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Non-Intrusive Load Disaggregation based on Digital
Signal Processing for Microcontroller Application

Maximiliano E. Véliz

Abstract—This paper presents a low complexity non-intrusive
load monitoring (NILM) approach for residential electric power
based on digital signal processing. The aim is to identify
the real operating frames of each household appliance from
the aggregated current signal frames. In the methodology,
two detection methods are derived. The first method, named
direct method, identifies the active frames of each device by
identifying the most probable combination between devices
in the aggregated signal. The second method, termed indirect
method, identifies the active frames of a particular device by
means of a projection of the aggregated signal onto a Fourier
subspace representing the characteristic footprint of the device.
The methodology is tested on 4 datasets collected in Argentina
and high performance metrics are achieved. A pilot test is
carried out with an ATSAMD21G18 microcontroller on the Itsy
Bitsy M0 Express.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9695

Index Terms—Energy Disaggregation, Low complexity NILM
Methology, Signal Processing, Household Appliances.

I. INTRODUCTION

HE first non-invasive load sensing system for residential

buildings was proposed by Hart in the 1990s [1]. Since
then, energy disaggregation has been improved with further
proposals [2]-[5]. However, according to a recent survey,
many challenges remain in relation to a general approach to
Non-Intrusive Load Monitoring (NILM) [6]. The main issues
include: the need to train the algorithm locally as a strategy
to reduce the classification error, the standardisation of NILM
performance evaluation, the detection of multiple simultaneous
device switching, the correct estimation in a practical scenario
with noisy data, the detection of small plug-in electrical loads,
the privacy of user data and the challenge of implementing a
residential NILM approach on a massive scale with low-cost
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equipment in developing countries where no public datasets
are available.

In terms of algorithmic evolution, Hart’s method was based
on segmenting the aggregate power signal by quantising active
and reactive powers. However, this method could not detect
multiple devices connected simultaneously [1], [7]. Since
Hart’s contribution, the problem of non-intrusive unbundling
of loads has been extensively studied in the literature. A review
of the state of the art [4] identifies multiple approaches to
the problem, including the study of steady and transient state
behaviour of electrical parameters, investigation of high- and
low-frequency characteristics, study of voltage, current and
power waveforms, analysis of harmonics in the frequency
domain and combination of parameters to obtain new char-
acteristics. These approaches give rise to different techniques
for tackling the problem.

In recent years, advances in the field have led to a boom in
machine learning approaches [8], [9].

The authors of [10] present a method for disaggregating
energy based on neural networks. In the review [11], the use
of different classifiers and their requirements on public datasets
such as UK-DALE [12], REDD [13] and BLUED [14] is
examined.

In order to design, test, and evaluate the performance of en-
ergy disaggregation algorithms, researchers need access to data
on the consumption of equipment and appliances. It is evident
that there is no universally adopted criterion for generating
a database for the study of the non-invasive disaggregation
of loads (see for example [12]-[14]). One reason for this is
that, according to the approach to the subject adopted, the
type of data to be evaluated changes considerably, depending
on whether the macroscopic or microscopic characteristics of
the loads under study are considered, and also whether the
signal is sampled at high or low frequency, as described in
[15]. In addition, it should be noted that the characteristics of
household appliances vary from country to country, making it
difficult to universally train machine learning algorithms, as
shown in [16].

In Argentina, there are currently no specific implementa-
tions of techniques and algorithms for identifying and disag-
gregating electrical energy. Furthermore, there is no publicly
available dataset containing local household appliance con-
sumption data on which to test conventional machine learning
approaches. In this context, we present an NILM approach
that has been developed and validated using a local dataset.
This digital signal processing-based methodology requires a
training sample (frame) of each device to be disaggregated,
and aims to identify the active nominal operating frames of
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each device within the aggregated current signal. Compared
to existing NILM methods, this is the first method based on
constructing a home appliance detection indicator from the
projection of signal frames obtained from a single training
sample of each device. Our experimental study was carried out
on datasets with unique characteristics in a local setting in Ar-
gentina, involving the acquisition and analysis of synchronous
current signals at 256 samples/cycle to study on-off events
of up to three different appliances alongside the aggregated
signal. The dataset used in our proposal contains the ground
truth of events synchronised with the voltage signal.

The literature contains research articles that demonstrate the
implementation of NILM techniques on low-spec computers,
such as the Raspberry Pi, or in the cloud, due to the high
computational cost required for supervised and unsupervised
machine learning and neural networks [17]. In particular, the
work of [18] presents a measurement system that uses a
NILM algorithm embedded in a Texas Instruments CC3200
chip, which is a microcontroller with integrated Wi-Fi. The
algorithm used requires a large data set (at least 1000 samples
of the circular buffer) for its calculation and a current sampling
of 10 kHz.

The main objective of this work, which addresses some of
the current challenges, is to present a novel low complexity
methodology for the disaggregation of electrical energy con-
sumption in households. Two methods are developed, based on
the transformation of the signal into the frequency domain and
its projection onto the Fourier subdomains associated with the
individual appliances to be detected, which make it possible
to detect whether they are active or not. The advantages of
the proposed method are that it requires a current sampling
rate of at least 1 kHz, it only needs one training sample
per device state for the application, and the classification can
be performed directly on a low-cost development board with
microcontroller.

The following sections present the common definitions and
the basis of the methods, describe four real Argentinean
household datasets used to test the implemented methodology,
report the results of appliance detection in these datasets,
introduce a pilot application with low-cost hardware based on
the Itsy bitsy MO Express, and draw conclusions.

II. NILM METHODOLOGY

Despite the numerous NILM approaches proposed in the
state of the art [19], we found at least two challenges for mass
implementation in developing countries: one is the cost of the
smart meters, which usually include a personal computer or
cloud computing services to process the data, and the other is
the availability of local datasets, as most public datasets come
from developed countries [20].

The NILM methodology proposed here is based on the
construction of indicators derived from the current waveform
which make it possible to identify the active or inactive
periods of each device from the aggregated current signal. The
approach has the advantage that only one nominal training
frame is required for devices with a single operating state.
Two identification methods based on the orthogonal projection
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of signal frames are presented. The first method, named
direct method, identifies the active frames of each device by
identifying the most probable combination between devices
in the aggregated signal. The second method, called indirect
method, identifies the active frames of a particular device by
means of a projection of the aggregated signal onto a Fourier
subspace representing the characteristic footprint of the device.

The methods are introduced below and their computational
cost will be presented later to evaluate the possibility of
integrating them into microcontroller-based systems. The or-
thogonal projection mentioned above is based on splitting
the signals into fixed length frames, which are then Fourier
transformed. Both techniques rely on the scalar product of
Fourier coefficient vectors, which represents the convolution
of signals in the time domain. However, indirect projection
also uses Gram-Schmidt orthogonalisation to progressively
eliminate the contribution of devices one at a time.

A. Signal Frames

The signals to be analysed, belonging to individual appli-
ances and aggregated consumption, are sampled at a fixed rate
to obtain their discrete counterparts. These discrete signals are
then divided into frames of fixed length at regular intervals.
Taking N as the number of samples in each frame, and a time-
limited windowing function w(n] (null outside the interval
(0, N) and unitary inside), each signal frame is computed as

zi[n] = wn]zin + 1H)| (1)

where n € {0,..., N —1} is the local time index (i.e. relative
to the start of the sliding extraction window), IV is the window
length, [ is the frame index, and H is the hop size, i.e. how
many samples to slide to the right when a new frame is
taken [21], [22]. For each device to be analysed, a nominal
signal frame is selected that is representative of its steady state
operating condition.

B. Fourier Decomposition

Let z[n] with 0 < n < N — 1, a discrete sample of a
periodic signal of period 7' in time (we omit the frame index
here for clarity), be decomposed into a sum of N harmonically
related complex exponentials, i.e. multiples of the fundamental
frequency [23]:

x[n] = 1 Z ay, - e CF)n, (2)

The complex coefficients aj, are obtained from the discrete
Fourier transform (DFT) of x[n] as:

N-1
ap = Z z[n] - e Ik =0,...

n=0

C. Appliance Characteristic Vectors

Consider the case where a household with P appliances
is to be analysed, the first method proposed here requires
consideration of all possible combinations of these appliances.
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Thus, there will be 27 — 1 possible scenarios corresponding to
the power set (excluding the empty set) of the set of devices.
In this case, the nominal frame of the combination of two or
more appliances is constructed by agregating the individual
nominal frames in the discrete time domain.

For each appliance (1 < ¢ < P) or combination of them
(P+1<i<2P —1),if kpasr < N discrete Fourier modes

are retained in the analysis, a vector of real-valued coefficients,
s; = {lax|}, with k =0,..., kmaz, )

can be formed. These vectors represent the harmonic foot-
print of each device or combination to be identified in the
aggregated signal. The first method proposed here uses the
s; vectors directly to detect frames where the device or
combination is switched on.

The second approach aims to remove the harmonic footprint
of all but one device in the aggregated signal in order to detect
frames where the device is active. This procedure starts by
arranging, for each device i (1 < i < P), a matrix S; with
P rows that contain the k Fourier coefficients of the devices
nominal signal frames, S; € RP**_ The rows of S; are ordered
so that the last row corresponds to the device of interest sj,

S;=1[r;;1<j<P], with r;=s;,j%# Pandrp=s;j.
®)
The essence of the method is to successively remove the
signal contributions by orthogonal projections following a
Gram-Schmidt process [24]. The resulting orthogonal (not
orthonormal) basis S; is then formed as
¢4
S; = Dop (6)
O
Thus we define the characteristic vector with the distinctive
footprint of device i as the last member of the base S;, which
is renamed as ¢; = ¢%.

D. Direct and Indirect Detection of Active Frames

The scalar product of Fourier coefficient vectors, which
represents the convolution of signals in the time domain,
quantifies the projection (contribution) of one signal onto
another [25].

The first detection method requires considering the projec-
tion of the nominal frames s; of each of the appliances and
all possible combinations of them (including also that with all
appliances turned on). Let ¢; be the vector with the first N
Fourier modes of the [-th frame of the aggregated signal y;.
Thus, we define the direct active frame detection coefficient of
each of the combinations ¢ on the [-th frame of the aggregated
signal y; as the orthogonal projection of s; on ¢; normalised
by the length of ¢;.

Siy qi
g = P, )
(@, 1)
with (-,-) the usual inner product in RY.
This coefficient can be considered as a measure of the sim-

ilarity of the two signals, so the ideal condition for detecting

IEEE LATIN AMERICA TRANSACTIONS, Vol. 23, No. 11, NOVEMBER 2025

10 ~

current [A]

—10 1

T T T
15000 20000 25000

samples

T T
0 5000 10000

Fig. 1. Current signal of a microwave during power-on, segmented
into fixed-length frames. One frame corresponding to the nominal
operating state is selected for analysis.

an active frame of combination ¢ in frame [ of the aggregated
signal is o; ; = 1. A real-world application will face situations
where the nominal frames of the devices are not orthogonal,
there is noise or other appliances affecting the aggregated
signal, etc. Therefore, in the direct method an appliance or
combination 7 (1 <7 < P) is selected as active if its « is the
closest to 1 among all combinations:

¢ such that a;; =min{je;; —1]:1<j< P} (8)

In order to identify frames where all devices are off, a
threshold is defined such that if «;; < e, all devices are
assigned an inactive state.

Similarly, for the second detection method, let us define the
indirect active frame detection coefficient as the orthogonal
projection of qu onto ¢; normalised by the length of (;Abi,

oy = ol ©)
(Di, i)

Thus, the condition to determine that appliance 7 is active

in frame [ is

Bi1 > g,

where e acts as a threshold to account for non-ideal effects
in the system and frame projection errors, given that the ideal
detection value would be 3;; = 1. eg should be as close to 1
as possible to increase detection accuracy.

(10)

E. Stages of Application

The application of this new methodology involves four
stages: training, testing, detection and disaggregation. The
training stage consists of acquiring and tagging a nominal
operating frame for each of the appliances connected to the
circuit. Fig. 1 shows an example of the selection of the
nominal operating frame of a particular appliance (in this case
a microwave oven). As an example, the resulting individual
nominal frames of the first dataset used in this work are also
shown in Fig. 5.
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Fig. 2. Nominal combination of frames in the training stage: mi-
crowave + toaster + fridge. Top: signals added with correct polarity,
bottom: polarity of microwave reversed from that shown in Fig. 5.

Once the nominal frames of each appliance have been
defined, it is necessary to add them together to form the
nominal frames of the combinations of two or more of them,
in order to obtain the 2 — 1 possible scenarios to be tested.
To do this, the frame alignment condition is required before
adding the nominal frames of two or more devices. The phase
angle between the nominal frames voltages must be zero and
the polarity must be the same. Fig. 2 shows an example
of the sum of frames with correct phase and polarity and
the sum of frames with incorrect polarity. In the case of
synchronous signal acquisition, it is only necessary to ensure
the correct polarity between the frames, but in any other case
where synchronisation is not guaranteed, it is possible to use
techniques such as Dynamic Time Warping (DTW) [26] to
perform the correct alignment between frame voltages. This
ensures that the current signal of each device is summed with
the correct phase shift.

In the case of the indirect method, the Gram-Schmidt
procedure described in section II-C must be followed after
the nominal frames of the devices have been identified.

During the test phase, the aggregated signal is divided into
fixed length frames and the Fourier coefficients are obtained
for each of them. The «; ; or 3;; indicators are then calculated
according to the detection method, direct or indirect, to be
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used.

Finally, in the disaggregation stage, the active frames of
each appliance are quantified directly or indirectly from the
values of «a;; or f3;;, and the energy consumed by each
appliance is estimated from the number of active frames
detected.

III. EXPERIMENTAL DATASETS

In order to validate the methodology, four datasets were
used. These were associated with different study scenarios
in residential homes connected to the Argentine electricity
distribution network.

A Dranetz Power Guia® 440S three-phase energy and
power quality analyser was used to acquire the signals. It
has a sampling rate of 256 samples/cycle and 8 independent
channels: 4 for voltage and 4 for current.

This allows pure current samples to be taken synchronously
from all four channels, considering a single voltage channel
as a reference (phase A/aggregated voltage).

In a real-world operational setup, the signal acquisition of
the individual devices will be performed in the training stage
and probably sequentially, while in the test stage only the
aggregated signal will need to be acquired, resulting in a single
channel device being sufficient for the entire methodology.

In all four datasets, channel A corresponds to the aggregated
current signal, while channels B to D correspond to the indi-
vidual appliances whose consumption is to be disaggregated
as described below.

Dataset 1 - DSI: The first dataset consists of 309760
samples. The appliances connected to the current channels are:

e Channel B: microwave (M),
e Channel C: toaster (T),
¢ Channel D: fridge (F).

The on/off event sequence (Fig. 3) was as follows: the fridge
was switched on, followed by the microwave and then the
toaster. The microwave was then switched off, and finally, the
toaster was switched off. For DS1 the possible combinations
to be considered in the direct method are: M only, T only, L
only, M+T, M+F, T+F, M+T+F.

Dataset 2 - DS2 (194560 samples, Fig. 4): Includes a small
plug-in electric load (PEL), an LED TV (L), for detection and
also consists of a microwave (M) and a toaster (T). The on/off
sequence was as follows: microwave on, toaster on and TV on;
then microwave off, toaster off, TV off.

Dataset 3 - DS3 (199680 samples): Composed of three
small plug-in electric load (PEL) for detection, including a
variable load notebook charger (N), apart from a cellular phone
charger (C) and LED TV (L).

Dataset 4 - DS4 (130560 samples): Consisting of a toaster
(T), a drill (D) chosen to represent an intermittent load and a
variable load notebook charger (N).

IV. APPLICATION

The training stage consists of recording and selecting the
current signal frame, referred as nominal, of each equip-
ment/appliance to be detected. The frame length adopted
in this analysis is 2560 samples, i.e. each x[n] € R260,
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Fig. 3. DS1: Recording of four synchronous current signals, repre-
senting the aggregated current signal and those from three appliances:
toaster, microwave, and fridge.
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Fig. 4. DS2: Recording of four synchronous current signals, repre-
senting the aggregated current signal and those from three appliances:
microwave, toaster, LED-TV.

corresponding to 10 signal periods. For example, Fig. 5 shows
the nominal current frames for the appliances in DS1.

The process described in sections II-A to II-C is performed
to obtain the two characteristic vectors s; and ¢; for each
appliance or combination of appliances in the dataset. The
length of these vectors corresponds to the number k,,,, of
Fourier modes retained in the analysis.

In order to test an aggregated current signal, it must be
segmented into frames of fixed length equal to that of the
appliance samples. Given the sample length adopted in this
study, the number of frames in each dataset is DS1: 126, DS2:
60, DS3: 78, and DS4: 51 frames. In an operational setup of
this technique, aggregated signal frames are generated on-the-
fly during the acquisition.

For each appliance ¢ in each frame [, the coefficients «;;
and f3; ; are computed to apply both detection methods. In the
next section, this sequence is applied to the different datasets
in order to quantify the accuracy of the proposed methodology.
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Fig. 5. Selection of nominal DS1 frames in the training phase . Upper:
toaster, middle: fridge, and bottom: microwave.

V. RESULTS

In this section, both methods are evaluated on the datasets of
section III to assess their performance. This evaluation is done
offline on a personal computer with AMD Radeon R7, 3.50
GHz with 8 GB RAM. The next section presents the outcomes
of the pilot implementation on a microcontroller-based setup.

A. Direct Method

Fig. 6 illustrates the application of the direct detection
method to DS1. The active interval of each device is also
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Fig. 6. Direct detection method applied to DS1. Each countinuous
lines represents the result of the aggregated signal tested against a
particular appliances combination. Dashed lines show the on interval
of individual appliances.

indicated in the figure. Each continuous line represents the
values of the direct active frame detection coefficient «;; for
a fixed nominal combination ¢ along the aggregated signal
frames. In each frame, the curve closest to one indicates the
combination positively detected. The detection appears to be
unambiguous in all frames, even those occurring during a
transient period. It should be noted that in this case, each
frame corresponds to a duration of one-fifth of a second.
Consequently, errors in a small number of frames will produce
an insignificant error in the final disaggregation.

Fig. 7 illustrates a more challenging detection case due to
the small PEL characteristic of the LED TV in DS2. It can be
seen that the differences between combinations that differ only
in whether this load is active are smaller than in the previous
case where all loads were significant. Even in this case, the
figure shows almost perfect detection.

B. Indirect Method

Fig. 8 demonstrates the application of the indirect detection
method to DS1. The continuous line represents the values of
the indirect active frame detection coefficient [3;; for each
appliance. In each case, the active period is evident with
coefficient values around 1. Some isolated spikes and dips
occur, coinciding with the switching or transient periods of
other equipment, lasting no more than a couple of frames.

Similarly, Fig. 9 shows the application of the indirect
method to DS2. As with the previous method, this case is made
more difficult by the presence of the LED TV. This results in
two clean curves for the larger loads: toaster and microwave,
but the TV leads to a more oscillatory behaviour. The active
states of the first two appliances are clearly identified with
coefficient values around unity. On the other hand, for the
small PEL, the active period gives values around one, but
with very pronounced up and down oscillations. Also, during
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Fig. 7. Direct detection method applied to DS2. Each countinuous
lines represents the result of the aggregated signal tested against a
particular appliances combination. Dashed lines show the on interval
of individual appliances.

TABLE I
THE TABLE SHOWS THE ACCURACY OF THE DIRECT
METHOD ON THE FOUR DATASETS, TAKING INTO
ACCOUNT THE CLASSIFICATION OF EACH OF THE FRAMES

Dataset T TP TN FP FN  Accuracy

1 378 240 138 O 0 100%
2 180 99 81 0 0 100%
3 234 102 117 O 15 93%
4 153 60 94 0 0 100%

the inactive period, the switching and transients of the other
devices give rise to peaks that can exceed 0.5.

It should be recalled that in this method it is necessary to
define the detection threshold €g. Given the results above, from
now on a compromise value of 0.5 will be selected.

C. Detection Methods Performance

In order to assess the ability of both methods in different
scenarios, we apply them to the four datasets and calculate
the number of true positive (TP) and negative (TN), and false
positive (FP) and negative (FN) detections of each device in
each case. We also adopt a definition for the accuracy of the
method as the ratio

TP+TN

T )
where T is the total number of predictions (T P+7T N+ FP+
F'N). These results are reported in Tables I and II.

As shown earlier, both methods achieve high accuracy on
the first 2 datasets. The performance of the direct method drops
slightly in DS3. To investigate the reasons for this behaviour,
Fig. 10 shows the evolution of the «; ; coefficient. This dataset
consists of 3 small PELs with very low current levels. There
are 3 critical regions where the direct method fails:

Accuracy =

Y
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TABLE II
LE SHOWS THE ACCURACY OF THE INDIRECT

METHOD ON THE FOUR DATASETS, TAKING INTO
ACCOUNT THE CLASSIFICATION OF EACH OF THE FRAMES

Dataset T TP TN FP

FN  Accuracy

1

2
3
4

378 240 138 1 0 99%
180 99 81 1 0 99%
234 111 101 10 12 90%
153 74 79 0 21 87%
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Fig. 9. Indirect detection method applied to DS2. Upper: toaster,
middle: microwave, and bottom: led TV. Dashed lines show the on

interval of individual appliances.

e Frames 5 — 15: when the LED TV is switched on, the
method assigns a different combination. Looking at the
TV’s current curve, we can see that during these frames
the TV draws an increased current, which then falls back

to its nominal value, a kind of warm-up phase.

e Frames 19 — 25: the method does not detect that the cell
phone charger is active. Again, looking at the current
curve, we observe that in these frames the current drawn

is much lower than the nominal current.

e Around frame 55: something similar to what happens



VELIZ AND OTERO et al.: NON-INTRUSIVE LOAD DISAGGREGATION BASED ON DIGITAL SIGNAL PROCESSING

~# LON =—— L = L4+C = L+N
—e- NON N —— C+N N+C+L
1.5 ——— —e= CON —C
1.0
|
|I ‘
J ||
I
= /—‘N\-—_’__I I-'\-_-—ﬁ
S 0.5
0.0 4 J L
e ———— -
- ——————— -
L i e ettt 1]
0 10 20 30 40 50 60 70 80
frame

Fig. 10. Direct detection method applied to DS3. Each countinuous
lines represents the result of the aggregated signal tested against a
particular appliances combination. Dashed lines show the on interval
of individual appliances.
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Fig. 11. f3; ; coefficient (green line - left axis) and current (blue line
- right axis) of the notebook in DS4.

during switching on happens, causing the LED TV not
to be detected. It seems that there is a low current state
produced in the switching off process, which can be found
in the current curve.

The performance of the indirect method also deteriorates
slightly in DS3 and DS4. In both cases, the main source of
error is the detection of the notebook. An explanation for this
can be found by comparing the curves for the §; ; coefficient
and that for the current, see Fig. 11. It can be seen that the
regions where the method becomes inaccurate correspond to
the partial load operating conditions of the notebook charger
(e.g. frames 14 — 21 DS4). In DS4 there are also oscillating
values associated with transients in other devices.

The computational complexity of both methods depends
on the number of Fourier modes retained in the analysis. In
order to assess their suitability for implementation in low-cost
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Fig. 12. The figure illustrates how the projection of 8 coefficient
frames varies between different Fourier modes in toaster detection in
DSI1.
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Fig. 13. The figure shows how the frame projection varies using «
coefficients as the Fourier modes vary. The combination M+T+TV is
tested on the DS4.

microcontroller-based devices, the trade-off between accuracy
and computational cost must be considered. As an example of
the changes in detection capability, the 5 coefficients for 5, 10,
30 modes in DS1 are shown in Fig. 12 and the « coefficients
of the M+T+L combination in DS4 are shown in Fig. 13.
These results are consistent with what has been observed for
other detection targets in the four datasets not shown here,
suggesting that in some cases good detection can be achieved
with as few as 5 modes. To increase detection confidence, 10
modes are used in the microcontroller implementation.

VI. PILOT APPLICATION

In this section we present the tests of the register imple-
mentation and the calculation of the « and 3 coefficients, for
which we have chosen a low-cost commercial development
board. The Itsy Bitsy MO Express is an Adafruit development
board, based on Microchip’s ATSAMD21G18 microcontroller
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[27]. The main features include: 32-bit ARM Cortex-MO+
core, clock speed up to 48 MHz, 256 KB flash memory, 32
KB RAM, and 2 MB of integrated SPI flash memory available
to store files or data. The Itsy Bitsy MO Express has a 12-bit
ADC and can achieve sample rates in the 200-300 kHz range,
depending on configuration. However, it has RAM limitations,
o it is necessary to optimise the code to handle the signals
efficiently. Signals are calculated and processed in chunks,
avoiding the use of complete lists that consume too much
RAM.

In this pilot setup, the itsy Bitsy MO express is connected
to a measurement board based on the MOOE36A chip, which
reports 1 current channel via SPI protocol, obtaining current
samples at 1 kHz, according to the procedure presented in
previous work [28]. All of the processing was implemented
using the CircuitPython programming language [29]. Although
this did not achieve operational performance, which may be
the aim of a next low-level code implementation, it did allow
easy testing of the setup capabilities. For the processing test,
the flash memory of the Itsy Bitsy MO express is used to hold
the file samples obtained from the MOOE36A integrated circuit
at 1 kHz.

After successfully testing the pilot implementation, we
found that it was possible to store more than 5 minutes of
the 1 kHz aggregated current signal in the local flash memory
of the Itsy Bitsy (1.14 MB file size). Overall, the processing,
which involves separating the frames of the aggregated current
signal every 200 samples (10 periods of the signal) and cal-
culating the Fourier coefficients, is the most time-consuming
processing operation. For each frame of the aggregated current
signal, ~66 s of processing time was required.

The outcomes of the pilot test, in terms of run time and
RAM usage (given that the implementation was done using the
CircuitPython programming language), are summarised below:

1) Aggregate current signal recording, 1 frame (10 signal

cycles), 1 kHz: 802 bytes. file stored in the Itsy Bitsy
flash memory.

2) Reading the log file in binary blocks and calculating

Fourier coefficients up to the 10th harmonic in 1 frame
(200 samples):

- Run time: 66.7 s.

- Memory used: 6048 bytes.

3) Computation of the « coefficient:

¢ One-time training stage: sum of frames and calcula-
tion of Fourier coefficients up to the 10th harmonic,
7 combinations for the three appliances:

- Run time: 3.3 s.
- Memory used: 736 bytes.

o For each frame of the aggregated signal analysed:
alpha coefficient calculation for each appliance
combination:

- Run time: 1.5 s
- Memory used: 2912 bytes

4) Computation of the S coefficient:

« One-time training stage: the Fourier coefficients for
the individual appliances are already computed in
the previous step.
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o For each frame of the aggregated signal analysed:
construction of detection bases for each appliance
following the Gram-Schmidt process on each frame.

— Run time: 0.26 s
— Memory used: 7376 bytes

These processing times and memory requirements allow a
reporting rate close to 1/min with this pilot implementa-
tion based on CircuitPython. Foreseeing a low-level native
language implementation of this methodology will allow to
go well below the minute that is sufficient for the NILM in
domestic scenarios. The memory usage corresponds only to
dynamic RAM used for data during program execution, as
measured by the gc.mem alloc() and gc.mem free() functions
in CircuitPython.

VII. CONCLUSIONS

In this work, two methods based on digital signal processing
are proposed for application as a NILM technique. They are
built on the common basis of high frequency sampling of the
aggregated signal to be decomposed and its transformation into
the frequency domain. Subsequently, these detection methods
attempt to recover the signals corresponding to the individual
devices by means of projections on the associated Fourier
subdomains, in order to finally detect whether they are active
or not. The continuous signals are divided into frames of fixed
length before being analysed. The main input of both methods
are the nominal signal frames of the devices to be detected.
This approach has the advantage that only one nominal train-
ing frame is required for devices with a single operating state
and its implementation can be carried out locally on low-
cost microcontroller-based hardware. The classification rate
achieved per frame was one minute on average. This could
be improved by using a low-level programming language or
by implementing it on a development board with higher RAM
capacity.

The proposed methodology was tested on 4 household
datasets consisting of different combinations of appliances.
These datasets included loads with different characteristics:
low and high current, variable and intermittent loads were
included and combined. In general, high accuracy detec-
tion results were obtained. In particular, where loads were
significant, detection was almost perfect, with only a few
minor detection errors when small loads were included in
the datasets. Typically, false positives and false negatives
were associated with strong transients generated by the larger
loads, or with the change of state of current consumption in
multi-state devices. Even in the worst cases, false positives
and negatives represented only one or two frames in the
series. Given that these datasets were designed with more
frequent state changes on the equipment than in normal use
cases, it can be expected that in real operating situations each
state or combination will last longer, so the accuracy of the
methods would be higher. When considering very low current
PELs, some inaccuracies were also found for variable load
conditions. Since the consumption of these types of loads is
very low, the impact of these inaccuracies could be considered
negligible in real-world applications.
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Regarding the differences between the two methods, there
is no obvious performance advantage, but their particular
characteristics could make one preferable to the other. In
this sense, the direct method might be preferable in some
situations as it provides an unambiguous answer, whereas the
indirect method requires the threshold coefficient to be chosen.
Conversely, the indirect method may offer better scalability as
the number of tests in each frame scales with the number of
devices, whereas the direct method requires testing all possible
combinations.

In this study, scenarios consisting of up to 3 devices
were analysed, since the capacity of the acquisition devices
allowed the simultaneous acquisition of 4 current channels,
thus providing the possibility of obtaining 3 individual signals
plus the aggregated one synchronously. Future work will test
this methodology on a larger number of devices. Attempts will
also be made to quantify the effects of aggregated low current
loads.
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