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Comparative Evaluation of Machine Learning
Models and Input Feature Space for
Non-intrusive Load Monitoring

Attique Ur Rehman, Tek Tjing Lie, Brice Vallés, and Shafiqur Rahman Tito

Abstract—Recent advancement in computational capabilities
has accelerated the research and development of non-intrusive
load disaggregation. Non-intrusive load monitoring (NILM) of-
fers many promising applications in the context of energy effi-
ciency and conservation. Load classification is a key component
of NILM that relies on different artificial intelligence tech-
niques, e.g., machine learning. This study employs different ma-
chine learning models for load classification and presents a com-
prehensive performance evaluation of the employed models
along with their comparative analysis. Moreover, this study also
analyzes the role of input feature space dimensionality in the
context of classification performance. For the above purposes,
an event-based NILM methodology is presented and comprehen-
sive digital simulation studies are carried out on a low sampling
real-world electricity load acquired from four different house-
holds. Based on the presented analysis, it is concluded that the
presented methodology yields promising results and the em-
ployed machine learning models generalize well for the invisible
diverse testing data. The multi-layer perceptron learning model
based on the neural network approach emerges as the most
promising classifier. Furthermore, it is also noted that it signifi-
cantly facilitates the classification performance by reducing the
input feature space dimensionality.

Index Terms—Machine learning model, load feature, non-in-
trusive load monitoring (NILM), comparative evaluation.

[. INTRODUCTION

ITH the fast development pace of the electronics mar-

ket, the energy demand has risen exponentially in the
last two decades. Further, the variability and forecasting un-
certainty of energy consumption patterns make it difficult for
the utilities to maintain the equilibrium between demand and
supply. In this context, effective energy monitoring is essen-
tial for modern power systems. Energy monitoring offers
many promising solutions for the grid stability, including but
not limited to energy forecasting, demand-side management,
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and fault diagnosis [1]. One of the well-known techniques of
efficient energy monitoring is load disaggregation, where an
appliance- or circuit-level power profile has been extracted
from an aggregated load power profile [2]. Load disaggrega-
tion, also referred to as energy disaggregation, can be broad-
ly categorized into intrusive load monitoring (ILM) and non-
intrusive load monitoring (NILM) techniques. ILM requires
dedicated measurement devices to be installed with each ap-
pliance, which is simple but a cost-prohibitive method [3].
Alternatively, NILM is a non-intrusive and cost-efficient ap-
proach that collects the aggregated load measurements at a
single-entry point and performs disaggregation via different
software techniques. An NILM system comprises three com-
ponents, i.e., data acquisition, feature extraction, and load
classification.

Numerous research works have been done based on the
initial concept of NILM [4]. Reference [5] have recently pre-
sented an state-of-the-art review of different NILM compo-
nents. Data acquisition is the starting point of the NILM sys-
tem, where data can be acquired either at low or high sam-
pling rate. In this context, [6] and [7] present a comprehen-
sive comparison of publicly available load disaggregation da-
tasets. It is noted that most of these datasets, used for NILM
evaluation, are based on high sampling rate. Subsequently,
most of the available NILM literature is based on these high-
ly sampled data [8]. Highly sampled data in NILM yield bet-
ter energy disaggregation [9] with the larger number of appli-
ance identifications [10] but at a cost of more complex hard-
ware requirement, large storage demand, and huge capital in-
vestment [11].

Feature extraction is a process of transforming raw data in-
to meaningful information. In the NILM domain, feature re-
fers to a unique consumption pattern of an appliance, which
is used for its identification. Numerous load features are pro-
posed based on power, current, and voltage. However, active
and reactive power are the most widely-used load features in
the NILM domain [6], [12], [13].

To identify individual loads based on the extracted fea-
tures, numerous artificial-intelligence-based techniques are
adopted by the research community. In this context, machine
learning (ML) is widely employed, such as the k-nearest
neighbors (k~-NN) model, which is successfully deployed to
disaggregate the air conditioning unit and electric vehicle
charging [14]. Likewise, the disaggregation of an air condi-
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tioning unit is also carried out using a support vector ma-
chine (SVM) in [15]. Further, the SVM and k-NN are used
for load classification, where input features are extracted
from active and reactive power, and power factor [16]. Other
techniques like hidden Markov model (HMM) [17] and its
variants [18], [19], and artificial neural network (ANN) [20]-
[24] are also employed by numerous researchers towards
load disaggregation.

In the existing literature, numerous studies present compar-
ative analysis of different ML models. For example, [25]-
[28] present a comprehensive review of different classifica-
tion techniques along with their corresponding advantages
and disadvantages. However, none of them are in the context
of NILM. Most of the existing NILM studies are based on
single or two to three ML models for the classification pur-
poses of a given problem. To address this, [29] presents a
comparative study of five different ML models in the con-
text of NILM, which is, however, based on highly sampled
data acquisition, i.e., a sampling rate of 30 kHz. It is ob-
served that the existing literature is lagging in terms of pro-
viding a comprehensive comparative evaluation of different
ML models in the context of NILM.

Further, as mentioned above, most of the available NILM
studies are based on high data granularity. However, to real-
ize the practical potential of NILM, studies need to be more
focused on low-sampling NILM systems rather than high-
sampling ones. Based on the lower data granularity, the low-
sampling NILM system is not only a more viable option for
the existing metering infrastructure [30], but also yields low-
er computational demands and costs. However, the existing
NILM literature is limited in providing comprehensive in-
sights in terms of low-sampling NILM systems.

To address the mentioned shortcomings, this paper is pri-
marily intended to evaluate the performance of different ML
models in the context of low data granularity based NILM
system. Hence, we focus on 1/60 Hz data granularity, whose
sampling rate is 60 times lower than 1 Hz, which is mostly
used in the context of low-sampling NILM systems. More-
over, to further realize a practical load scenario, this paper is
based on a recently released practical load database: New
Zealand GREEN Grid database [31]. The contributions of
this study are summarized as follows.

1) An event-based NILM methodology is presented for
low-sampling practical load measurements.

2) A comprehensive performance evaluation of different
ML models is presented in the context of low-sampling
NILM system. For the above purpose, ten different ML mod-
els are employed.

3) A new performance metric is introduced in the context
of NILM evaluation along with other well-known evaluation
criteria.

4) A comparative evaluation of the employed ML models
is presented in combination with different input features.

This study not only contributes to the existing state-of-the-
art ML models in NILM applications but also facilitates fu-
ture research in the mentioned domain. The reminder of this
paper is organized as follows. Section II presents the de-
tailed research methodology of NILM system. Section III
presents the simulation details and the corresponding results

and analysis. Section IV concludes this paper.

II. RESEARCH METHODOLOGY

This paper presents a low-sampling event-based NILM
methodology, which comprises four key components, i.e., da-
ta acquisition/pre-processing, event detection, feature extrac-
tion, and load classification. Ten different supervised ML
models, namely SVM, logistic regression (LR), decision tree
(DT), random forest (RF), k-NN, Gaussian process (GP),
multi-layer perceptron (MLP), naive Bayes (NB), quadratic
discriminant analysis (QDA), and stochastic gradient descent
(SGD), are employed and evaluated in the context of NILM
applications. Figure 1 presents the adopted flow of the re-
search methodology. It also highlights the four key compo-
nents of the event-based NILM system.

Feature extraction | :
Event detection

Training data set Testing data set

! Training set—f ——————— |
: Labels

: | Data acquisition |

Aggregated
. load data

Testing set

Comparative performance evaluation
Circuit-level | [ Household-level | [ Global-level

Fig. 1. Flow of research methodology.

In this paper, the methodology presented in Fig. 1 is pri-
marily targeting the non-intrusive load inference of water
heating (WH) load element at the circuit-level configuration.
However, this methodology is also viable for the non-intru-
sive load inference of other load elements, even at the appli-
ance-level configuration [14]. WH circuit is selected due to
the attributes of the employed practical load database: data
granularity and availability of the circuits. Due to the low da-
ta granularity of the employed database and the variations in
circuit installation configuration, we choose to focus on WH,
which is a high-consumption load element and has a dedicat-
ed standalone circuit installation configuration. Consequent-
ly, it is a more viable load element to be non-intrusively in-
ferred under the given conditions [10], [30]. Moreover, the
WH circuit is one of the main stakeholders in terms of elec-
tricity consumption in a residential sector [32]-[34]. More
importantly, it is a flexible/interruptible load element [35].
These properties make WH as a high potential load element
for many practical energy efficiency applications, e.g., de-
mand response [34], [36] and power regulations [33].
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A. Data Acquisition and Event Detection

In this study, load data are acquired from New Zealand
GREEN Grid database [31]. This is the first database of this
kind in New Zealand, where the data have been collected
from 2014 to 2018. The database comprises load measure-
ments of 45 households, where each household contains 1-
minute (a sampling rate of 1/60 Hz) mean power data, in
watt, available for individual circuits and main circuit (total
incoming power). Further, each household has 6 circuits in-
cluding the main circuit, where the installation configuration
of individual circuit varies from household to household [37].

For simulation purposes, load data are acquired from four
different households with dedicated WH circuit installed in
their premises, where other individual circuits may vary. The
details can be found in [37]. The acquired load data are pre-
processed using the median filtering [38] technique prior to
the event detection. In the event-based NILM system, event
detection is a key component, where an event is defined as a
transient portion of a signal that deviates from the prior
steady state and lasts till the next steady state is achieved
[39]. The events are an indication of variations triggered by
turning-on/off of individual appliances/circuits within the ag-
gregated load profile. In this context, event detection refers
to a process of identifying these changes in the aggregated
load data [40]. In this study, the mean absolute deviation
sliding window (MAD-SW) [41] algorithm has been em-
ployed for event detection purposes. For the event detection
simulations, the threshold value of 150 W is selected, and
the window width w and delay tolerance At are set empirical-
ly at 3 samples and 2 minutes, respectively. In terms of
event detection, this paper aims to detect all the events with-
in the input pre-processed aggregated load data, where at a
later stage, non-intrusive load inference of WH circuit is of
primary interest.

B. Feature Extraction and Reduction

Due to the low sampling rate, most of the waveform infor-
mation, i.e., harmonic contents and reactive power, is lost ex-
cept the active power information [30]. As this study is
based on low data granularity, i.e., a sampling rate of 1/60
Hz, it uses the available mean power as an input variable for
the feature extraction process. The extracted load features
are related to different properties of the load events, i.e.,
geometrical, statistical, and power levels.

The extracted feature set, F [14], comprises five distinct
load features and is given as:

F= {rwid,h,szp,a, az,lu} (1)
where 7,4, P,y,-0,0°,and p are the transient width, peak-to-
peak power magnitude, standard deviation, variance, and
mean value of the event, respectively. These load features
are computed for each detected event and the mathematical
expressions of the features are given as:
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where 7, and 7, are the indices of the starting time and
ending time of the event, respectively; P, and P, are the
power magnitudes at the starting time and ending time of
the event, respectively; x, is pre-processed active power val-
ues at time indices within the detected transient portion, i.e.,
event; and »n is the total number of time indices that the tran-
sient portion lasts.

Another feature set F is also extracted using feature reduc-
tion, which is the process that features are intelligently
grouped to reduce the feature space dimensionality. The fea-
ture set F' is a combinatorial form of F that contains all the
(features) information of F. However, the feature space has
been reduced, i.e., it is composed of three distinct features
rather than five, as given in (7).

F={S.Cp,.C,} @)

where S,, Cp,,, and C,, are the slope, coefficient of disper-
sion, and coefficient of variation of the detected events, re-
spectively, as given in (8)-(10).
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The extracted load feature sets, F and F, given in (1) and
(7), respectively, are used as input features to the ML mod-
els used in this study.

C. ML Models

In the ML domain, no single model has superiority over
others, and the quest is to identify the optimal model that
provides the most accurate classification results under given
conditions [26]. The simplest approach is to evaluate the ac-
curacy performance of different ML models for a given prob-
lem and identify the one that yields the most accurate classi-
fication results. The ten ML models are selected due to their
diverse working principles and different strengths and weak-
nesses. This provides an opportunity to evaluate distinct
learning models and identify the most optimal one in the
low-sampling NILM systems. Based on the available theoret-
ical and empirical studies, Table I presents a detailed com-
parative analysis of the advantages and disadvantages of the
employed ML models.

Furthermore, a brief methodological description of all the
employed ML models is presented as follows.
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TABLE I
COMPARISON OF EMPLOYED ML MODELS

ML model Advantage Disadvantage Reference
SVM Insensitive to data dimensionality, good generalization Higher complexity and memory requirements, [26]-[28], [42]
ability, versatile kernel selection rely on model parameters, poor interpretability ’
LR Parametric model, capability to handle nonlinearity Multicollinearity issues, require large sample size [28], [43]
DT Good generalization ability, noise robustness, Greedy construction process, overfitting issues, [26], [28], [43], [44]
computationally faster, easy to interpret error propagation issue, prone to data dimensionality ’ ’ ’
RF Computationally fasF °r, noise robust.ness, no parameter The increasing number of trees slows down the model [28], [44], [45]
tuning, no over-fitting
Rely on k-value tuning, prone to noise/irrelevant features,
k-NN Suitable for multi-model classes, simplicity dimensionality issue, higher memory requirement, [26], [28], [43], [44]
poor interpretability
GP Probabilistic approach, good performance in practice High computational cost [46], [47]
MLP Non-parametric, robust to noise and irrelevant features Large training time, rely on input parameters, [28], [43], [44], [48]
hard to interpret
NB No parameFer tuning, robust tg missing values, compu- Prone to data dimensionality [26], [28], [44]
tationally faster, requires low memory
Easily computed, work well in practice, S .
QDA 1o hyperparameter tuning Long training time, complex operation [42], [49]
SGD Easy to implement, efficiency, faster convergence Hyperparameter tuning required, sensitive to feature scaling [42], [50]
1) SVM tween the data points [44].

SVM is a well-known classical supervised ML model
based on a concept of a “margin”, i.e., either side of a hy-
perplane that separates two data classes [26]. It is a widely
used ML model and is considered as a must-try method due
to its most accurate and robust technique among all the mod-
els [27]. Further, it establishes itself as a promising classifier
for NILM applications [51].

2) LR

LR, also known as the logit model or maximum entropy
classifier, is widely used for classification purposes. It is
based on statistical models where a logistic curve is fitted to
a dataset [44]. LR creates a logit variable comprising the nat-
ural log of the likelihoods that the class occurs. Later maxi-
mum likelihood estimation algorithm is employed to esti-
mate the probabilities [44]. LR models have also proven
themselves for numerous practical problems.

3) DT

DT is a powerful classification model that is simple to un-
derstand and easy to interpret. It is based on a recursive hier-
archical structure comprising nodes (internal/leaf) and
branches. Branches represent the decision rules, where inter-
nal and leaf nodes represent features (attributes) and out-
comes, respectively.

4) RF

RF is based on a combination of DTs’ prediction. Several
DTs are trained and each DT votes for its preferred class.
The class with a larger number of votes is taken as a final
prediction. RF model is not only fast to be trained but also
does not overfit regardless of the number of trees employed
in combination [44].

5) k-NN

k-NN stores the complete training set and assigns an unla-
beled data point to the class of its nearest neighbors. To at-
tain the nearest neighbors for each data point, A~-NN general-
ly employs Euclidean distance to measure the distance be-

6) GP

GP classifier is a generic supervised learning model de-
signed to solve the problems of regression and classification.
For classification purposes, the GP classifier implements the
Gaussian processes to estimate the conditional probabilities
from the given sample. In the given context, the two key ap-
proximation algorithms are Laplace and expectation-propaga-
tion [52], where further details on GP classifier can be found
in [47]. The GP classifier is establishes in a wide range of
domains including remote sensing image classification [46],
electroencephalogram signal classification [53], and appear-
ance-based gender classification [54].
7) MLP

MLP is the most widely-employed supervised learning
model based on neural networks and has the capability to
model complex functions [28]. MLP utilizes backpropaga-
tion for training purposes [42] and comprises three layers, i.
e., input layer, hidden layer, and output layer. It is worth not-
ing that any random classification problem can be learned
even with one hidden layer, given that the hidden layer com-
prises enough units. Further details can be found in
[42], [55].
8) NB

NB is a probabilistic learning model based on Bayes theo-
rem for conditional probabilities. It builds and optimizes a
function, given that all attributes in a database are indepen-
dent. Generally, the maximum likelihood algorithm is used
for the training of NB model [44].
9) ODA

QDA is a standard supervised classifier, which uses the
Gaussian distribution to model the likelihood of each class
and later employs the posterior distributions to classify the
given testing data [56].
10) SGD

SGD classifier executes a plain SGD learning routine sup-
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porting various loss functions and penalties for classification
[42]. Tt is an efficient approach for discriminative learning of
linear classifiers under convex loss functions like SVM and
LR. SGD is established for large-scale and sparse ML prob-
lems [42].

D. Performance Evaluation Metrics

In this study, the employed ML models are comprehen-
sively evaluated at three different levels: circuit level, house-
hold level, and global level, as depicted in Fig. 1. For the
above-mentioned purposes, well-known performance metrics
are used: recall (R), precision (P), f-score (F,), and accuracy
(A). Moreover, the performance metric of Kappa index (K)
is also introduced in the context of NILM classification per-
formance evaluation.

R is defined as the number of relevant items selected,
while P is the number of relevant items within the selected
items. R and P are mathematically given as in (11) and (12),
respectively [7].

TP
R: —_—
TP+FN (D
TP
P=
TP +FP (12)

where TP, FP, and FN represent true positive, false positive,
and false negative, respectively.
F_ is defined as the harmonic mean of R and P, mathemati-
cally defined as in (13) [7].
P +R) PR
F=—F7| =2
( ) “P+R

= (13)
A is another performance metric used for the evaluation
of classification models and is defined as the prediction frac-
tion the model classifies correctly [57], given as in (14).
TP+TN
TP+TN+FP+FN
where TN represents true negative.
The terminologies of TP, FP, FN, and TN are well ex-
plained in the form of a confusion matrix, given in Table
11 [58].

A= (14)

TABLE II
TABLE OF CONFUSION MATRIX

Ground-truth

Model prediction

Occurred Not occurred
Detected TP FP
Not detected FN TN

Another performance metric introduced and employed in
this study is the Kappa index K. It is calculated using both
the accuracy and expected accuracy, mathematically given as
in (15) [59].

A-E

K= K (15)

where the expected accuracy E is defined as the accuracy
that any random classifier would be expected to attain based
on the confusion matrix, as given in Table II. £ is mathemat-

ically defined as in (16) [59].
P (TP+FN)(TP+FP)+(TN + FN)TN +FP)
B (TP+TN+FP+FN)

K <A, however, K is the degree of agreement among two
or more raters, so it is a more robust measure to evaluate the
performance of ML model. Moreover, K of one ML model
is directly comparable to that of another ML model em-
ployed for a similar classification task. Reference [60] as-
signs the labels in terms of agreement strength to different
ranges of K, as shown in Table IIl. The details of Table III
are used as a benchmark. It is evident that the higher the K
value, the better the agreement. Generally, K >0.40 is desir-
able [59].

(16)

TABLE III
DIFFERENT RANGES OF K

K Label
Less than 0 Poor
0-0.20 Slight
0.21-0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Substantial
0.81-1.00 Almost perfect

III. SIMULATIONS AND RESULTS

Comprehensive digital simulations are carried out based
on the research methodologies presented in Section II. For
the above-mentioned purpose, a desktop computer with Intel
Core 17 (8700) processor and 32 GB RAM is used, where
MATLAB R2018b and Python 3.6.7 are employed as simula-
tion tools.

All the employed ML models are independently evaluated
in combination with input features, F and F, as given in (1)
and (7), respectively. Further, all the employed ML models
are independently trained with 20-day load data from a sin-
gle household and later tested on a diverse set of testing da-
ta that are not known in the training phase. This strategy
aims at validating the robustness of the given classifiers and
identifying the most optimal one for the given problem. Ta-
ble IV presents the details of households in New Zealand
GREEN Grid used for the training and testing purposes of
the employed ML models along with the corresponding re-
sults in terms of event detection and feature extraction. It is
worth noting that event detection simulation details are not
within the scope of this study. However, further details can
be found in [41].

Table V presents different learning model parameters ad-
opted for simulation purposes. Further details of the present-
ed parameters in Table V can be found in Scikit-Learn [42],
which is an ML library for python programming language.

A. ML Simulations in Combination with F

All the employed ML models are fed with the input fea-
ture set F, and simulations are carried out according to the
details presented in Fig. 1, and Tables IV and V.

Under the given conditions, Table VI presents the circuit-
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TABLE IV
DATA ATTRIBUTES AND RESULTS OF NEW ZEALAND GREEN GRID

Data Household ID Data acquisition timeframe No. of data samples ~ No. of detected events F F
Training data f 2 May 11-May 30, 2014 28800 1504 1504 x5 1504 %3
rf 2 July 1-10, 2014 14400 898 898x 5 898x3
Testing tf 31 September 1-7, 2016 10080 166 166 5 1663
data f 36 June 21-27, 2017 10080 390 390x5 390x3
rf 42 Janaury 7-13, 2017 10080 60 60 x5 60x3
TABLE V ization purposes, Fig. 2 presents the circuit-level classifica-
PARAMETERS OF EMPLOYED ML MODELS tion results of the MLP in the form of a normalized confu-
- sion matrix for all the testing households.
ML model Parameter detail
SVM C=1.0, kernel =rbf", Value Value
MLP activation= ‘relu’, hidden_layer_sizes=(100,), solver= ‘sgd’ ) Miseqr 10.050.00 0.00 (U4 08 T Miscyr 0.00 0.75
DT min_samples_leaf =1, min_samples_split=2, splitter = ‘best’ § Misc,, |0.00 0.05 (LS 0.6 é Misc,, 0.00 gj(s)
. o Py . Q Q .
RF f;i;e;‘;“m;é‘i‘;pﬁl‘“fﬁ?;ﬁfii 0 % wi,, [0.00 {84 0.04 0.00 2‘2‘ % WH,, 0.19 0.00 |30
NB priors=None, var_smoothing= le-09 & wH,;: [l810.00 0.00 0.01 || a WHorr 0.00/0.26 [10.15
GP max_iter_predict=100, multi_class=‘one_vs_rest’ WHr WH,, Misc,, Misc,g; WH, WH,, Misc,, Miscy 0
LR C=1.0, max_iter=100 Ground-truth label Ground-tguth label
K-NN algorithm = ‘auto’, leaf’ size=30, p=2, n_neighbors=5, @ Value ® Value
weights = ‘uniform’ _ wiseyr 022000 0.00 (T 0075 __ sisews[0.00 0,00 0.00 BT N
SGD loss= ‘hinge’, penalty = ‘12’ _;.'; _ 0.60 é ' 0.8
— Misc,, |0.00 0.20 [(&( 0.00 — Misc,, (0.00 0.00 L& 0.00
3 045 3B 0.6
level performance results of classifiers in terms of P, R, and é Wi, 0.00 BRSH0.24 0.00 Ho.30 é WH., 0.00 RR0.04 0.00 0.4
F. The evaluation is based on the classification of four differ- * wn,, [8£30.00 0.00 0.16 [{0-15  “ wu_, JH]0.00 0.00 0.04 [{0-2
ent classes, namely turning-on/off of WH and miscellaneous WH,; WH,, Miscy, Miscy; 0 WH,,; WH,, Misc,, Misc;; 0
circuits, which are denoted as WH_,, WH_,, Misc,,, Misc, Ground-truth label Ground-truth label
respectively. Furthermore, the weighted average performance © @
of all circuits, which is denoted as WAVg, is also included in Fig. 2. Circuit-level classification results of MLP for different testing

Table VI. It is evident from the results presented in Table VI
that all the employed classifiers generalize well for the en-
tirely unknown testing data. It is observed that rf 2, as a test-
ing data set, attains the best individual circuit-level inference
performance by all the employed classifiers. It is anticipated
because the testing data of rf 2 are not known in the train-
ing phase of the employed classifiers. However, the testing
and training data belong to the same household with similar
attributes like occupancy, size, the installation configuration
of circuit, and usage pattern. In terms of diverse testing
households, the worst circuit-level performance is recorded
for rf 36. Further, it is worth noting that the WH circuit in-
ference results presented as 0% for rf 31 in Table VI corre-
sponds to the absence of WH circuit activity in reality, i.e.,
no ground-truth activity, at the given data acquisition time-
frame. The absence of WH ground-truth activity is precisely
predicted by all the employed classifiers.

As for circuit-level inference performance, it is also evi-
dent from Table VI that, in most cases, the MLP classifier
based on the neural network outperforms other employed
classifiers. The MLP classifier is followed by QDA, LR,
SVM, and GP with marginal variations in terms of circuit-
level inference performance. The DT model shows the worst
circuit-level inference performance compared with other em-
ployed models under the given conditions. For further visual-

households. (a) rf 2. (b) rf 31. (¢) rf 36. (d) rf 42.

Table VII presents the household-level performance of the
employed classifiers in terms of A and K. It is evident from
the results presented in Table VII that the MLP and SGD
classifiers outperform others for the rf 31 and rf 36. For rf
2, SVM and GP have an edge over the other models. For rf
42, the QDA outperforms all other employed ML models.
This performance variation is expected due to the diverse na-
ture of the employed ML models and diverse testing house-
holds. The least A and K (57.43% and 43.21%, respectively)
are recorded for testing household rf 36 for the DT model.

In addition to the evaluation of ML models in terms of cir-
cuit-level and household-level, a global-level evaluation
based on the entire set of testing households under consider-
ation, is also carried out in this study. In this context, Fig. 3
presents a comparison of all employed ML models in the
form of a box plot, to visualize different statistical parame-
ters of the classification performance. The earlier analysis
can be further validated from the results presented in Fig. 3,
particularly from Fig. 3(b), where all the employed ML mod-
els attain the desired results of K >0.4 [59], [60] in terms of
all statistical distribution, i.e., the minimum, maximum, me-
dian, and mean performances. Further, it is also evident
from Fig. 3(b) that, the mean and median K performance of
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TABLE VI
CIRCUIT-LEVEL INFERENCE PERFORMANCE COMPARISON OF ML MODELS IN COMBINATION WITH JF

House- SVM LR DT RF k-NN GP MLP NB QDA SGD
hodiD 5™ T 2 s P R E P RFE P RF P RF P RFP RFE P RF P R F P RF
WH,; 98 96 97 94 96 95 96 96 96 98 97 97 98 97 97 98 9596 98 9596 93 96 95 97 95 96 93 96 95
WH,_, 94 96 95 93 9695 92 9292 92 9694 92 96 94 94 97 96 94 9594 94 96 95 94 95 94 96 91 93
f 2 Misc,, 98 96 97 97 96 97 95 9595 98 9596 98 9596 98 96 97 97 96 96 97 96 97 97 96 96 94 97 96
Misc, 97 9998 97 96 97 97 98 98 98 99 98 98 99 98 97 99 98 97 99 98 98 96 97 97 98 97 98 96 97
Wie 97 97 97 96 96 96 96 96 96 97 97 97 97 9797 97 9797 96 96 96 96 96 96 96 96 96 95 95 95
WH,; 0 o 0 0 0 O 0O 0 0 0 O o 0 0 0 0 o o0 o0 0 0 0o 0 0 o0
WH,, 0 o 0 0 0 O 0O 0 0 0 O o 0 0 0 O o 0 o0 0 O 0 0 o0
rf 31 Misc,, 100 80 89 100 80 89 100 82 90 100 80 89 100 &1 89 100 80 89 100 &1 90 100 80 89 100 80 89 100 84 91
Misc, 100 69 82 100 71 83 100 57 73 100 66 79 100 64 78 100 67 80 100 74 85 100 67 80 100 67 80 100 69 82
Wie 100 76 86 100 77 87 100 73 84 100 75 85 100 75 85 100 75 86 100 79 88 100 75 8 100 75 86 100 79 88
WH,, 78 6772 8 808 71 7473 75 7977 78 6473 83 7378 84 7881 83 8283 8 76 80 81 82 81
WH,_, 64 84 73 71 8477 44 3941 68 8073 69 8275 67 8374 77 80 78 T1 84 77 71 76 T4 77 81 79
rf 36 Misc,, 76 56 65 70 65 72 44 49 47 75 61 67 77 6269 76 58 66 79 76 77 80 62 70 74 69 72 80 76 77
Misc,, 69 7672 79 8481 70 6769 76 7173 70 79 74 74 8378 78 8481 77 8279 76 84 80 80 78 79
Wae 72 7170 79 78 78 57 5757 73 7373 74 7373 75 7474 79 7979 78 7777 76 76 76 79 79 79
WH,; 83 100 91 83 100 91 50 100 67 50 100 67 50 100 67 83 100 91 83 100 91 62 100 77 83 100 91 56 100 71
of 42 WH,, 62 100 77 62 100 77 38 60 46 50 80 62 50 100 67 62 100 77 83 100 91 62 100 77 100 100 100 62 100 77
- Misc,, 92 8890 100 88 94 91 80 8 95 84 89 100 80 89 100 88 94 100 96 98 100 84 91 100 100 100 100 88 94
Misc,; 100 88 94 100 96 98 100 80 89 100 80 89 100 80 89 100 96 98 100 96 98 96 88 92 100 96 98 100 84 91
Wy 92 90 90 95 9394 87 8082 90 83 85 92 8385 95 9394 97 9797 92 8889 99 98 98 93 88 89
Note: all results are in percentage.
TABLE VII
PERFORMANCE OF HOUSEHOLD-LEVEL MODELS IN COMBINATION WITH F
ML f 2 rf 31 rf 36 rf 42 ~
model A (%) K (%) A%) K(%) A%) K (%) A% K (%) 3
SVM  96.99 9591 7590 5836 70.76 61.03 90.00 84.87
LR 9587 9440 7650 5925 7820 7093 9333 89.91 sof — Median performance
DT 95.54 9394 7349 5443 5743 4321 80.00 70.73 = Mean performance
RE 9677 9561 7469 5659 7282 6372 8333 75.60 *"SVM LR DT RF kNN GP MLP NB QDA SGD
K-NN 9665 9546 74.69 5646 7282 6377 8333 76.00 ML{;‘fdel
GP 96.99 9591 7530 5747 74.10 6548 9333 89091 .
1or — Median performance ¥
MLP 9632 95.00 7891 62.65 79.23 7231 96.66 94.87 100f  K=80% —=— Mean performance Perfoct
NB 96.10 94.71 7530 57.47 7743 6990 8833 82.64 90}
QDA 9621 9485 7530 5747 76.15 68.21 9833 97.41 _sof ¥
SGD 9543 93.79 7891 6229 79.23 7229 8833 82.78 § 70+ Substantial
al 60 ¥
the MLP and the median K performance of the QDA model or Moderate
lie in the almost perfect region. :z """ _ Notdesirable  "K=40% -
SVM LR DT RF k-NN GP MLP NB QDA SGD
B. ML Simulations in Combination with F ML model
All the employed ML models are further evaluated in ®)
Fig. 3. Comparison of ML models in combination with F. (a) A. (b) K.

combination with the reduced number of features, i.e., F' be-
ing an input feature set. This provides an opportunity to ana-
lyze the feature space dimensionality in the context of the
performance of classification models. Table VIII presents the
circuit-level performance results of all the employed ML
models in combination with F. Under the given conditions,
it is evident from the results presented in Table VIII that irre-
spective of whether the reduced feature space is regarded as

an input to the ML models, all the employed ML models not
only generalize well for the unknown diverse testing data,
but also in some cases, attain better circuit-level inference re-
sults compared with the results presented in Table VI. For
example, in the case of rf 36, a significant increase in DT
circuit-level performance has been recorded, yielding a total
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of 12% improvement in the weighted average performance.
As discussed in Table I, some of the employed ML models
are prone to dimensionality issue; hence, it is expected that
reducing the feature space dimensionality facilitates the cor-

responding ML models. Further, as mentioned earlier, the
0% WH circuit inference for rf 31 corresponds to the ab-
sence of ground-truth activity of the circuit.

TABLE VIII
CIRCUIT-LEVEL INFERENCE PERFORMANCE COMPARISON OF ML MODELS IN COMBINATION WITH F

House- o SVM LR DT RF k-NN GP MLP NB QDA SGD
hold ID R FF P R F P RF P RF P RF P RF P RF P RF P R F P R F
WH,, 99 9094 99 8893 96 9595 989596 99 9597 95 8690 94 8589 88 8587 96 92 94 95 93 94
WH,, 93 8890 93 8790 94 89 92 939493 91 9492 92 87 8 90 87 88 87 8285 93 91 92 92 92 92
f 2 Misc, 93 9694 92 96 94 94 96 95 96 9696 96 9595 92 9594 92 9493 90 93 91 94 96 95 95 9595
Misc,, 94 100 97 93 99 96 97 97 97 97 9998 97 99 98 92 97 95 91 96 94 91 93 92 96 97 97 96 97 96
W, 95 94 94 94 94 94 95 9595 96 9696 96 96 96 93 93 93 92 9292 89 89 89 95 9595 95 95 95
WH, 0 0 0 0 0 0 0 00 00 0 00 0 0 0 00 0 0 0 0 0 0 0
WH, 0 0 0 0 0 0 0 00 00 0 00 0 0 0 00 00 0 0 0 0 0
if 31 Misc,, 100 81 90 100 81 90 100 81 90 100 82 90 100 81 90 100 81 90 100 82 90 100 83 91 100 81 90 99 81 89
Misc,; 100 76 86 100 76 86 100 60 75 100 64 78 100 72 84 100 72 84 100 72 84 100 74 85 100 71 83 100 72 84
W,, 100 80 89 100 80 89 100 74 85 100 76 86 100 78 88 100 78 88 100 79 88 100 80 89 100 78 87 99 78 87
WH,, 85 7379 85 7379 70 7372 767475 78 68 73 85 7580 8 71 78 85 8283 74 83 78 84 80 82
WH, 78 76 77 80 7376 68 7169 68 8073 74 8077 79 76 77 80 7276 81 8080 70 81 75 77 82 79
if 36 Misc,, 76 79 77 75 8278 69 66 68 756268 78 71 74 76 80 78 74 8278 80 8180 77 6571 80 76 78
Misc,; 75 8680 75 8680 69 66 68 727473 70 79 74 76 86 81 73 87 80 81 84 82 78 67 73 79 84 8l
Wy, 79 78 78 79 78 78 69 69 69 737372 75 7575 79 7979 78 78 78 82 82 82 75 74 74 80 80 80
WH,, 71 100 83 71 100 83 38 100 56 50 80 62 56 100 71 71 100 83 71 100 83 56 100 71 71 100 83 71 100 83
o WH,, 83 100 91 83 100 91 56 100 71 50 80 62 57 80 67 83 100 91 83 100 91 71 100 83 62 100 77 83 100 91
- Misc,, 100 96 98 100 96 98 100 84 91 95 84 89 96 88 92 100 96 98 100 96 98 100 92 96 100 88 94 100 96 98
Misc,; 100 92 96 100 92 96 100 68 81 95 84 89 100 84 91 100 92 96 100 92 96 100 84 91 100 92 96 100 92 96
W, 96 9595 96 9595 91 80 82 888385 91 87 8 96 9595 96 9595 94 90 91 94 92 92 96 95 95

Av

Note: all results are in percentage.

The employed ML models in combination with /' are also
evaluated at the household level. For the above-mentioned
purposes, the A and K have been employed, and the extract-
ed results are presented in Table IX.

TABLE IX
PERFORMANCE OF HOUSEHOLD-LEVEL MODELS IN COMBINATION WITH F

ML rf 2 rf 31 rf 36 rf 42

model A (%) K(%) A(%) K(©%) A%) K(%) A% K (%)
SVM 9443 9240 79.51 63.58 7820 7096 95.00 9237
LR 93.76 9148 79.51 63.58 7820 70.96 95.00 9237
DT 95.10 9332 74.09 5544 6923 5894 80.00 71.65
RF 96.10 94.69 7590 5796 7256 63.40 83.33 75.20
k-NN 9587 9439 7831 61.73 74.61 66.17 86.66 80.16
GP 92.65 8996 7831 61.73 7897 7198 95.00 9237
MLP 91.64 88.60 7891 6253 77.69 70.28 95.00 9237
NB 89.30 8542 80.12 6429 81.53 7538 90.00 85.12
QDA 9487 93.02 77.71 60.81 7435 6575 91.66 87.50
SGD 94.76 92.88 7831 61.46 80.25 73.67 95.00 9237

It is evident from Table IX that for all the testing house-
holds, the employed ML models attain the promising results
even when using the reduced feature set. It is also observed
that similar to the results presented in Table VII, the perfor-

mance of ML models varies from household to household.
For household rf 2, the RF model outperforms others. The
NB classifier unanimously attains the best performance for
two testing households, i.e., rf 31 and rf 36.

ML models in combination with F, are also evaluated at
the global level, where the corresponding comparative re-
sults in the form of a box plot are presented in Fig. 4 in
terms of A and K.

It is further validated from the results presented in Fig. 4
that no single model has a clear edge over others. Rather, it
is observed that the ML models namely, SVM, LR, GP, NB,
QDA, SGD, and MLP have marginal variations in terms of
overall mean and median performances, as highlighted in
Fig. 4(a). Furthermore, it is evident from Fig. 4(b) that in
terms of the K, the performance distributions of most models
lie in the substantial region or above.

C. Comparative Analysis

To underline the influence of feature space dimensionality,
a comparative evaluation of the employed ML models in
combination with F and F is carried out. For the above pur-
poses, the results presented in Figs. 3 and 4 are compared
and analyzed. It is noted that in most cases, the feature
space reduction facilitates the performance of models. Fur-
ther, the least K attained by any employed ML model in
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750
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100 ¢ — Median performance
K=80% ~=- Mean performance
90 [ Perfect
~ gof v
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2
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0
SVM LR DT RF k-NN GP MLP NB QDA SGD
ML model
(b)

Fig. 4. Comparison of ML models in combination with F. (a) A. (b) K.

combination with F is 43.21% (highlighted in Fig. 3(b)).
However, the least K achieved by any employed learning
model in combination with F' is 55.44% (highlighted in Fig.
4(b)). This yields an overall improvement of 12.23% for the
given ML model.

For further comparative analysis, the overall mean K,
based on the entire set of testing households, is also extract-
ed for each employed ML model in combination with F and
F. Figure 5 presents the corresponding comparative analysis
results in the form of a bar chart.

100

[ =3 In combination with F ¥
3 In combination with F Perfect
80t - s MR 2
Substantial
@ 60 x
< Moderate
ST L O A A R O 4
20t Not desirable

OSVM LR DT RF k-NN GP MLP NB QDA SGD
ML model

Fig. 5.
F.

Comparative evaluation of ML models in combination with F and

It is also evident from Fig. 5 that in most cases, except
for MLP and QDA, reduced feature space facilitates the em-
ployed ML models in terms of classification performance. In
the context of input features, it is also noted that for each
ML model, the performance improvement margin varies. As
all the employed ML models are different, they have their
own advantages and disadvantages, as discussed in Table I.
It is also noted that the dimensionality issues, which ML
models are prone to, improve significantly with reduced fea-
ture space, e.g., DT classifier.

In terms of computational complexity, including time and
space complexity, it is anticipated that reducing feature

space dimensionality will facilitate the ML models. As fea-
ture space is directly proportional to the size of the input
samples to ML models, consequently, there are fewer proba-
bilities, weights, and distances to estimate, optimize, and
compute, respectively. In this context, one of the key meth-
odologies used is referred to as feature selection, which is a
process to find the minimum subset of the most relevant fea-
tures that retain the key information of the original set [61].
Feature selection methodologies are not within the scope of
this paper. Our future research work will be extended to
evaluate and underline the significance of feature selection
towards more robust NILM development.

IV. CONCLUSION

This paper presents a comprehensive comparative perfor-
mance evaluation study of ten diverse ML models in the con-
text of low-sampling NILM applications. The employed ML
models are also evaluated in combination with different in-
put feature space. For the above-mentioned purposes, an
event-based NILM approach is adopted and digital simula-
tions are carried out on practical load measurements ac-
quired from four different households of the New Zealand
GREEN Grid database.

It is worth noting from the analysis that the selection of
an optimal ML model is not a case of “one size fits all”. In
this context, for the given problem, i.e., low-sampling non-
intrusive load inference, it is concluded that the MLP classi-
fier based on the neural network outperforms other em-
ployed ML models for most of the cases. On the downside,
the DT model attains the worst performance under the given
conditions. It is also noted that for the given conditions, re-
ducing the feature space dimensionality improves the perfor-
mance of ML models in most cases.

Based on the presented study and corresponding analysis
of the results, towards more robust NILM systems, the fu-
ture research areas will be two-folded: (D explore ML: en-
semble learning and deep learning techniques; and 2 ex-
plore the feature engineering domain including feature selec-
tion methodologies.
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