 10 10
Normally in STAND-BY mode (BN contributors)
a1n Led Bar Sm Led Bar —Cold white =(.5 28
a1l Heating Oven REX Heating Grill Oven <2 2170
12 Heating Pump Beretta FE12 Heating Pump <8 2865
a3 Smart TV 1 Samsung 327 LED panel Smart TV <l 280
14 Smart TV 2 LG 75" NanoCell IPS panel Smart TV <3 200
alg Smart TV 3 Samsung 40” LED panel Smart TV <1 250
16 RGB Bulb WiFi RGB Bulb with remote control <0.5 9
aly Microwave Oven REX Microwave oven <3 1700
a1s HiFi System Sony HiFi cassette — CD player <2 130
19 Voice Control Alexa Echo Dot 3rd gen. <2 10
aag Refrigerator LG WiFi Refrigerator <12 85
Normally OFF (explicitly powered ON, no STAND-BY mode)

az1 Lamp | Light LED lamp 19
199 Lamp 2 Light LED lamp 19
a3 Lamp 3 Light lamp 40
94 Desktop Asus and NVidia PC 16GB RAM 450
aas Lamp 4 Light LED lamp 19
a4 Lamp 5 Light LED lamp 10
a7 Lamp 6 Light LED lamp 19
og Lamp 7 Light LED lamp 10
a2q Lamp 8 Light LED lamp 19
30 Lamp 9 Light LED lamp 29
ag Led Strip Sm LED strip 30
32 Lamp 10 Light LED lamp 19
33 Dishwasher REX Dishwasher 2000
agq Extractor Hood Faber air extractor 400
35 Lamp 11 Light LED lamp 10
asg Washing Machine REX Washing Machine 2000
a7 Lamp 12 Incandescent lamp 80
a3s Lamp 13 Incandescent lamp 80
a3g Electric Door Electric Garage Sectional Door 300
@40 Hydraulic pump External water pump 450
41 Hair dryer Remington hair dryer 2100
49 Iron Rowenta Iron 1800

seamas. woavsewm. e s TATET Vorie, e ssnonn mer s

Fig. 18. Frontend of the FHEM application developed in Python on the Kivy

virtual environment for implementing the DENARDO proposal.

Fig. 19. Backend of the FHEM application developed in Python on the Kivy
virtual environment for implementing the DENARDO proposal.

range of nodes/appliances ON and OFF, starting with the nine
always-ON devices (a1, ..., ag) and then randomly selecting
a greater number of contemporary nodes (12-42). Each power

consumption trace was encoded into images by the MME,
for different values of W. The CNN was then trained and
validated.
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A. Background Noise Statistical Characterization

A first preliminary session of data collection was ded-
icated to DASnoise BN analysis. Specifically, m = 20
appliances/nodes (nine always ON plus 11 in STAND-BY
mode) were observed for 15 periods of 18 min (1080 sampling
points, at T = 1 for each period, for a total of 270 min,
i.e., 4.5 h) at night (starting from 1.30 A.M.). Each of the
graphs presented below illustrates the results for one randomly
selected period (no noticeable differences between the results
for different periods was observed).

Figs. 20 and 21 indicate the active and reactive power
consumption over the observed period (these can be also
be seen as the x and y components of the aggregate node
mobility). From the graphs, the trends described in the the-
ory are not immediately and simply recognizable as power
ON/OFF events, given their highly time-varying nature.

Fig. 22, however, instead illustrates how the concept of
UMP can be immediately verified: appliances move on Hart’s
plane and create traces which represent the cluster of the BN
process.

Fig. 23 shows the real aggregate phase displacement trend
(Ag(k) in black) and its smoothed order-4 median filtered
version (Ag(k) in red). In the first case, the mean value
is 1.1199 rad, with a variance of 3.8949-1075 rad® (with
a minimum of 1.1742 rad and maximum of 1.2164 rad,
and therefore a dispersion range of 0.0422 rad). The filtered
signal instead shows a mean value of 1.1991 rad, a variance
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Ag (k) (black) and Ag(k) (red) trends for the m = 20 devices

of 6.1641-107° rad?, with a minimum of 1.1934 rad and
maximum of 1.2076 rad (dispersion range of 0.0142 rad).
These values show that, by filtering the phase displacement,
the mean value is not altered (the difference is only 10 urad),
and the variance and dispersion range are heavily reduced,
giving the system a more stable representation of the aggregate
signal and reducing the error probability in ON/OFF event
recognition (as shown in the following results).

At this point, the BN process for the m DASpoise devices can
be fully statistically characterized, because its distributions,
speeds and accelerations in terms of active and reactive
components are easily evaluated. For readability purposes, in
addition to the n* and ng processes, we show only detailed
pdfs for SP and AC processes, given that their values follow
the same trends illustrated in Fig. 14.

Fig. 24 plots the pdf trend for the n* process, evalu-
ated over 18 sampling periods. Its statistical parameters are
> LR = 72.5173 W (or m) and L 1UA = 2.7262 W2,

This means that 99% of the active power (or x posmon) values
[ IGZA’ i Pt
/

3 [, 021, form =20, i.e., [67.5639, 77.4706] W (or m).
J

Fig. 25 plots the pdf trend for the n® process, evalu-
ated over 18 sampling periods. Its statistical parameters are
Sy g = —185.9467 VAr (or m) and Y 7" | 0 &= = 3.697

J

belong to the range [Z 1Bt 3.
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VAr?. This means that 99% of the reactive power (or
y position) values belong to the range [Z'-":l Mgr — 3 -
J

/Zj'."zl aij, Zlm:l Kk +3- Yo R] for m = 20, ie.,

[—191.715, —180.1785] VAr (or m).

Fig. 26 plots the pdf trend for the sp”A process, evaluated
over 18 sampling periods. Its unique statistical parameter is
ij=1 szns S, = 4.1771 m?%/s? (as expected, its mean value is
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0.0025~0). This means that 99% of the actlve s eed Values
belong to the range [—3 - Zj 1‘7 Do o SPA]
for m = 20, i.e., [—6.1314, 6.1314] m/s

Fig. 27 plots the pdf trend for the sp process, evaluated
over 18 sampling periods. Its unique statistical parameter is
> ol ok = = 5.3613 m?/s? (as expected, its mean value is
—0.00 SNO) This means that 99% of the actlve S eed Values
belong to the range [—3 - Zm . pR, ]_1 a . pR]
for m = 20, i.e., [—6.9464, 6.9464] m/

Fig. 28 plots the pdf trend for the ac™ process, evaluated
over 18 sampling periods. Its unique statistical parameter is
ZJ 102 o = 1218 m?/s* (as expected, its mean value is
—0. 0031~0) This means that 99% of the actlve s eed Values
belong to the range [—3 - Z » cA’
for m = 20, i.e., [—10.4657, 104657 m/s

Fig. 29 plots the pdf trend for the ac™ process, evaluated

over 18 sampling periods. Its unique statistical parameter is
Z "ol Wk = 16.0991 m?/s* (as expected, its mean value is

0. 0053’1"0) This means that 99% of the active speed values

belong to the range [-3 - /> /3o o nacR]’

for m = 20, i.e., [~12.0371, 12.0371] m/s%.

la acA]’

2
lo.j’nacR’ 3.
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Fig. 30. Main process of data-to-image conversion and the creation of
artificial features.

B. DENARDO Data to Image Conversion

This section references the work in [11] which demonstrates
the process of classifying mobility data across a geographical
area by converting the data into images. The concept is
presented here only in its fundamentals. For more details,
refer to [11] and the related data set [42]. As proposed in the
current study, by considering appliance power consumption as
an UMP, it is possible to compare the aggregate behavior of an
appliance to the movement of a mobile node in a geographical
area. As a new node joins (powered ON) or leaves (powered
OFF) the aggregate, the mobility behavior changes drastically.
A set of consumption trace-files (mobility data) permits
conversion into images (not simply by converting an array into
a matrix, but by finding a suitable data encoding method to
create features within images for a CNN to recognize and thus
classify the image [11]). Given the values for A (k) [or x(k)]
and n®(k) [or y(k)], it is possible to completely characterize
the aggregate node position on Hart’s plane. Similarly, given
the values for sp"A (k) [or vy(k)] and sp”R(k) [or vy(k)], it
is possible to completely characterize aggregate node speed
during movement, and given ac”A and ac"R, also acceleration
[ax(k) and ay(k), respectively]. Defining a spreading factor sf,
mobility data can then be encoded into images, as illustrated
in Fig. 30.
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Fig. 31. Example of three 2828 real BN images encoded by the MME
algorithm, where sf =4 and u = 7.

To summarize, mobility data (position, speed, and accel-
eration) sampled at 7 seconds is collected every WIN=u -
T seconds (where u € Z%1). The images are square, with
dimensions u - sf. The red channel is reserved for position
values, the green and the blue channels are reserved for
speed and acceleration, respectively. For each channel, the
mobility sample is normalized between O and u - sf and
rendered into the image as consecutive pixels (from top to
bottom for the x coordinate, from bottom to top for the y
coordinate). The sf indicates the change in shifting the x and
y columns: this should be at least equal to 2, and if sf = 4
for example, it means that the first column is dedicated to
the x component, followed by a blank (black) column, then
the third column dedicated to the y component, and again a
black column. This structure is repeated u times to obtain u-sf
columns. In Fig. 30, the upper square images represent the
MME encoding mentioned above for the three channels, and
the bottom images are their color versions. The final image
combines the three channels (Fig. 31). For more details, refer
to the MME algorithm proposed in [11].

Once a set of images (one every WIN seconds) is created,
it is processed by a trained and validated CNN. The CNN’s
layering reflects an extension of classic LeCun’s [9] structure.
Layering the CNN is beyond the scope of the current study,
therefore we incorporated the methods and results from our
previous research in [11].

C. DENARDO Event Recognition

The proposed algorithm first required training and tuning to
the environment. To this aim, we determined the optimal set of
{W, 6rn,} for which the probability of incorrectly recognizing
an ON/OFF event (false positive) was below 0.01, referring
to (9). Specifically, we trained the CNN on 20 sequences
of 1500 s (T = 1 s, i.e., 25 min for each sequence for a
total of more than 8 h), during which 35 of the n = 42
appliances were used normally (nine devices always remained
ON, as illustrated in Table II, after the photovoltaic system
shut down).

Fig. 32 shows the average heat map as a function of 67y, on
the x-axis and W on the y-axis. The standard hsv MATLAB
color map was customized to increase the contrast between
dark-blue color (optimal) and other colors. The colored chart,
where the optimal value is O (dark-blue), represents the average
difference between the real number of ON/OFF events and the
events recognized by DENARDO. Thex-axis (07y,) values are
scaled by 1074,
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Average difference between the real events and the ones recognized by DENARDO

Thr (x 1e-4) [radis]

Fig. 32.  Admissible regions for the DENARDO algorithm as a function of
W and 07y, in (9).

50 100 150 200 250 300 350 400 450 500
Thr (x 1e-4) [rad/s]

Fig. 33. Recognition delay of the DENARDO algorithm as a function of W
and 6O7y,,; the black vertical segments bound the chosen 67y, ranges for each
value of W.

It can be observed that as the values of W increase, the
admissible threshold range shrinks and decreases: for W = 3,
we can choose 07, € [318¢—4, 465¢—4], for W = 5 we can
choose 07y, € [181e—4, 258¢—4], for W = 7 we can choose
O € [124e —4, 176e — 4], for W = 9 we can choose 07y, €
[118e—4, 135¢—4], for W = 11 we can choose 67y, € [92e¢—
4, 105¢ — 4], and for W = 13 we can choose 07y, € [83¢ —
4, 90e—4] (W =1 is meaningless, and higher values of W do
not easily attain a recognition error probability below 0.01).

Execution of DENARDO on the 20 sequences and a
selection of different window sizes W provided the results to
evaluate the average delay in recognizing each ON/OFF event
(i.e., the time measured from the moment of the ON/OFF event
to its recognition). Fig. 33 depicts the delay trend, with the
optimal threshold ranges highlighted for a precise view of the
areas of delay for evaluation. It can be seen that within each
identified range for a fixed W, the delay is almost constant. For
example, at W = 3 the event is recognized in approximately
3.7 s, at W =5 the delay is about 5.43 s, at W = 7 the delay
is about 7.81 s, at W = 9 the delay is about 9.2 s, at W = 11
the delay is about 11.27 s, and at W = 13 the delay is 13.36 s.

The results illustrated in Figs. 32 and 33 suggest that W
should be kept at a value between 3 and 7, given that
the recognition accuracy does not change (it is compensated
for by Or,) and that delays greater than 8 s may not be
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Fig. 34.  Aggregate UMP position traces in the HD plane for BN and

appliances ajq, a1, a12, and a3, referring to the terms in (28) and (29).

useful if, for example, a domestic automation system requires
activation according to user behavior. It should be noted that
the long delay times in the example here relate strictly to the
low sampling frequency of 1 Hz (inexpensive energy meters
which use a sampling frequency of 10 Hz and obtain delays
below 1 s are readily available on the market), which is the
reason for considering domestic environments. For industrial
environments, this approach can be easily adapted by obtaining
a higher granularity in the collected samples.

D. DENARDO Appliance Classification

This section presents the core results of the simulations
obtained from the DENARDO algorithm using the parameter
pairs W = 3 and 07y, = 4e-2, W = 5 and 07y, = 2e-2, and
W = 7 and 07, = 1.5e-2 (for notation simplicity, we refer
only to the window size W; for the values of 67y, refer to the
previous section).

Fig. 34 depicts the clustering effects on the HD plane when
different appliances are powered ON, calculated from (28)
and (29). A comparison of these results with the results in
Fig. 22 indicates that BN movements are shifted both hori-
zontally (on the right since the active power consumption can
only increase with respect to BN) and vertically in a different
manner, according to Hart’s theory [16]. The study’s key
innovation is the DENARDO algorithm’s ability to determine
each appliance’s contribution to BN over time. As already
discussed in the theory, the algorithm analyzes not only the
node’s position in the HD plane but also it’s movement within
that plane (speed and acceleration).

Figs. 35 and 36 depict the scatter plots for aggregated
speeds and accelerations, respectively, of the BN and appli-
ances. As expected, the mean values are O (the scatter points
fade to white the farther away they are from 0), and the
variances are different, confirming (27). In statistical terms,
Figs. 34-36 are the quantities on the left sides of (28) and (29)
and represent the new BN components after new ON events
of appliances ayg, a11, a2, and a3 occur.

At this point, using the properties of characteristic func-
tions of normal distributions (described in Section III-C) and
because the BN before the events is known, DENARDO
statistically disaggregates the current power consumption of
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and a3, referring to the terms in (28) and (29).
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Fig. 36. Aggregate UMP acceleration traces for BN and appliances ajq, a1,
aip, and ap3, referring to the terms in (28) and (29).

each appliance. Therefore, the algorithm calculates [from (29)]

(ks + 8") = Alkii + 87") = 1 (kim)
a® (ki + 87) = Rlkmi + 8") £ n® (ki)
spibi (ki + 87) = sp® (ki + 87" + 1% (k)
PR (ki + 87) = 5pR (ki + 87) £ 17" (ki)
acf‘,hLl( mai + 8m) = dCA( mti + 5'.") + o (k)
ac®  (kyi + 87") = ac® (knyi + 87" £+ 1 (k) (30)

where the negative (—) operator refers to ON events and
the positive (+) operator refers to OFF events. To perform
the operations in (30), if DENARDO recognizes an ON/OFF
event, it evaluates the normal distribution parameters of the
quantities on the right side every W seconds. The left side is
obtained from the properties of normal distributions and the
sum/difference between two normally distributed processes, as
described in Section III-C.

As a final discussion, we evaluate the accuracies for differ-
ent scenarios and compare the results with the performance
achieved in several other works in the literature. First, we
examined nine nodes/appliances comprising the static BN. The
DENARDO algorithm was then applied to different scenarios,
each time with an increase in the number of powered ON/OFF
devices of 3 (i.e., 12,15, 18,21, ..., 42; nodes were selected
randomly in each step). Images were then created and their
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Fig. 37. DENARDO classification accuracy as a function of the number of
powered ON/OFF devices, W, and sf.

dimensions (u and sf) varied to observe the effect on recog-
nition accuracy. Fig. 37 shows the results for classification
accuracy: thin lines refer to DENARDO; thick lines refer to
other proposals in the literature; solid black lines refer to sf =
4 (image space occupancy of 98-150 B for W = 3, 122-168
B for W =5, and 149-198 B for W = 7); dashed blue lines
refer to sf = 6 (image space occupancy of 106-147 B for
W = 3, 162-209 B for W = 5, and 203-256 B for W =
7); dotted/dashed red lines refer to sf = 10 (images space
occupancy of 146-181 B for W =, 202-256 B for W = 5, and
281-325 B for W = 7). The lowest value (77.4%) and trend
is reached in the first case (sf = 4 and W = 3) because the
image size is too small (the side is only 12 pixels) and thus
the CNN did not have sufficient data to extract the features as
required.

In the other cases, except where sf = 6 and W = 3,
accuracy exceeded 90% for up to 30 contemporary appliances.
Generally, W = 3 is not suitable for low sf values. Increasing
sf improves classification accuracy enormously, as indicated
by the red dashed/dotted lines. Although W = 3, the images
have enough space (in terms of pixels) to store the required
features. Up to 27 contemporary nodes, accuracy was greater
than 99.1%. A careful analysis of the classification accuracy
curves shows reveals that the best parameters to set for the
domestic scenario here are W = 5 and sf = 10, up to a
maximum of 30 contemporary nodes. Another good choice
is W = 5 and sf 6: at these settings, DENARDO
performed slightly worse than with sf = 10, but produced
better performance on average, up to 39 contemporary nodes.
All the images created for training and validation are available
from [42]. To compare with the literature, we refer to the
works which studied Best MLP [6], Two-Stage Detection [18],
Deep DMFL [5], Hart [16], and Dowalla [17]. The results
for Best MLP indicate good accuracy (best case of 95%), but
a dedicated, advanced, and expensive measurement node is
required, and the usable flash memory has some limitations.
The number of appliances is also unspecified (because the
proposed algorithm is based on appliance classification dur-
ing switching between ON/OFF or OFF/ON). Therefore, we
assume the best case also applies to the number of appliances
included here. At up to 30-33 nodes, DENARDO outperforms
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Best MLP. Two-stage detection applies to only 12 devices
(as indicated in this article), performing with an accuracy
of 98.9%, without good scalability. In this case, DENARDO
returns an accuracy of 100%, with an incomparable level of
scalability. Deep DMFL applies to only eight random devices
(over the 27 offered by their considered data set), achieving
an accuracy of 97% with a considerable sampling period (in
the order of milliseconds). Also, in this case, DENARDOQ’s
performance is superior for some combinations of W and
sf. DENARDO outperforms Hart and Dowalla’s proposals in
terms of both scalability and accuracy. Our created data set is
available at [44]. It has a size of 115 MB and contains more
than 325000 images created by our approach, categorized in
597 folders, in function of the parameters of the encoding
algorithm. It is available under request to the authors.

V. CONCLUSION AND FUTURE WORK

The current study proposed a novel approach for NILM
and appliance classification in a domestic IoT environment. It
differs from other works by using inexpensive hardware and
noncomplex ML approaches and introduces a completely new
algorithm which considers appliances as mobile nodes and
encodes their traces into images. The core concept is based on
an approach which statistically models appliance trajectories
and linearizes the classification process. The analysis also
examined real device behavior (not synthetic behavior or
behavior extracted from remote databases). In conclusion,
the proposed algorithm outperforms the methods proposed in
related works in the literature.

In future research, we plan several extensions to
DENARDO, first by enhancing the data-to-image encoding
algorithm (MME) to include more features in the output
images (we have already commenced our investigation into
image entropy levels needed by CNNs to learn image content
more efficiently). A critical analysis of the obtained results
lets us conclude with confidence that the algorithm’s main
parameters should be dynamic (not set a priori) and adapt
themselves to the number and type of powered ON/OFF
devices.
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