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ABSTRACT

A smart facility needs an estimate of its future peak load before it can allocate power for a planned operation. This study
develops a data mining method for non-intrusive load monitoring in proactive energy consumption systems for smart facilities. The
method combines data preprocessing, operational event extraction and predictive modeling in a single pipeline. Using the REFIT
dataset, it converts raw aggregate power time series into discrete operational events and their attributes (onset times, durations and
daily usage profiles), quantitative estimates of recognition accuracy and a forecast-based estimate of quantile-based power headroom
for proactive control. We compare two-state combinatorial optimization with a causal engineering detector of power changes. The
experiments demonstrate that rankings by power reconstruction error and event recognition can differ. In the final stage, we add the
extracted appliance-level features to a regularized linear regression model, estimate error quantiles on the validation set and calculate
quantile-based power headroom. Detector features reduce the mean absolute error of five-minute peak forecasts by zero point four,
one point four and four point eight watts in the three homes. The detector has higher event F1 in all six house—appliance pairs. The

resulting estimate gives a proactive controller a basis for checking how much power remains available over the forecast horizon.
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INTRODUCTION

To allocate resources in advance and control
energy use proactively in a smart facility, we need to
forecast the load at its shared service entrance
throughout the planned operation. This entrance is
the facility’s single connection to the external grid
and is subject to a power limit. An instantaneous
reading from the main meter cannot capture the
future maximum over that interval. A high-power
local load, such as a cycling heater or another
energy-intensive  appliance, may switch on
unexpectedly. Conventional submetering requires a
separate telemetry channel for each device, making
it costly and difficult to deploy. Non-intrusive load
monitoring (NILM) addresses this constraint by
estimating individual appliance contributions from a
single aggregate measurement [2], [7].

A low average power reconstruction error
across all time samples gives little assurance that a
NILM method identifies when high-power local
loads start. Appliances remain off most of the time,
so the samples are highly imbalanced. Errors in a
few brief, high-amplitude activations, including
missed activations, have little effect on the average.
Baseline NILM methods such as two-state
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combinatorial optimization (CO) and simple edge
detectors (EDGE) can generate false detections or
miss local states, respectively. This difference
separates power reconstruction accuracy from event
recognition performance. In proactive energy
consumption systems, missed or false starts distort
event counts and their temporal profiles. NILM
therefore needs data mining methods that extract
operational events accurately, preserve their timing
patterns and improve forecasts of available power.

LITERATURE REVIEW AND PROBLEM
STATEMENT

Research on data mining for NILM follows
three related lines, from classical stochastic
disaggregation to the use of disaggregated loads in
proactive energy forecasting.

Hart [7] established the basis for NILM by
formulating aggregate load disaggregation in terms
of appliance states. Later work introduced
probabilistic models and evaluation tools. Batra et
al. [2] proposed NILMTK, an open-source toolkit
that standardized the evaluation of disaggregation
algorithms. Lucas et al. [18] used combinatorial
optimization (CO) and a factorial hidden Markov
model (FHMM) in a framework for estimating
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combination of appliance states that minimizes the
difference between measured aggregate power and
the sum of individual appliance power levels [2],
[18]. An additive FHMM represents each appliance
as a separate Markov chain with hidden states such
as off, standby and active. The observed signal is the
sum of their outputs [14]. In load flexibility

applications, whether an appliance can be
rescheduled depends on additional empirical
assumptions about user comfort [18]. Those

assumptions cannot be derived from the initial
disaggregation alone, and errors can accumulate
when short operational cycles are identified.

As data mining methods developed, research
turned to machine learning algorithms capable of
processing continuous time series. Kelly and
Knottenbelt [9] were among the first to apply deep
neural  networks systematically to  energy
disaggregation. Subsequent work used sequence-to-
point learning [26]. Deterministic approaches
developed in parallel. Engineering edge detectors
(EDGE), for example, detect abrupt changes in the
aggregate signal. They use the first difference or rate
of change of aggregate power (AP(t)) to identify
rising edges associated with activation and falling
edges associated with deactivation [7], [22], [27].
Event-based methods then assign detected
transitions to appliances using characteristics such as
power levels and operating patterns [1]. A model can
achieve low average reconstruction error (MAE or

RMSE) while still missing brief, high-power
appliance activations. Comparisons of NILM
algorithms  therefore  report  both  power

reconstruction and event or state recognition metrics
[3], [23]. Welikala et al. [24] used state durations
and time-of-day patterns to refine NILM results and
forecast consumption five minutes ahead. Their
analysis used aggregate measures from several
households, whereas the present study evaluates
performance at each smart facility. NILM-Flex [5]
also links disaggregated loads to a behavioral model
of flexibility. Detailed delays and the preservation of
start frequencies lie outside its scope.

Li and Sun [16] evaluate a sequence-to-point
network on REFIT, including the kettle and
microwave. Their model uses regularly resampled
data and a centered window, and their F; counts
operating-state samples. Our Fi1 counts one-to-one
onset matches on the native irregular grid. These
scores measure different outcomes and use different
house splits. Li et al. [17] use disaggregated histories
to forecast individual appliance loads and flexible
demand on UK-DALE. The present forecast target is
the five-minute maximum of the aggregate load in
each house.

The studies reviewed here link NILM, usage
patterns and forecasting. Much of the work focuses
on average power reconstruction error or on detailed
models of human behavior. The relationship between
accurate extraction of discrete operational events
(onset, duration and frequency) and the quality of
forecasting features for proactive control remains
unresolved. This motivates a data mining method that
works without subjective behavioral assumptions.

RESEARCH AIM AND OBJECTIVES

The object of this study is non-intrusive
monitoring of electrical loads in proactive energy
consumption systems for smart facilities. Its subject
is the data mining models and methods used in these
systems.

The aim is to develop a method for mining
NILM data that preserves the frequency, onset times
and durations of operationally defined activations
and improves forecasts of the future aggregate
maximum using appliance-level features.

The study addresses the following objectives.

1) Obtain  heterogeneous  aggregate and
appliance-level consumption records from an open
repository and preprocess observations collected
under varying calendar conditions.

2) Analyze local time-series dynamics to
calculate statistical descriptors and incorporate
calendar context.

3) Convert the continuous power signal into
discrete states and transitions using EDGE or CO
with event confirmation rules based on thresholds
and time delays to suppress false detections.

4) Match detected onsets to reference labels one
to one, assess how well daily onset profiles are
recovered and compare rankings based on power
MAE and event Fi.

5) Combine the extracted appliance-level
features with aggregate history at multiple
timescales in ridge regression, estimate validation
error quantiles and calculate quantile-based power
headroom for proactive energy consumption.

MATERIALS AND METHODS

Fig. 1 shows the processing pipeline. The first
27 calendar days are used to fit the disaggregation
signatures and the next 27 to fit the forecast model.
The following 18 days are used for validation and
guantile calibration, and the final 18 for testing.
Hysteresis and time  confirmation  follow
disaggregation and precede feature construction and
event evaluation. The model receives the appliance
estimates as separate predictors alongside aggregate
power.
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Fig. 1. Processing stages from data audit to event evaluation and peak-load forecasting
Source: compiled by the authors

At the measurement boundary, we express
aggregate power as a regression model with a
deterministic and a random component. The
deterministic component includes the power
contributions of the appliances and the unmeasured
background load, all in watts

Pagg(®) = TI_  Pi(t) + Pogper(t) + £(8). (1)

Here, t is the timestamp, P;(t) is the power of
appliance j, and P,.p.,(t) is background power.

The zero-mean random term &(t) accounts for
measurement discrepancies and model
simplifications.

The forecast target is the maximum aggregate
power recorded after time t and within a horizon of
length H.

Mt = Org(gsjg-l Pagg(t+6)- (2)

Equation (2) defines the target using actual
observations at offsets 6 with 0 <8 < H. Weuse H =
300 s and verify coverage of the future interval. All
model inputs are available at the forecast origin.

REFIT data and chronological preprocessing

The study uses REFIT, an open dataset of
aggregate and appliance-level household
measurements [19], [20]. Other NILM benchmarks
provide both measurement levels using household
recordings [10] or simulation [12]. The REFIT
sensors do not measure mains voltage, and the
appliance transmitters are not synchronized [19].

Equation (1) therefore models the recorded
guantities without assuming exact metrological
balance and retains the sign of the residual e(t). The
selected homes had no reported solar generation.
Grid imports in a facility with generation or storage
would require a different power balance.

We obtained the unchanged CSV files from the
associated Zenodo record 5063428. We checked file
sizes and MD5 checksums against the record and
saved SHA-256 hashes in a checksum file. We
verified the target channels against the metadata of
the REFIT converter in NILMTK and the original
dataset description. Houses 2, 4 and 5 contained the
target appliance categories and had no reported solar
generation. We excluded House 1, downloaded
during the initial audit, because it lacked the target
appliance information. Before running NILM, we
fixed a 90-calendar-day interval for each selected
house. Each interval had to contain at least 80
eligible days overall and at least 70 % eligible days
in each chronological subset. The initial interval for
House 2 failed this check and was replaced
following the data quality audit. The first intervals
for Houses 4 and 5 met the requirements.

The electric kettle and microwave oven were
selected for their distinct load signatures. The kettle
is a high-power resistive device with brief, steep
rising edges. The microwave produces a pulsed
profile as its magnetron cycles. These two load types
allow the confirmation rules to be tested on both
short single pulses and compound duty cycles.

Table 1. Sample and eligible days by chronological subset

House Interval Kettl(e:r/]arl'rr\]ir::ilcfwave E!jlgggle Training / validation / test
2 [2014-03-06, 2014-06-04) 8/5 80/90 46/16/18
4 [2013-10-11, 2014-01-09) 9/8 84/90 50/18/16
5 [2013-09-26, 2013-12-25) 817 85/90 49/18/18
Source: compiled by the authors
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Table 1 gives the half-open observation
intervals [t;,t;), the target appliance channels, the
number of eligible days and their distribution across
training, validation and test subsets. Data and
intervals were selected independently of the
disaggregation results.

Channel numbers follow the Appliance
columns in the original CSV files. The chronological
training, validation and test periods span 54, 18 and
18 calendar days, respectively.

We converted the original Unix timestamps in
UTC to Europe/London local time, accounting for
daylight saving time when deriving calendar features
and daily boundaries. We retained the irregular
sample times without averaging to one-minute
intervals. A calendar day is eligible when coverage
reaches at least 95% and measurements are available
within two minutes of each local day boundary.
When calculating coverage, at most 24 seconds are
counted between adjacent timestamps. At the sample
level, we exclude records with a nonzero Issues flag
and the first sample after any gap longer than 120
seconds. An Issues code alone does not establish that
a physical fault occurred. Reporting sampling and
quality rules helps interpret comparisons across
datasets with different measurement and annotation
practices [11].

The REFIT cleaning specification limits how
these records can be interpreted. Short gaps were
filled with the previous value and long gaps with
zeros. The CSV files do not reveal the provenance of
every zero reading, so we use the cleaned appliance
channel as an independent operational reference
without treating every zero as conclusive evidence
that the appliance was off. The methods are
compared on a shared observation mask, with
coverage reported separately.

We  split  the  observation  window
chronologically into 54 training days, 18 validation
days and 18 test days. Table 1 report the eligible
days in each house. The first 27 days are used to
learn the NILM signatures. The next 27 days supply
training examples for the forecasting model using
out-of-sample  estimates  from the  fixed
disaggregation algorithms. The split keeps reference
appliance states out of the forecasting inputs and
prevents data leakage. All history windows and
future forecast horizons lie wholly within their
respective subsets.

Rolling statistics and calendar features

To forecast the future load maximum M; in (2)
from the original measurements and baseline
disaggregation estimates, we analyze the local
dynamics of the time series. At each step t, we

calculate the following statistics for aggregate power
Pygg(t) in (1) over arolling window of size W.

The local moving mean estimates the trend.
1 — .
U = Wz}/liol Pagg (t—10), 3)

The local

volatility.

standard deviation measures

o = \/%Zyial(Pagg(t —0- '“t)z’ “)

The local range A: measures the amplitude of
fluctuations.

A= 02}2)‘5'/ Pagg -0 - Orsr}l<rll/l/ Pagg t-0. (5

The model encodes local hour cyclically using

sine and cosine terms.
. (2mhour(t) 2m-hour(t)
hg, (t) = sin (T) , heos (t) = cos (T)’ (6)

Here, hour(t) is the local hour of day in
Europe/London.

The forecast combines these rolling descriptors
and calendar indicators with the confirmed appliance
features when the corresponding variant is used.

Baseline and event

confirmation

disaggregation

The first baseline, CO, implements standard
combinatorial optimization [2], [18]. We use
deterministic one-dimensional clustering on the first
training subset to estimate two power levels for each
of the nine appliance channels [2]. The background
term b corresponds to the dynamic unmodeled
power P,per(t) in (1). For optimization, it is held
constant and set to the median training residual
between aggregate power and the sum of the nine
appliance channels. For each new sample, we select
the combination of levels as follows.

&) = arg 7;nin |Pagg(t) - b — Z?=1 cj|. (7
ce

The set C contains up to 512 combinations of
nine two-state models (K = 2). The selected level of
channel j is ¢;, and P,4,(t) is the aggregate active
power of the entire facility (house or apartment) at
time t.

A fixed ordering breaks ties. Training is local
and uses labeled appliance measurements.
Deployment in a new house would require prior
labeling. The decision for each sample is
independent of future readings and previous states,
which can lead to rapid switching between
combinations. Transfer across domains has been
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investigated separately for neural disaggregation
methods [4].

We checked the code against the open
NILMTK implementation [2], [3]. The standard
package was not run as a black box because its two-
state configuration differs substantially from our
clustering settings. Fixing the implementation and
using a shared protocol allows the comparison to be
reproduced [3], [13], [23]. Unknown appliances and
equipment with multiple operating modes limit the
use of CO and make additional filtering rules
necessary.

The second baseline, EDGE, is an engineering
detector of changes in aggregate power. CO
independently selects a fixed combination of states
at each sample, while EDGE looks for changes in
the aggregate signal. To identify possible switch-on
and switch-off times at each step t, it calculates the
difference in power over a specified interval.

AP(t) = Pagg(t) - Pagg(t - 1?) (8)

Here € is a lag of one observed sample within a
continuous segment.

The training appliance channels provide typical
amplitudes for the target loads. A positive or
negative change AP(t) is matched to a switch-on or
switch-off event using a fixed relative tolerance of
25 %. If several matches are possible, the detector
selects the one with the smallest relative
discrepancy, using a fixed appliance order. The
maximum time in the active state is set to the 0.99
quantile of complete event durations in the training
data. At the start of each segment, the model
assumes that the appliance is off and can therefore
miss a load that is already active. EDGE is a
simplified engineering detector based on the
approach introduced by Hart [7]. Simultaneous
transitions, similar signatures and missed switch-offs
are expected limitations.

The same confirmation rule is applied to the
reference and estimated appliance power series. An
ON candidate begins at or above the upper level
threshold and an OFF candidate at or below the
lower one. These thresholds are 1000 and 500 W for
the kettle and 200 and 100 W for the microwave.
The condition must persist for at least 16 s in
observed time. These levels apply to appliance
power, while the 25 % relative tolerance applies to
changes in aggregate power used by EDGE [21].

The level thresholds, persistence times, and
relative tolerance were fixed engineering settings.
The EDGE signatures and the duration cap were
derived separately for each appliance from complete
training events. The cap was the training duration

quantile at level 0.99. The protocol did not include
an optimization of the fixed settings.

These parameters are fixed before testing. The
event onset is the first sample in the confirmed
sequence. Detection occurs when confirmation is
complete, and only then does the event become
available to the forecast model.

Gaps longer than 24 seconds or invalid samples
split the observations into separate segments.
Activations that start before a segment or continue
beyond its end are treated as censored and counted
separately from complete events. For an active
appliance, we track elapsed time from a known
onset. An onset from an earlier segment does not
carry over across a gap. Availability is determined
by the algorithm’s confirmation time. Actual
network delays were outside the measurements.

Event matching and performance measures

We evaluate disaggregation by matching
detected onsets one to one with reference labels
using bipartite matching. The allowed time
difference is 60s, with a separate evaluation at
120 s. The procedure first maximizes the number of
matched pairs and then minimizes the total timing
error across those pairs. Each reference event can be
counted only once.

For n reference events, m estimated events and
k matched pairs, precision, recall and F; are defined

by (9).

Precision = E,Recall = E,Fl = 2 9)
m n

n+m

A metric is undefined when its denominator is
zero. Onset and duration errors are calculated only
for matched pairs and are reported alongside the
numbers of matches and misses. Power
reconstruction is evaluated separately using mean
absolute error (MAE) in watts.

MAE = -3X. [P0 - B(®O],  (10)

Here, P;(t) and P;(¢) are the reference and
estimated power of appliance j at sample t, and N is
the number of test samples. MAE summarizes power
reconstruction across all samples. Short events
require a separate detection metric.

We group onsets into 24 local hourly bins.

If Nj; is the number of onsets of appliance j in
bin b, the normalized profile and the distance
between profiles are given by (11).

Njp A
Piv = 575 e Dv = Ve EiZolpy, = pppl- (1D)

The profile describes when recorded starts
occurred. It gives neither the probability of
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occupancy nor the probability of at least one start in
a given hour. The normalized profile is undefined
when there are no events. We assess total onset
counts and the mean absolute difference in daily
counts separately, since identical normalized profiles
can result from different usage frequencies.

Both methods are evaluated on the same valid
test samples. In the post hoc analysis, we vary the
reference segment gap limit across 24, 60 and 120 s
on the same quality mask. We retain the original
thresholds and compare complete cycles and their
durations by onset timestamp. We form exploratory
95% percentile intervals for complete-cycle Fi by
resampling eligible local days, with 20,000 draws.
The saved matched pairs have reference and
estimated onsets on the same local day, so each day
contributes its original reference, detection and
match counts.

Peak-load forecasting and power headroom

Each forecast variant uses a separate ridge
model for each house [8], [15], with the
regularization coefficient fixed at 10. The baseline
Frase USES aggregate and calendar predictors. Fco and
Feoce add causal appliance estimates from CO and
EDGE. Force Uses the same features derived from
recorded appliance channels as an information
reference. The cleaned channels and the fixed linear
model both limit its interpretation.

Forecast times are scheduled every 60 s and
aligned to the latest valid sample. A retained origin
requires continuous observations over the preceding
hour and following five minutes, with no gap longer
than 24 s. Fpase Uses 15 predictors: cyclic hour and
weekday terms, a weekend indicator, current
aggregate power, values lagged by 60, 300 and 900
s, and the mean and maximum over each of those
durations. Each appliance adds a confirmed state, the
number of confirmed starts in the previous hour,
elapsed activation time, and the latest available
power. Standardization is fitted on the forecast
training subset.

For each variant, the upper estimate U is the
point forecast plus the empirical 90th percentile of
signed validation residuals (observed minus forecast
peak). The nominal level of 0.90 illustrates a margin
targeting one upper miss in ten forecasts under
similar conditions. Given a fixed illustrative limit
P_lim, we define quantile-based power headroom by
(12).

Rt = Pim — Ut- (12)

For the 5 kW illustration, a controller flags
possible exceedance when estimated headroom is
zero or negative. The actual service rating is facility-
specific. For retrospective screening at 3, 4 and 5
kW, we count forecast origins at which the measured
future maximum exceeds the limit. We report recall
among those origins and false-positive rate among
origins without an exceedance. Adjacent origins can
cover the same physical peak.

For Fepce versus Fuse, We resample paired
absolute-error sums and origin counts by local day
with 20,000 draws. The resulting percentile intervals
are conditional on these houses and preserve
dependence within days. We also tabulate MAE on
origins with a recorded target-appliance onset inside
the horizon. The subgroup is defined retrospectively
using known reference onsets.

RESEARCH RESULTS
Event recognition and power reconstruction

Both methods returned estimates at every
shared valid test sample, giving 100 % coverage of
that series. The test set covers 18, 16 and 18 eligible
days in Houses 2, 4 and 5, respectively. The
independent appliance channels yielded 60 complete
reference cycles, 29 for the kettle and 31 for the
microwave. We calculated separate metrics for each
house and appliance pair.

Table 2 reports k matched pairs, n reference
cycles, and m estimated cycles at the primary
tolerance of 60 s. Dy is the total variation distance
between hourly onset profiles. Figure 2 shows a six-
hour excerpt from House 4 on 22 December 2013,
starting one hour before its first confirmed reference
kettle onset.

Table 2 and Fig. 2 show how CO and EDGE
differ in power reconstruction and event recognition.

Event recognition. At the primary tolerance of
60 s, EDGE has a higher F; for complete cycles in all
six house and appliance pairs. Kettle F; ranges from
0.129 to 0.560 for EDGE and from 0.032 to 0.170 for
CO. For the microwave, it ranges from 0.089 to 0.605
for EDGE and from 0.013 to 0.079 for CO.

For the microwave in House 5, CO has the
lower power MAE (52.1 versus 84.6 W), while
EDGE has the higher F; (0.089 versus 0.013). The
kettle in the same house has a numerically reversed
MAE ranking as well, but its MAEs differ by only
0.2 W. EDGE has the lower MAE in the other four
pairs and the higher F; in all six. The microwave
example demonstrates that the metrics can disagree
under this protocol.
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Table 2. Power reconstruction and event recognition on shared test samples

F1 complete F1 Counts Drv
House | Appliance Method MAE, W cycles Known K/n/m Complete
[95 % CI] onsets cycles
0.170
2 Kettle CO 447 [0.074, 0.271] 0.180 9/19/87 0.384
0.560
2 Kettle EDGE 23.2 [0.421, 0.651] 0.571 14/19/31 0.285
. 0.015
2 Microwave (6{0) 31.2 [0.000, 0.041] 0.022 2141262 0.775
. 0.130
2 Microwave EDGE 10.7 [0.000, 0.286] 0.136 3/4142 0.571
0.032
4 Kettle CO 26.3 [0.000, 0.079] 0.031 2171117 0.686
0.414
4 Kettle EDGE 14.4 [0.200, 0.579] 0.457 6/7/22 0.636
. 0.079
4 Microwave CO 18.9 [0.013, 0.168] 0.089 6/15/136 0.566
. 0.605
4 Microwave EDGE 11.4 [0.381, 0.792] 0.652 13/15/28 0.362
0.077
5 Kettle CO 29.2 [0.000, 0.250] 0.065 213149 0.857
0.129
5 Kettle EDGE 29.4 [0.000, 0.375] 0.151 2/3/28 0.679
. 0.013
5 Microwave CO 52.1 [0.000, 0.058] 0.033 1/12/138 0.609
. 0.089
5 Microwave EDGE 84.6 [0.000, 0.176] 0.097 4/12/78 0.538
Source: compiled by the authors
House 4, 22 December 2013, Europe/London
—— Reference  ---—-- CcO -~ EDGE
% 4000 -
& 2000 -
] 1
< P s SV
0 - T T T T T
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z E
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2 0 b T T = = I T T
% Microwave - | I (NI
5 Kettle - ] I mr 11 1 I
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Fig. 2. Aggregate power, reconstructed appliance power and confirmed kettle and microwave

onsets in a test excerpt from House 4 on 22 December 2013
Source: compiled by the authors

ISSN 2617-4316 (Print)

ISSN 2663-7723 (Online)

Computer science and software engineering

567



Zasidko A. Ya., Arsirii O. O. /

Applied Aspects of Information Technology

2026; Vol.9 No.4: 561-573

Overcounting and rapid state switching in CO.
Because CO does not use the previous state, it
generates many false detections. The kettle trace in
Fig. 2 shows closely spaced, brief spurious
transitions. For the microwave in House 2, CO
estimates 262 events against 4 reference events
(Nest/Nrer = 262/4), while EDGE estimates 42 events.

Effect of widening the matching tolerance. At
120s, the absolute F; scores for CO increase
slightly. EDGE retains its lead, and its own scores
remain stable.

Fig. 3 compares the recovered daily onset
profiles and event durations. For complete events,
the EDGE onset profile is closer to the reference in
all six pairs. For the kettle in House 2, the total
variation distance is 0.285 for EDGE and 0.384 for
CO. For the microwave in House 4, the
corresponding distances are 0.362 and 0.566.
Normalization hides differences in activation counts,
so we examine the absolute counts alongside the
profiles.

For example, the mean absolute error in the
daily microwave onset count in House 2 is 2.22 for
EDGE and 14.33 for CO.

—— Reference -

= CO

The curves in Fig. 3 use complete operational
events only. Pooling data from the three houses
provides a descriptive comparison. Statistical
uncertainty across independent facilities was not
estimated from these curves.

Duration errors apply to matched pairs. For the
kettle in House 4, CO has a mean duration error of
75.0 s on two matches, while EDGE has an error of
108.2 s on six matches. Their respective recalls are
0.286 and 0.857. For the microwave in House 4, the
duration errors are 154.5 s on six matches for CO
and 59.8 s on thirteen matches for EDGE.

The reference contains 60 complete cycles, 17
known onsets with unknown endings, and 520
fragments with unknown onsets. Several fragments
can belong to one physical activation. In particular,
the three complete kettle cycles in House 5 and the
four complete microwave cycles in House 2 describe
what the strict protocol could verify.

When the target is changed to all 77 known
reference onsets, EDGE still has the higher F; in all
six pairs (Table 2). This comparison retains the
original segmentation and does not recover unknown
starts.

EDGE

Onset and duration profiles for complete operational events

Kettle: onsets

0.10 A

0.05 4

Share of onsets

T
0 6 12 18 23
Local hour

Microwave: onsets

Share of onsets

Local hour

Kettle: durations

1.0 1

0.5 1

Share of events

0.0 ™
107
Duration, s (log scale)

Microwave: durations

Share of events

10 10°
Duration, s (log scale)

Fig. 3. Hourly onset profiles and duration distributions for complete events pooled

across the three test houses
Source: compiled by the authors

568

Computer science and software engineering

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)



Zasidko A. Ya., Arsirii O. O. /

Applied Aspects of Information Technology

2026; Vol.9 No.4: 561-573

With the quality mask fixed, the reference
contains 60, 61, and 61 complete cycles at gap limits
of 24, 60, and 120 s. Counts at these limits are
House 2 kettle: 19/19/19; House 2 microwave: 4/4/4;
House 4 kettle: 7/7/7; House 4 microwave: 15/15/15;
House 5 kettle: 3/4/4; House 5 microwave: 12/12/12.
A wider gap admits more uninterrupted labels across
missing observations. This comparison measures
sensitivity of the operational reference to
segmentation.

Only one additional complete onset was
recovered at a wider gap, for the House 5 kettle. It
lasted 78 s under the relaxed rule, compared with a
median of 100 s among the three onsets already
complete at 24 s. This sample cannot establish
whether censoring preferentially removes longer
physical activations. Invalid samples and other
segment boundaries still interrupt the event rule.

Changing both level thresholds by +20% left
complete-cycle Fi unchanged in all six pairs.
Varying persistence from 8 to 24 s changed the
scores. For example, the House 5 Kkettle yielded
0.103 at 8 s, 0.129 at 16 s, and 0.154 at 24 s. The
House 5 microwave yielded 0.088, 0.089, and 0.071,
respectively. This one-factor check holds the saved
EDGE power estimates and the reference labels
fixed. It varies confirmation only.

The House 5 microwave cycle starting at 2013-
12-07 08:51:36 UTC had no EDGE complete-cycle
match within 60 s. Figure 4 shows the reference and
estimated power around this onset.

Forecast accuracy and exceedance screening

The paired MAE differences Fepge Minus Foase
and their day-block intervals were House 2, -0.40 W
[-1.74, +1.26]; House 4, -1.40 W [-2.61, +0.03];
House 5, -4.81 W [-7.09, -2.74]. The interval is
below zero in House 5 and includes zero in Houses 2
and 4. The comparisons are exploratory and
conditional on the test records. Fomce has a higher
MAE than Fpese in each house under the fixed linear
specification. The results do not distinguish between
the effects of regularization, model form, and
variation in appliance use over time.

At origins followed by a known target-
appliance onset, MAES for Foase, Feoce and Foracle
were House 2: 65 origins, 3265.1/3247.1/3232.8 W;
House 4: 59 origins, 1572.3/1581.4/1572.5 W,
House 5: 17 origins, 1884.1/1946.4/1869.1 W. These
small subsets give a descriptive check and exclude
onsets that could not be verified.

Empirical test coverage ranged from 89.5 % to
91.4%. Underestimation in Table 3 is the mean of
max (0, observed peak minus upper estimate) over all
origins. In House 2 the Fyase Validation adjustment is
20.8 W, and in House 4 it is 219.8 W. These values
describe the upper tail of signed validation errors.
MAE averages errors of either sign on a different
period, so it can be higher or lower than the
adjustment [6], [25].

In Table 4, n is the number of origins with a
measured exceedance. Recall and false-positive rate
(FPR) are percentages. The alert recall varies from
16.7 % to 60.8 % across the tested settings, with
little difference between feature variants. The results
describe screening per forecast origin. They do not

The forecasts share 16,269, 10,734 and 10,539 count distinct overload episodes or establish
test origins in Houses 2, 4 and 5, respectively. Fepce  controller effectiveness.
reduces MAE by 0.4, 1.4 and 4.8 W (Table 3). Fco
yields a smaller error than Fusse Only in House 4.
1500
—e— Reference
EDGE
1000 -
= ]
.
2
/& 500 A
0 _ s sa = oty \—" Py
-100 =50 0 50 100 150
Time from reference onset, s
Fig. 4. House 5 microwave cycle without an EDGE onset match
Source: compiled by the authors
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Table 3. Forecasts of the aggregate maximum at shared test times

. A MAE Coverage, Mean under-

House Variant MAE, W VS Fome, % % (o.g0, W estimation, W
2 Fhbase 169.1 0.00 90.4 20.8 86.8
2 Fco 170.6 +0.86 90.6 26.2 86.4
2 Fepce 168.7 -0.24 90.2 21.0 86.2
2 Foracle 170.9 +1.03 90.4 23.9 86.6
4 Fhbase 182.5 0.00 914 219.8 59.5
4 Fco 181.6 -0.51 91.3 219.0 59.5
4 Fepce 181.1 -0.77 91.3 2195 60.0
4 Foracle 183.2 +0.39 91.3 220.4 59.9
5 Foase 139.2 0.00 89.8 59.7 48.4
5 Fco 140.2 +0.74 89.6 59.6 48.8
5 Fepce 134.4 -3.46 89.5 58.9 49.0
5 Foracle 143.7 +3.24 90.0 66.4 48.5

Source: compiled by the authors
Table 4. Exceedance screening at test forecast origins
House / kW n Foase recall / FPR Fepce recall / FPR

2/3 466 57.9/0.07 58.4/0.08

2/4 184 54.3/0.04 54.3/0.05

2/5 172 52.3/0.02 52.3/0.01

4/3 314 60.8/0.06 60.8/0.05

4/4 25 40.0/0.05 40.0/0.06

4/5 6 16.7/0.00 16.7 /0.00

5/3 143 31.5/0.32 31.5/0.34

5/4 49 42.9/0.10 40.8/0.10

5/5 24 41.7/0.08 41.7/0.07

Source: compiled by the authors

For example, at 2013-12-22 10:39:48 UTC in
House 4, Fepce gives an upper estimate of 3609 W
and headroom of 1391 W at the illustrative 5 kW
limit. A planned operation drawing up to 1 KW over
that five-minute horizon would pass this screen. A
1.5 KW operation would be deferred to a later origin.
The observed peak was 3557 W before any
hypothetical addition. This calculation assumes
additive load and an operation contained within the
horizon.

DISCUSSION OF RESULTS

The proposed method integrates preprocessing,
rolling statistical descriptors, causal disaggregation,
event validation and peak-load forecasting into a
single data mining pipeline for proactive energy
consumption. CO, EDGE and ridge regression
provide the implementations used to evaluate this
pipeline. Their comparison on shared records makes
the effects of the reconstructed appliance
information observable at both the event and

forecast stages. The experiment does not isolate the
contribution of every stage.

Both baselines need labeled appliance channels
for local calibration. After calibration, NILM
inference uses the aggregate meter. The recorded
British household loads from 2013-2014 provide a
limited basis for extrapolation to commercial or
industrial buildings, where appliance signatures and
concurrent transitions can differ. A centered-window
model such as RAPC-Net [16] also uses future
samples, which changes its suitability for a forecast
issued at the current time.

The data use a nominal cadence of about 8 s,
with irregular sampling. The confirmation rule waits
at least 16 s from the first qualifying sample and can
wait longer for the next observation. A confirmed
state can enter at the next retained one-minute
forecast origin when the data are valid. EDGE
compares each observed transition with the fitted
signatures of the two target appliances. CO
compares each sample against up to 512
precomputed sums, and ridge inference is linear in
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the number of features. Total runtime and Reference completeness depended on the

communication latency were not measured.
CONCLUSIONS

The proposed data mining method for non-
intrusive load monitoring integrates five stages in a
causal pipeline. Preprocessing and statistical feature
engineering with calendar context are followed by
disaggregation with confirmation rules, one-to-one
validation of operational events and forecasting of
available power. REFIT household records provide
an experimental evaluation of the method.

EDGE achieved higher complete-cycle Fi than
CO in all six evaluated house—appliance pairs and
lower hourly-profile distance in each pair. For the
House 4 microwave, Fi increased from 0.079 to
0.605. The House 5 microwave illustrates why
power MAE and event recognition should be
assessed separately.

allowed observation gap. Reporting the complete
cycles and the partially observed activations
separately made clear how much of the evidence
supported direct comparison of onset counts and
durations.

With ridge regression, adding EDGE features
reduced peak-forecast MAE by 0.4, 1.4 and 4.8 W,
or 0.24 %, 0.77 % and 3.44 %, in Houses 2, 4 and 5.
The day-block intervals included zero in two houses
and were below zero in House 5. These
improvements establish a local benefit under the
fixed forecast protocol.

The validation error quantile and the resulting
power headroom supplied a forecast-based input for
proactive resource allocation. Empirical test
coverage was 89.5-91.4 %. The decision example
connects this estimate to screening a planned
operation against an assumed power limit.
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AHOTANIA

Jlnst 3aB4acHOrO BHAIJICHHS MOTY)KHOCTI Ha 3aIUIAaHOBAHYy OMNEpaLilo cMapT-00’ €KTY MOTPiOHA OLiHKa MalOyTHHOTrO MiKOBOTO
HaBaHTaXEHHs. Y poOOTI pO3pO0IEHO METOA IHTENEeKTYalbHOI'O aHali3y IaHMX HEIHTPY3WMBHOTO MOHITOPHHTY €JIEKTPUYHHX
HABaHTOKEHb y CHCTEMaxX IPOAKTUBHOTO CHEPrOCIOKHBAHHSI CMApT-00’€KTiB, SKHH 00’€[HYye TNOIEpeqHIO O0OpOOKY HaHWX,
BUIJICHHs ONEpalifiHUX MOAif Ta NPOTHOCTHYHE MOICTIOBAHHA B €IUHUM apXiTeKTYpHHil KoHBeep. Merox 3abesmedye
MIEPETBOPEHHSI «CHUPHX» YaCOBUX PSAIB arperoBaHoro CHoxuBaHHs Ha mpukiaai natacety REFIT y xommiekc iHdopMariiHux
apredakTiB, a caMe MUCKpEeTHI omepamiiiHi moxil Ta iX aTpuOyTH (Yacu mMO4arky, TPHBAIOCTi, NOOOBI Mpodisli BUKOPHCTAHHS),
KBaHTH(IKOBaHI OLIIHKK TOYHOCTI PO3IMi3HABAHHS Ta MPOTHO3HMI 0a3WC AJIsl YIPaBIiHHSA y BHUIJISAAI KBAaHTWIBHOI OI[HKU 3amacy
MOTY)KHOCTI B KOHTYpPi HPOAKTHBHOTO EHEpProcrnoXuBaHHs. [IpoBefeHO TOPIBHAJIBHUI aHATi3 aIrOPUTMIB IBOCTAHOBOL
KOMOIHATOPHOI ONTHMI3aLil Ta MIPUYMHHOIO IHKEHEPHOr0 JAETEKTOpa 3MiH MOTY)XHOCTi. EKcliepiMeHTalIbHO MOKa3aHO MOXIIMBICTh
PO30DKHOCTI MiX paHXyBaHHSM MoOJeNell 3a IOXMOKOI BiJHOBJCHHS HEINEPEepBHOI IOTY)KHOCTI Ta SIKICTIO pPO3IMi3HaBaHHS
JUCKPETHUX MOAid. Y Mexax (iHaNbHOrO eramy METOy IHTerpoBaHO BHIUICHI MPUIANOBI O3HAKH B PEryJIpU30BaHy JiHiMHY
perpecito, chopMOBaHO BaliJalliifHi KBAaHTUIII MOXUOKU Ta PO3PAXOBAHO KBAHTHJIBHY OLIHKY 3aracy MOTY)KHOCTI. [IpuiiagoBi o3HaKu
JETEKTOpa 3MCHILMIN CePEAHI0 abCOMIOTHY MOXMOKY MPOTHO3Y I’ SITHXBHJIMHHOTO MAaKCUMyMy Ha HYNb LIJHX YOTHPH IECATHX,
OJIHY LTy YOTHPH JECATUX Ta YOTHUPH LLIUX BICIM JECATHX BaTa y Tpbox OymuHkax. Jletekrop MaB Buiuii F1 po3misHaBaHHs moaii
y BCIX IIECTH mapax «OyauHoK—mpuiany. OTpuMaHa OLiHKA Ja€ CHCTeMi NMPOAKTUBHOIO KEPYBaHHsS 3MOry BU3HAYHTH IOCTYIIHY
MOTY)KHICTh HA TOPU30HTI POTHO3yBAHHSL.
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