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Abstract—Due to the increase in electricity demand and the
rapid depletion of fossil fuels, energy management has become a
critical issue over the last two decades. Thus, researchers, utility
suppliers, governments, and policymakers are working in tandem
to develop novel solutions. In recent years, solutions based on
Intrusive Load Monitoring (ILM) and Non-intrusive Load Mon-
itoring (NILM) have garnered the interest of many researchers.
However, NILM systems are less difficult to implement and more
cost-effective than ILM systems. Even though available NILM-
based solutions can identify single-state devices with acceptable
accuracy, identifying the various operating states of multi-state
devices remains a problem. This research work proposes a novel
supervised learning algorithm to correctly identify the operating
states of multi-state residential devices. Results obtained through
extensive simulations indicate that the proposed algorithm can
achieve device and state identification accuracy of 93% and 91%,
respectively.

Index Terms—Non-Intrusive Load Monitoring (NILM), multi-
state devices, support vector machine (SVM), supervised machine
learning

I. INTRODUCTION

The demand for electricity is growing due to the increas-
ing human population and ever-expanding industries. Reports
indicate that global energy consumption will grow by nearly
50% between 2018 and 2050 [1]. The residential consumers
will be responsible for 35% of the total energy, which in
quadrillion British thermal units (Btu) is approximately 50,
among various sectors [1]. Considering the magnitude of the
problem, researchers and stakeholders have thus begun devel-
oping various energy management and energy conservation
solutions [2]. Recent work shows that ILM and NILM-based
solutions can save up to 10-15% of residential consumers’
energy bills [3] [4]. Between ILM and NILM solutions, the
latter requires just one measuring and data gathering unit and,
therefore, installation is much simpler and the incurred cost
is less [5] [6]. Thus, NILM-based solutions are preferred over
ILM-based solutions. However, NILM-based solutions often
require an accurate and complex identification methodology to
determine and monitor individual devices/appliances correctly.

The development of NILM-based solutions for the resi-
dential sector began in the year 1992 [7]. Since then, many

solutions and algorithms have been developed by researchers
[8] [9] [10]. In the earliest work, G.W.Hart [7] categorized
electrical loads into three types based on their operational
behaviors. Later, type IV was added by Ahmed Zoha et al.
[11]. The four (4) different types of loads are as follows;

• Type I - Single state appliances (ON/OFF states)
• Type II - Multi-state appliances/Finite State Machine

(FSM)
• Type III - Continuously Variable power appliances
• Type IV - Permanently switched ON appliances

Over the years, several solutions have been developed to
identify Type I and IV appliances [5], [8]. These solutions
identify appliances by monitoring different features of elec-
trical devices. The commonly used features are active power
[4], [10], [12], current harmonics [8], [13], and voltage-current
(VI) trajectory [14]. Supervised [8], [14], unsupervised [15],
[16], signal processing [17], and heuristic [13] approaches
have been proposed in previous works. Although many pro-
posed algorithms can correctly identify type I and type IV
devices, an algorithm that can accurately identify type II
and III devices are still pending. Moreover, limited work is
available on the identification of different operating states of
type-II (i.e., multi-state) devices. The energy consumed by
type-II devices would depend on the operating state of the
devices, and thus, it is imperative to identify the operating
state to get an accurate measurement of energy consumption.

The objective of this research is to develop an NILM
algorithm to identify different operating states of type II
devices. Data on several Type II devices were collected in two
different environments; ac actual-household and in a controlled
laboratory environment. The features of devices were then
analyzed, and a supervised machine learning algorithm was
developed to identify those devices and their operating state.
The key contributions of this research work are as follows;
The proposed system can

• Be implemented using simple hardware
• Identify type-II devices accurately
• Identify the different operating states



• Identify the wattage of the device
• Identify within 1 second
To ensure the validity and applicability of the solution, tests

were performed on several multi-state type-II devices in an
actual (i.e., in a real household)l and laboratory environment.
Moreover, tests were repeated with the same devices at differ-
ent wattage levels.

The rest of this article is organized as follows. Section II
briefly discusses the related works. Section III presents the
proposed data collecting methodology and proposed NILM al-
gorithm for multi-state device identification. Simulation results
are demonstrated in Section IV. Finally, Section V concludes
this paper.

II. RELATED WORKS

Over the years, researchers have introduced several NILM-
based solutions [8]–[10]. However, to the best of our knowl-
edge, not much attention was awarded to identifying the
different states of multi-state devices. Studies have shown that
certain operating states of multi-state devices tend to replicate
the behavior of other devices, leading to erroneous identifica-
tion results [12], [18]–[20]. Moreover, the same multi-state
device could be available in the market at different rated
wattage values, which would make it even more difficult to
develop a simple identification method. This section describes
the limitations of several solutions that have analyzed multi-
state devices.

Aggelos S. Bouhouras et al. proposed an odd current
harmonics-based solution for the NILM system [13]. They
proposed two solutions and tests were carried out with ten
devices. While the first solution relied on features such as
active and reactive power, third, and fifth current harmonic
values, the second solution utilized the fundamental and third
current harmonic values. A hairdryer, which is a multi-state
device having two operating modes was used in their study.
Between the two solutions, the second one gave better results,
in terms of device identification. However, with neither solu-
tion, attempts were made to identify the different operating
states of the hairdryer. Instead, the tests were carried out by
considering only one wattage level for the multi-state device.

A NILM solution using the uncorrelated spectral informa-
tion of the active power signal was proposed by Chinthaka
Dinesh et al. in [12]. They used Karhunen Loéve expansion
(KLE) to extract features from the power signal. The proposed
method was validated using Tracebase [21] and REDD [22]
datasets. This work presented the identification of individ-
ual devices and device combinations, including five different
multi-state devices. Nevertheless, the work did not identify
the different operating states or the wattage at each state of
multi-state devices.

A. M. Harsha S. Abeykoon et al. proposed a NILM solution
based on superimposed current profiles of devices [23]. They
considered four multi-state devices for the research work,
including other devices. The Binary Relevance K nearest
neighbors’ (BrKNN) classifier has been used to develop the
algorithm. Device combinations were also considered, and the

identification time is around 15 seconds. The main drawback
of this work is that it requires large dataset and a longer
processing time.

In [19], Olivier Van Custsem et al. proposed a solution
for multi-state device identification using active power mea-
surements as the feature [19]. They used Factorial Hidden
Markov Model (FHMM) for the load identification purpose
of the system and considered ten different devices for their
work, including seven Type II devices. Input features for the
developed algorithm are each operating state’s average active
power value. However, attempts were not made to identify
the same multi-state device, which may be available in the
market, at many different wattage values (e.g., a rice cooker
with different wattage values).

Sanket Desai et al. proposed an unsupervised clustering
technique-based NILM solution for type II device identifi-
cation [4]. This work used the NILMKTK [24] framework
and publicly available datasets REDD [22], Dutch Residential
Energy Dataset (DRED) [25], and AMPds [26] to validate their
algorithm. They tested Type I, II, and IV devices, including
two multi-state devices. Similar to previous studies, the work
paid little attention to the state and wattage identification of
those selected devices.

In summary, several limitations were observed in previous
studies. Since most available work uses active power values
for device identification, and average active power values for
state identification [4], [12], they often fail if another device
with a similar active power value is plugged into the system.
Moreover, for the same device with different wattages, training
has to be carried out separately. This would be troublesome
since the same device is available in the market at different
wattage values. Further, fewer devices have been considered
in existing studies [4], [13]. Also, little attention was given to
identifying the different operating states of type-II multi-state
devices.

To overcome these limitations, in this study, device iden-
tification is performed by analyzing both active power and
harmonic values. Detailed analysis performed by previous
researchers also indicates that the identification accuracy can
be improved by considering multiple features such as real
power and current harmonics [6], [27], [28]. For each device,
the pattern in the distribution of harmonics demonstrates
certain uniqueness, and thus, can be used to identify devices
more accurately [8], [13]. Moreover, the same device at
different wattages exhibits similar harmonic behavior [29].
Thus, training redundancy can be minimized. Moreover, the
analysis in this study was performed using a number of multi-
state devices that come in many different wattage values.

III. METHODOLOGY

Through data collected via a survey distributed among the
residential consumers of Sri Lanka, eleven (11) multi-state
devices, which can be classified under three (03) categories of
appliances, were selected for the analysis of this work. Rice
cookers, fans, and laptop chargers are commonly used devices
in most residential houses in Sri Lanka. In the fan category,



there are several classes, such as ceiling, pedestal, wall, and
table fans. Here, all four classes have been considered for the
analysis part of this study. Table I shows the selected devices
for the experiment and their typical/rated wattage ranges.
Further, it shows the number of operating states, including
the OFF state. Please note that mobile phone chargers have
similar characteristics to laptop chargers and, therefore, have
not been included as a separate entry.

TABLE I: Selected devices for the experiment

Device Considered wattage Tag No. of States
values (W)

Pedestal Fan 55 and 50 PF 4

Wall Fan 50 WF 4

Table Fan 55 TF 4

Ceiling Fan 70 CF 6

Laptop Charger 30 and 56 LC 3

Rice Cooker 300, 400, 700 and 900 RC 3

As the first step, a simple microcontroller-based setup has
been developed to collect electrical measurements of selected
devices. A voltage transformer (VT) and current transformer
(CT) have been used to read waveforms in the power system
and developed a Python-based program to calculate other
parameters such as active power, reactive power, apparent
power, power factor, and current harmonics from the collected
waveforms.

Measurements of selected devices were taken in both a
controlled laboratory environment (CLE) and an uncontrolled
real household environment (URHE). The average system
voltage in the CLE was 232.32V and had a standard deviation
of 3.97V. Further, the average voltage in the URHE was
237.91V and had a standard deviation of 6.98V.

A. Features of Devices

In the beginning, the first twenty-one current harmonics
for each device were analyzed. Moreover, the average active
power and average root mean square (RMS) current were also
gathered for each operating state of a device. Results indicated
that the amplitude values of even harmonics were insignificant
compared to that of the odd harmonics. Therefore, only the
odd harmonics were considered for the rest of this work.
Tables II-IV show the average active power measurements and
consumable currents of each state of selected devices.

The RCs have two modes of operation; cook and warm.
According to Table 4, the average active power and current
have considerable differences. Further, charging and fully-
charged modes of LCs have a significant difference in power
values. As a result, we can use the active power values of
RCs and LCs in the load identification process. This solution
is valid for only two devices.

According to Tables II and III, the average active power
value of the CF at the speed level of 5 and the charging
state of 65W LC are somewhat equal. Further, the active
power of TF at the speed level of 2 and warm modes of RCs
are equal. Since it is challenging to identify those devices

TABLE II: Average active power and current of fans

Device State Active power (W) Current (mA)

CF 70W Speed level 1 14.35 150.84

CF 70W Speed level 2 25.00 150.84

CF 70W Speed level 3 41.03 259.89

CF 70W Speed level 4 53.29 294.00

CF 70W Speed level 5 70.46 320.52

TF 50W Speed level 1 34.18 164.24

TF 50W Speed level 2 36.89 174.08

TF 50W Speed level 3 41.13 186.59

PF 50W Speed level 1 42.51 245.90

PF 50W Speed level 2 45.75 249.61

PF 50W Speed level 3 52.21 256.95

TABLE III: Average active power and current of Laptop
Chargers

Device State Active power (W) Current (mA)

LC 30W Charging 31.05 200.20

LC 30W Fully Charged 2.61 34.75

LC 65W Charging 69.30 609.02

LC 65W Fully Charged 6.47 90.76

TABLE IV: Average active power and current of Rice Cookers

Device State Active power (W) Current (mA)

RC 300W Cook 268.32 1228.29

RC 300W Warm 34.68 157.48

RC 400W Cook 361.85 1649.74

RC 400W Warm 35.85 162.81

RC 700W Cook 618.93 2847.38

RC 700W Warm 38.27 172.75

RC 900W Cook 726.56 3484.54

RC 900W Warm 38.28 166.58

using only active power, consideration of another feature is
necessary. Combinations of features such as real power and
current harmonics can be improved the identification accuracy
[6], [27], [28].

As the next feature, we selected current harmonics. Based
on the literature review, the current harmonics is the best fea-
ture that can be used for the identification of type II appliances
[6], [27], [30]. The devices were categorized under three types
of electric loads; fans are inductive, RCs are resistive, and
LCs are switched-mode power supply loads (SMPS). Next,
we analyzed the current harmonics of the selected device
at different operating states. Our analysis revealed that even
harmonics are insignificant compared to odd harmonics, which
is in agreement with existing work of [8], [13], and therefore,
can be neglected from the analysis. Since space is limited,
only the normalized graphs with the first nine (9) odd current
harmonics are depicted in Fig. 1

The normalization was performed using equation 1 below.



(a) 50W PF (b) 300W RC (c) 30W LC

(d) 55W PF (e) 400W RC (f) 65W LC

Fig. 1: First nine normalized odd current harmonic values

Normalized value =
( amplitude of ith harmonic

amplitude of fundamental

)
× 100

(1)
The normalized graphs for most devices retain a similar

shape at different operating states and wattage values. There-
fore, the algorithm can easily recognize a similar device by
analyzing the current harmonic pattern without needing to re-
train. The only exception is observed for LCs at different
operating states.

From the above analysis, it is clear that device identification
can easily be performed by analyzing the active power and the
current harmonic pattern. Two devices with the same active
power are unlikely to have the same harmonic patterns. Once
the device is identified correctly, the state can be identified
using the active power and RMS current.

As PF, WF, and TF have similar active power and current
harmonic patterns, it is challenging to distinguish them. There-
fore, from here onwards, PF, WF, and TF are grouped as FANs.

B. Identification Algorithm
The developed system has three (03) databases. The first

database contains information on low-power consumption
devices (active power < 100W). The second database has
information about high-power consumption devices (active
power > 100W). The last database has the information on
multi-state devices, including;

• Speed levels of fans
• Charging and fully charged mode of LCs
• Warm mode of RCs
Labels are assigned in the database as shown in Table

V. The algorithm simultaneously predicts the device and
operating state when the identification process is run.

TABLE V: Assigned labels for each operating states

Device State Label

RC Warm 0

RC Cook 1

LC Fully Charged 2

LC Charging 3

CF Speed Level 1 4

CF Speed Level 2 5

CF Speed Level 3 6

CF Speed Level 4 7

CF Speed Level 5 8

FAN Speed Level 1 9

FAN Speed Level 2 10

FAN Speed Level 3 11

The Support Vector Machine (SVM) algorithm has been
used with a linear kernel for load identification. Input features
for the algorithm were active power and the first seven normal-
ized current harmonics of the device. A brief description of
the algorithm is as follows and the flow chart of the proposed
algorithm is shown in Fig. 2

• Initially, the algorithm checks the consuming active
power of the new device. If the active power is less than
100W, two SVM classifiers run in the system. One SVM
classifier runs with low-power device data, and the other
runs with multi-state device data.

• The algorithm returns two predicted device/devices with
operating states from both SVM classifiers. Then cal-
culates error values for each predicted device using the
standard deviations of each feature to calculate and check
error values.



• According to the lowest error value, the type of the new
device/device with operating state returns as the output.

• After predicting the device, the system automatically
identifies the wattage value of the predicted device/device
with the operating state using the power values and
consuming the current of the device/device with the
operating state.

• If the active power of the device is greater than 100W, the
system runs an SVM classifier with only the high-power
database. The wattage prediction process is the same as
previously discussed.

Fig. 2: Flow chart of the proposed method

IV. RESULTS

As previously highlighted, only a limited number of state
identification algorithms are found in the literature. These
algorithms are specifically designed for the set of devices used
in their experiments. Moreover, devices have been categorized
differently in those studies [4]. In most of these studies,
while results have been presented in the form of a confusion
matrix, performance was gauged in terms of state identification
accuracy. Since a benchmark algorithm could not be found, we
relied on the same parameters to assess our proposed scheme.

The performance and accuracy of the proposed algorithm
were tested using two different methods. First, tests were
carried out using the train-test split method. In this method, a
database consisting of over 6000 data records was automati-
cally divided by the algorithm on an 80:20 ratio for training
and testing, respectively. The obtained results are displayed in
the confusion matrix in Fig. 3.

Fig. 3: Confusion matrix

On average, the algorithm achieved an accuracy of 90%.
Slightly lower accuracy was obtained for RC - Warm mode
and FAN - speed level 1 due to similar harmonic shape and
active power values of those two devices in the selected states.
To overcomes this issue, we intend to use information such
as operation patterns to differentiate these two devices in
the future. For example, the warm mode of RC occurs after
the cook mode. So by closely analyzing operational patterns,
correct devices’ state and wattage can be identified.

Next, tests were performed by manually feeding data into
the algorithm. A randomly selected data set was entered into
the algorithm from a collection of pre-recorded data at differ-
ent devices, and the output results (predictions) were recorded.
Here, data of different devices were fed sequentially into
the algorithm to replicate an actual scenario where multiple
devices will be activated and run parallelly. The obtained
results are depicted in Table VI.

TABLE VI: Identification accuracy

Device Device Identification (%) State Identification (%)

CF 100 100

FAN 90.43 74.38

LC 96 96

RC 98.67 98.67

The algorithm predicts the device and the operation state
simultaneously. Results indicate that the algorithm can cor-
rectly identify the device with an average accuracy of 96.23%.



State identification accuracy is 92.23%. Slightly lower state
identification accuracy is observed for FANs. The correct iden-
tification of the device translates to the accurate identification
of wattage values.

V. CONCLUSION

This paper proposed a supervised machine learning algo-
rithm to identify type-II devices. Tests were performed using
data obtained in actual and laboratory environments. Devices
were tested individually and in an environment where devices
were turned on sequentially. Together with a simple NILM
hardware solution, the proposed algorithm can identify devices
with an accuracy of 93.12%. Moreover, the operating state of
the device can also be identified with an accuracy of 91.15%.
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