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Abstract— Non-intrusive Load Monitoring (NILM), also
known as energy disaggregation, is a useful technique for
analyzing energy consumption data, monitored from a single-
point source such as a smart meter. In this paper, a three-phase
induction motor was designed in SIMULINK to be used for NILM
system based on current waveforms and odd-numbered
harmonics up to the ninth harmonic. Supervised learning
classifiers were proposed including decision tree, KNN, NN,
Ensemble, and SVM algorithms to classify the loads with high
accuracy. In comparison, results show that the decision tree
classifier can classify the loads efficiently for the most loads.
Although the ensemble showed a high accuracy but still needs
more time for training due to the complexity of the model
Additionally, the more samples obtained the more accuracy of
classification, but a high sampling rate has more cost and analysis
it takes more time for training.

Keywords—Non-intrusive load monitoring (NILM), induction
motor (IM), harmonics, feature extraction, load classification,
SIMLUINK

I. INTRODUCTION

It is estimated that the building sector accounts for over 40%
of total non-renewable energy consumption, 40% of greenhouse
gas emissions, and 70% of total power consumption in
developed nations [1]. In tandem with the fast expansion of the
economy. the demand for energy among the public continues to
rise. Electricity conservation therefore contributes directly and
significantly to sustainable development in both economy and
environment. with significant market demand for technologies
and equipment that facilitate the realization of efficient and
energy-saving electricity consumption [2].
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It is possible to conduct load monitoring and identification
in an intrusive or non-intrusive manner. The methods of
intrusive load monitoring depend on the installation of many
specialized sensors on each device to gather data on its
electricity use. It is difficult to construct a sensor-distributed
measurement network in reality, despite the high precision of
identification provided by direct measuring [3]. In addition to
being known as energy disaggregation, non-intrusive load
monitoring (NILM) is a valuable approach for assessing energy
consumption data that is collected from a single source. such as
a smart meter. This is because the technology may be simply
implemented into existing structures. When used in conjunction
with signal processing and machine learning methods. the
NILM is capable of extracting individual load profiles from
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energy consumption based on power features and SVM. SVM
classifier shows excellent correlation and good overlap between
the target data and the output of the designed SVM. Yagqian et
al. [6] presented an approach for SVM based on harmonic
characteristics. The comparative experiment verifies that the
harmonic features can play a supplementary role when the
active power and reactive power features are confused. which
improves the classification accuracy.

Literature [7] improved the identification accuracy and
the detection of appliances based on k-nearest neighbor (k-NN)
classification algorithm and the V-I trajectory. Guohua et al.
presented a RF algorithm and using a harmonic analysis based
on Fourier Transform to achieve the feature extraction [8].
Yassine et al. [9] introduced an effective NILM system based
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on a novel multi-descriptor fusion with dimensionality
reduction and Decision Bagging Tree classifier.

This paper [10] proposes a network structure with residual
unit added to the traditional convolutional neural network. to
reduce the probability of gradient explosion. Hasbi et al. [11]
presented a method for monitoring energy usage based on CNN
from V-I trajectory image features. . CNN classifier shows an
efficient performance for appliance classification. Laura et al.
[12] proposes a LSTM-based neural network applied to the load
identification issue in NILM. which can efficiently recognize
appliances, based on power consumption measurements
coming from a single point at low sampling rates.

Researchers concentrate on the residential buildings more
than commercial buildings due to the large number types of
devices as well the ability to classify loads. commercial
buildings consume high power for a limiting time per day as
well lack of interesting in commercial building energy
management studies. In this paper, we propose induction
motors classification based on current waveforms and
harmonics. Using several classifiers to compare and obtain the
best for the loads of commercial buildings.

II. TyPES OF LOADS

Because of its simple and sturdy design. a three-phase
induction motor (IM) is extensively utilized in almost any
industry or in commercial structures. A three-phase IM is a
machine that operates on a single excitation. The
electromagnetic induction law of Faraday is the basis of the
induction motor's operation [13]. In this paper. we design DC
voltage source inverter (VSI) supply to three models of
induction motor with different specifications. Moreover. using
VSI to generate the odd-numbered harmonics in the motors and
use them as features in NILM system. The following parameters
are 400 V, 50 Hz. IM1 (4KW), IM2 (7.5KW), IM3(37KW). Fig.
1. illustrates one of the models of three-phase IM.
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Fig 2. Three-phase induction motor model

The high-power consumption in the commercial buildings
comes from the large motors due to the operating on the
weekdays for a limiting time which using these loads are
essential. In the next section, the NILM system will be discussed

in detail such as sampling frequency. features extraction. and
how the loads can be classified.

I1I. CASE STUDY

Fig. 2. demonstrates the proposed NILM system in this
study. The data was collected by using SIMULINK to design the
induction motor. obtaining the data was for 1 min at 1 kHz
sampling frequency. FFT analysis and scope block in
SIMULINK can be used to obtain the features of the loads
including current waveforms and harmonics. In this paper, the
collected data comes from three loads with three phases
(Motorl_PI1, Motorl_P2, Motorl_P3. Motor2_P1, Motor2_P2,
Motor2_P3, Motor3_Pl, Motor3_P2, Motor3_P3) to be
classified each load based on the selected features.
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Fig. 1. The proposed NILM system to the IMs.

IV. FEATURES EXTRACTION

In the commercial buildings. all the loads need to be running
at the same time which makes it a challenge for the NILM
system to classify the loads based on three phases. Load events
are characterized primarily by their active and reactive power.
Almost all appliances have a minor overlap in their power
ranges. which is distinguishable solely by the difference
between active and reactive power in their operation. The fact
that the power ranges of certain appliances have a significant
overlap makes it easy to get confused only on the basis of the
difference between active power and reactive power [6]. The
interesting thing is that each load has unique current waveforms
and harmonics with different specifications which leads to

: alwave amphtude of current and
harmomcs havc been obtamed by FFT analysis in SIMULINK
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Fig. 3. The total current waveform of induction motors for each phase.

as well extracting the features of the collected data based on odd-
numbered harmonics up to 9th harmonic and event harmonics
will be neglected as shown in Fig. 4. Choosing 1 cycle of the

Lhe harmonics order of loads.
1g. 3 shows the signatures of the motors and how the current
can be different with similar loads but with diverse

specifications. After extracting the features, the next stage of
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Fig 4 Current harmonics Phase A for induction motor (10 HP, 7.5kW).

NILM is the classification which each motor will be labeled after
collecting the total current consumption.

V.

Due to diverse types of loads presenting constant patterns.
numerous states and non-linear electrical behavior, accuracy and
flexibility of load identification methods are required.
Therefore, several techniques have been developed to improve
the efficacy of the designed methods, which can be classified in
function of the used machine learning algorithm. Generally,
machine learning techniques can be grouped as supervised and
unsupervised methods. as well as event or non-event-based

method : :
vised techniques prove that can achieve the high

accuracy of classification due to the labeled data in the database
and the classifier need to be trained to obtain the true class. In
this paper, we present supervised methods to classify the loads
based on SVM, KNN. NN. Ensemble. Decision Tree. The
collected data in the classification should be split into training
data and test data to demonstrate the unseen data to the classifier
and how should identify them with high accuracy. In the
proposed system. 60% of the data were considered for the
training dataset and 40% for the testing dataset.

LOAD CLASSIFICATION



The kernel function of SVM is quadratic and an automatic
kernel scale. Moreover. based on KNN the number of neighbors
is 10 with a euclidean distance metric and equal distance weight.
For NN model. the number of fully connected layers is 1 as well
the first layer size is 25 with a 1000 iteration limit. The ensemble
method is AdaBoost, and the learner type is a decision tree with
20 splits and 0.1 of the learning rate. However, the decision tree
has 100 splits and uses Gini's diversity index of split criterion.

v ULTS AND DISCUSSION

A. Evaluation me f load classification

The accuracy assessment metrics are widely used in the
evaluation of the process of classification. It is mostly useful for
the analysis of false assumptions, which is generally applicable
to unused datasets. According to Table 1, the parameters for the
confusion matrix are derived from True Positive (TP) and True
Negative (TN) values for the purpose of computing the
performance assessment. When the appliances are turned on and
off, the TP and False Negative (FN) are taken into consideration

[15].

TABLE | CONFUSION MATRIX
Predicted Positive Predicted Negative
Actual : -
Positive i £
Actual 2
Negative ER N

Sensitivity and recall parameters are terms used to describe
the performance result derived from actual positive rate
measurements, whereas precision refers to the positive projected
value. In order to determine the accuracy and recall value, use
formulas (1) and (2) [15].

TP
TP+FN

recall =

(1)

(2)

precision = =
TP+FP
The assessment criteria are differentiated by a performance
evaluation indicator that takes into account classification
accuracy. as shown by the accuracy pointers and the F-measure
that are computed as given below [15]:

accuracy = kst (3)
Y = TPiTNTFPeEN

precisionsrecall

Frneasure = 2% ————— )

precision+recall

B. Result analysis

In this paper, the characteristics were extracted based on
steady-state features and using FFT analysis to obtain the odd-
numbered harmonics up to the ninth harmonic and select five
classifiers to identify the loads by KNN. SVM. NN. ensemble,
decision tree. Fig 5 shows the confusion matrix to calculates
precision, recall. accuracy and F,.qeure Which to be
summarized in Table 2. As shown in Fig 5 (a) the FN accounts

at 240 and FP shows 2365 that the classifier has missed
redicting the classes correctly. However. Fi
illustrate a huge number of misprediction points for FN are 974

and 2393, and FP are 3825 and 2593. Fig 5 (d) dem ales
the lowest misprediction points with 1164 for FN and 1052 for
FP, while Fig 5 (e) shows only FP with 4785. Ensemble proves
that be able to classify with less misprediction.

TABLE II. RESULTES OF CLASSIFICATION BASED ON SUPERVISED
LEARNING.
Classifier recall precision accuracy F-measure

Decision
Tree 99 2% 99.21% 99.2% 99.2%
KNN

98.53% 98.58% 98.5% 98 5%

Eo =

98 48% 98 5% 98.4% 98 5%
Ensemble

99.32% 99.35% 99.3% 99.3%
SVM

98.53% 98.7% 98 5% 98.6%

The observation illustrates as shown in Table 2, the
techniques of load classification have an excellent accuracy for
the three motors having three phases with various specifications.
The results show that the accuracy rate of classifiers can reach
98.4% to 99.3% as well the accuracy rate is 88.3% and above
for each load. Ensemble (Boosted trees) can efficiently classify
the loads with an accuracy rate of 99.3%. In comparison, the
decision tree has the lowest time training following that KNN
classifier, as well the longest time training goes to SVM.
Although the ensemble showed a high accuracy but still needs
more time for training due to the complexity of the model.
Additionally, the more samples obtained the more accuracy of
classification, but a high sampling rate has more cost and
analysis it takes more time for training. Moreover, selecting
harmonics as features need to set a high sampling rate (kHz) to
obtain high order harmonics.
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(a) Testing result by decision tree classifier.
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(d) Testing result by Ensemble classifier.
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(e) Testing result by SVM classifier.
Fig. 5. Classification of loads based on superjvsed learning.

VII. CONCLUE

This paper has designed three-phase IM to be used in the
NILM system for load classification based on supervised
learning. three motors with different specifications that be used
mostly in commercial buildings and consume huge power more
than the small loads. Using current wavelorms and harmonics as
features for the proposed NILM system as well as KNN, NN,
SVM, decision tree, ensemble algorithms for load classification.
The algorithms of NILM system proved that can easily identify
the loads with an accuracy rate reach 99.3% based on boosted
tree classifier. IMs (Type-I) can easily be classified due to the
single-state pattern, the various power of the loads, and the lack

of mes number.
sampling rate (kHz) is required to collect high-order

harmonics, and the more samples that are obtained, the more
accurate classification will be. However, high sampling has a
higher cost and takes longer for training. The model needs to add
several different appliances and modify the design of the IM to
make it more real such as adding some noise to the motor or
adding several unseen appliances’ data. However, the collected
data was 60 seconds for the classification only which also need
to obtain huge data but with a low sampling rate.
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