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This research focuses on developing a cost-effective non-in-
trusive load monitoring system (NILM) to identify household
appliances using machine learning, specifically the k-nearest
neighbors (kNN) algorithm which is not disturbing the existing
system. The object of this research is the process of appliance
identification based on power consumption characteristics in
residential energy monitoring. The main problem to be solved
is the lack of accessible, affordable, and efficient tools for moni-
toring household electricity consumption, as existing solutions
are often costly or require complex installations. Existing solu-
tions are expensive or require complicated setup. This research
seeks to design a low-cost NILM that can identify household
appliances without invasive system while ensuring high accu-
racy. This study successfully designed and implemented an elec-
trical recording device that integrates machine learning algo-
rithms, achieving an identification accuracy of 83.33 % across
six test scenarios involving various household appliances. The
findings of this study show that utilizing active power and
power factor as classification parameters allows for effective
equipment identification. The moderate accuracy of the sys-
tem indicates that the proposed design is quite promising but
can be improved with more advanced algorithms and additio-
nal sensor data. The resulting system is cost-effective due to its
inexpensive components which are achieved due to the modu-
lar design and the use of inexpensive components, such as the
Wemos D1 mini and PZEM-004T V3 sensors, which simplify
implementation and enhance system scalability. Its built-in
LCD provides real-time monitoring without the need for inter-
net connectivity. This research demonstrates the feasibility of
a scalable and cost-effective NILM system, which can be fur-
ther improved with advanced algorithms and additional sen-
sor data for broader applications in smart energy management

Keywords: non-intrusive, monitoring, appliance, identifi-
cation, kNN, smart, grid, energy, logger, power, consumer
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1. Introduction

The increase in electrical energy consumption in the
household sector is unavoidable and will continue to in-
crease [1, 2]. Therefore, the International Electrotechnical
Commission states that intelligent electricity use can be crucial
in energy problems [3]. Based on data in [4], it is known that
the level of electrical energy savings can reach 17 % per year if
specific feedback is provided regarding the load on household
equipment. In addition, consumer habits are vital in utilizing
energy effectively [5]. Consumers tend to change energy usage
patterns if they receive feedback regarding detailed data on
their energy usage [6, 7]. The solution that can be done is to
monitor loads and create an identification system that makes
it possible to determine what equipment is used at home [8, 9].

Load monitoring and identification techniques are
generally divided into two, namely, the intrusive monitor-
ing process (ILM) and the non-intrusive monitoring pro-
cess (NILM) [9, 10]. The non-invasive load monitoring tech-
nique makes monitoring the overall electrical load possible by
using only one sensor at a certain measurement point [11, 12].
The type of equipment used and power consumption can also

be identified based on the load characteristics from the NILM
results [13, 14]. Another advantage of NILM is the low initial
installation costs, which only use one monitoring tool, com-
pared to ILM, which requires one monitoring tool for each
household appliance to be monitored [15].

Addressing the ever-increasing electricity consumption in
households is critical to ensure sustainable energy manage-
ment. As global energy demand increases, the efficient use of
energy in the housing sector will be one of the essential focus-
es. Despite advances in energy management systems, many
solutions require high costs, complicated installations, or the
need to disrupt the installed system. Additionally, as energy
costs rise and environmental concerns continue, non-intrusive
load monitoring (NILM) has gained attention due to its poten-
tial to reduce energy consumption without requiring invasive
hardware installations. The NILM system provides real-time
feedback on energy usage, encouraging consumers to adopt
energy-efficient behaviors. Given the continuous advance-
ments in machine learning algorithms and the increasing
need for smart energy solutions, research on developing more
accurate, cost-effective, and user-friendly NILM systems will
be particularly relevant. Given the continuous advancements




in machine learning algorithms and the increasing need for
smart energy solutions, research on developing more accu-
rate, cost-effective, and user-friendly NILM systems will be
particularly relevant.

2. Literature review and problem statement

Several related studies try to provide solutions for iden-
tifying household equipment through non-intrusive load
monitoring. In research [15], the data collection process uses
the HIOKI PW3390 power analyzer, which has a high level of
precision to monitor voltage and current values and uses the
kNN algorithm for the household equipment identification
process. The characteristics used in research [15] are active
power (Watts) and real power in units of voltamperes (VA).
In research [16], the data collection process was carried out
using a smart meter and the support vector machine (SVM)
algorithm to identify household equipment that features
the voltage and current values forming a recognition path.
The trajectory features in research [16] can identify similar
types of electrical equipment, which is insufficient to deter-
mine the kind of equipment if the time interval is too short.
In research [17], the data collection process also uses a smart
meter, and the algorithm used is a deep neural network to
classify household equipment. Deep neural networks require
a labeling process for machine learning models to be able to
identify them.

Another critical aspect of the NILM system is integrating
energy-efficient feedback mechanisms tailored to user be-
havior. Studies have shown that real-time feedback on ener-
gy consumption can influence user habits and significantly
reduce overall electricity usage [6, 18]. Research [9, 19] has
explored the inclusion of personalized dashboards, combin-
ing NILM data with predictive analytics to suggest optimal
load usage schedules, leading to improved energy efficiency.
On the other hand, using cloud-based storage for NILM data,
long-term trend analysis can also be performed so that users
can make informed decisions regarding equipment replace-
ment or upgrade [20, 21].

On the other hand, previous research has explored vari-
ous methods of non-intrusive load monitoring (NILM) using
multiple algorithms and data collection techniques. The
research [22] uses the V-I trajectory method and the support
vector machine (SVM) for load identification. Still, it cannot
distinguish the equipment when the time interval between
uses is too short. Similarly, research [23] uses deep learning
models that require extensive labeled datasets, making real-
time implementation expensive and complicated. Other re-
search [24] implements the k-Nearest Neighbors (kNN) algo-
rithm with a high-precision power analyzer, but the system
cost and hardware dependency limit its practical application
in residential environments. These challenges arise from the
trade-off between system accuracy, hardware cost, and com-
puting efficiency.

Based on the literature review conducted, it is clear that
although significant progress has been made in NILM, seve-
ral key issues remain unresolved. Existing solutions often
rely on expensive hardware that is not accessible to users.
Furthermore, many approaches use computationally heavy
algorithms that limit scalability and real-time applications.
The reliance on large datasets to train machine learning
models poses a challenge for real-world implementation. An
identified unresolved issue is the lack of a cost-effective and

easy-to-use NILM system that balances affordability, accuracy,
and scalability while minimizing hardware and computatio-
nal requirements. This issue directly aligns with the objective
of this study to design and implement a low-cost NILM sys-
tem using the k-Nearest Neighbors (kNN) algorithm, capable
of accurately identifying household appliances based on their
power consumption characteristics.

3. The aim and objectives of the study

The aim of the study is to design and develop a cost-effec-
tive non-intrusive load monitoring (NILM) system capable of
accurately identifying household appliances using the k-Near-
est Neighbors (kNN) algorithm based on power consumption
characteristics.

To achieve this aim, the following objectives are accom-
plished:

- to develop a low-cost electricity logger using commer-
cially available hardware components, ensuring easy deploy-
ment and scalability;

- to design and develop a data acquisition system that col-
lects load characteristics, including active power and power
factor, from household appliances;

-to apply the k-Nearest Neighbors (kNN) algorithm to
classify and identify appliances based on the acquired load
characteristics;

- to evaluate the system’s performance through experi-
mental testing, analyzing its identification accuracy, reliabili-
ty, and cost-effectiveness.

4. Materials and methods

4.1. Object and hypothesis of the study

The research object is the process of appliance identifi-
cation based on power consumption characteristics in resi-
dential energy monitoring. The hypothesis is that using the
k-Nearest Neighbors (kNN) algorithm with active power and
power factor as classification features can achieve accurate ap-
pliance identification with minimal hardware requirements.

Some of the assumptions made for this study include that
the household appliances reviewed can exhibit different load
characteristics, particularly in active power parameters and
power factors. In addition, it is assumed that the equipment
tested under controlled experimental conditions represents
a typical residential energy consumption scenario, and the re-
sults can be generalized to the wider household environment.

In addition, there are several simplifications adopted in
this study to ensure feasibility and cost-effectiveness. First,
the system uses only two load characteristics, namely active
power and power factor. This is done for ease of classification
which will simplify the data acquisition process but there are
still significant differences between types of loads. Second,
hardware components, such as the PZEM-004T V3 sensor
and Wemos D1 Mini, were chosen because of their affordable
price, which may result in lower precision compared to high-
end alternatives. Finally, the experimental arrangement was
carried out under controlled conditions with a limited number
of equipment, which did not take into account the variability
of the type of load. This simplification, while necessary for
initial development, highlights areas for future work, such as
integrating additional features, testing more diverse types of
equipment, and improving the precision of the system.



4. 2. Electrical design of electricity logger

A schematic diagram of the electricity logger is displayed
in Fig. 1, a. In addition to measuring AC voltage, the PZEM-
004T V3 can also measure active power, energy, frequency,
and power factor [25]. The P1 PZCT-02, connected to the
PZEM 004T V3, measures the current in the cable. The 5V
AC to DC converter supplies power to the Wemos D1 mini
and LCD with a consistent DC supply. The Wemos D1 mini
LCD shows real-time data on electricity usage monitoring.
The Wemos D1 Mini, programmed with the Arduino IDE, is
set up to capture and transmit data readings through USB or
WiFi using the PZEM-004T V3 and P1 PZCT-02 sensors. The
LCD is operated through the SDA (Data) and SCL (Clock)
pins on D2 and D1, respectively. To link the PZEM-004T V3
to the Wemos D1 Mini, the RX pin is connected to pin D5,
and the TX pin is connected to pin D6. On the other hand, the
electronic system of this research consists of several compo-
nents in the electrical design. In simple terms, each working
component can be categorized as input, process, or output, as
shown in Fig. 1, b.

WEMOS ESP8266

The system efficiently integrates sensors and a control
unit for real-time load monitoring. The PZEM-004T V3 and P1
PZCT-02 sensors measure key electrical parameters, while the
Wemos D1 Mini manages data processing and transmission.
This modular design ensures a cost-effective and scalable
solution for residential energy monitoring.

4. 3. System framework

This research builds on existing works, such as those
by [17] and [20], which explored deep learning and high-pre-
cision hardware for NILM. Unlike these studies, the proposed
system uses lightweight algorithms and low-cost sensors to
balance performance and affordability.

An electrical load is first connected to the socket, as shown
in Fig. 2, a. Then, the PZEM-004T V3 module and P1 PZCT-02
sensor on the electricity logger will read the characteristics
of the electrical load, such as current, voltage, active power,
energy, frequency, and power factor. The reading results will
then be sent to Wemos D1 mini as the electricity logger control
center. After that, the Wemos D1 mini will display the sensor

reading results via a 16X2 LCD and send

measurement data using a WiFi connec-

tion to Google Sheets. The data can also be

sent directly to a computer or laptop using
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a USB cable. Only after that can the elec-
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trical load identification process be carried
out using machine learning on a laptop
or computer. Fig. 2, b shows the electrical
load reading process, the data retrieval
or acquisition process carried out by the
Wemos D1 mini microcontroller, and then
the load data identification process.
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naged by the Wemos D1 Mini. Data is displayed on an LCD
and transmitted via USB or WiFi for appliance identification
using the k-Nearest Neighbors (kNN) algorithm, ensuring
accurate and efficient load classification.

Experimental testing method was chosen to simulate rea-
listic residential energy scenarios, to ensure the system can
be implemented in real life. Theoretical modeling using kNN
was chosen because of its simplicity, computational efficiency,
and proven reliability in similar classification.

5. Results of research on system performance and
appliance identification accuracy

5.1. Development of a low-cost electricity logger

The logger device is a black beam with a 16x2 LCD
screen to display the reading. Fig. 3, a shows a Wemos 8266,
PZEMO003Tv3, LCD i2c 16x2, and AC to DC Converter 5V.
The Wemos 8266, indicated with the number "1" functions as
a control center that will read and collect data from energy
measurements by sensors, and the data can be sent using WiFi
or a USB cable. PZEM003Tv3, indicated by the number "2",
measures energy consumption with the PZCT sensor next to
the electricity logger. As noted in the number "3", the 5V AC
to DC Converter will change the AC voltage to DC to provide
power to the Wemos 8266 and other components. Meanwhile,
the 16x2 i2c LCD, indicated by the number "4" functions to
display reading results from data originating from the sensor
and recorded by Wemos 8266.

On the other hand, the base of the testing kit uses an
MDF wooden board measuring 400x550x12 mm, as shown
in Fig. 3, b. Several components other than the electricity log-
ger are installed on the model: a two-socket extension socket,
a five-socket extension socket, and a Mini Circuit Breaker.
The two-socket extension socket functions as a grid electricity
source to turn on the electricity logger and channel electricity
to the five-socket extension socket filled by various electronic
equipment as an electrical load. Mini Circuit Breaker protects
in the event of overload and short circuit.

5. 2. Data acquisition system for load characteristics

Load data is collected by connecting the load to a 5-socket
extension socket. Data retrieval is carried out in stages, start-
ing from connecting only one load per data retrieval, then
combining two types per data retrieval, to combining three
types per data retrieval. The data retrieval process is carried
out at intervals every second, and Coolterm software is used
to communicate with serial devices via USB.

For one type of load scenario, Fig. 4, a shows the lamp
load characteristics when data is collected for 70 seconds with
one-second intervals per data. The lamp is on for 60 seconds,
from five to 65 seconds. The load characteristic of the lamp is
the power value, which is 40.24-41.08 Watts on the left verti-
cal axis. Meanwhile, the Power Factor value is 0.99-1, which
can be seen on the right vertical axis.
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Fig. 4. One type of load scenario characteristics:
a — lamp; b — fan; ¢ — blender



Fig. 4, b presents a graph of the load characteristics of Fan 1
when data was collected for 70 seconds with an interval of
one second per data. A fan with a speed I is on for 60 seconds,
from five seconds to seconds 65. The load characteristics of
the fan are the power value, which is 28.23-29.68 Watts on
the left vertical axis. Meanwhile, the Power Factor value is
0.51-0.54, which can be seen on the right vertical axis.

Fig. 4, ¢ illustrates the overlapping power factor mea-
surements for of the load characteristics of the blender,
highlighting their similar operational characteristics. While
these curves may appear visually dense, they are essential
for demonstrating the system’s ability to classify appliances
with closely related load profiles. When data was collected
for 70 seconds with an interval of one second per data. The
blender is on for 60 seconds, from 5 to 65 seconds. The load
characteristic of the blender is the power value, which is
83.87-98.99 Watts on the left vertical axis. Meanwhile, the
Power Factor value is 0.82-0.87, which can be seen on the
right vertical axis.

For two types of load scenario, Fig. 5, a is displays the ac-
tive power consumption trends of multiple appliances under
simultaneous operation. The overlapping curves emphasize
the challenges inherent in distinguishing similar appliances,
which the proposed kNN algorithm addresses effectively. The
data collection process was carried out for 70 seconds with
one-second intervals. As seen, the change in power consump-
tion from O Watts to 34.3 Watts at second 6 and moving to
38.81-39.28 Watts until second 15 due to the lamp load being
used. Then, the power consumption increases at 16 seconds
to 55.11 Watts, and until 55 seconds, the power value moves
between 66.93-69.65 Watts due to the lamp load and fan load.
At 56 seconds, the power consumption is reduced to 29.32 Watts
because the lamp is turned off. Power consumption at seconds
56 to 65 moves between the values 29.2-29.37 Watts. At 66 se-
conds, the fan is turned off so that power consumption be-
comes zero. The power factor value of the combination of lamp
load and aquarium pump is 0.53-1. At 6 seconds, the power
factor value becomes 0.93 and moves between 0.99-1 until
15 seconds due to the lamp load. Then, at seconds 16 to 55, the
power factor is 0.81-0.85 due to the load of the lamp and fan. At
56 seconds, the lamp is turned off, and the power factor value
drops and remains stable at 0.53 for 10 seconds. After 10 se-
conds, the fan is turned off, and data collection is complete.

Fig. 5,b presents a graph of the characteristics of the
combination of lamp and blender loads. The data collection
process was carried out for 70 seconds with one-second in-
tervals. The change in power consumption after the lamp is
turned on, from 0 Watt to 40.62 Watt at second 6 and moving
up and down at 40.17-40.67 Watt until the second 15. Power
consumption at second 16 reaches 149 Watt immediately after
the blender is turned on, then until second 55, and the power
value moves between 124.46-145.95 Watts due to the load of
the lamp and blender. At 56 seconds, the lamp is turned off,
causing power consumption to decrease to 91.63 Watts. The
blender was turned off at 65 seconds, so the power was zero.
The power factor value of the combined lamp and blender
load is 0.85-1. At 6 seconds, the lamp turns on, making the
power factor value 1, and moves to 0.99-1 until 15 seconds.
At 16 to 55 seconds, the blender is turned on simultaneously
as the lamp is on. The power factor value changes to 0.71
at 16 seconds; from 17 to 55 seconds, the value is 0.59-0.71.
At 56 seconds, the power factor value drops to 0.43-0.46 for
10 seconds because the lamp is turned off. After 10 seconds,
the blender is turned off, and data collection is complete.
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Fig. 5. Two types of load scenario characteristics:
a — lamp+fan; b — lamp+blender; ¢ — fan+blender

Fig. 5, c presents a graph of the characteristics of the com-
bination of fan and blender loads. The data collection process
was carried out for 70 seconds with one-second intervals.
The power value changes from 31.53 Watts at 6 seconds to
28.52-30.43 Watts at 15 seconds because the fan is on. Power
consumption at 16 seconds reached 142.09 Watts immedia-
tely after the blender was turned on, then until 55 seconds,
the power value moved between 114.44-134.83 Watts due
to the load of the fan and blender. At 56 seconds, the blen-
der is turned off, causing power consumption to decrease
to 28.81 Watts, and the value changes between 28.69 and
28.85 Watts until 65 seconds. At 66 seconds, the fan is turned
off, and the power value becomes 0. The power factor value
of the fan load combination and blender is 0.54-0.85. At 6 se-
conds, the power factor value becomes 0.54, which is stable at
that number when the fan is turned on for 15 seconds. Then,
from 16 seconds to 55 seconds, the blender is turned on at the
same time as the fan is turned on, and the power factor value
changes to 0, 8 at 16 seconds. Then, from 17 to 55 seconds, the
value moves to 0.8-0.85. At 56 seconds, the blender is turned
off, causing the power factor value to drop to 0.54 for 10 se-
conds. After that, at 66 seconds, the fan is turned off, and data
collection is complete.

For three types of load scenario, Fig. 6 is a graph of the cha-
racteristics of a combination of three types of loads, measured
for 90 seconds with a data recording interval of one second.
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The power value increases at the second 5 to 31.04 Watts
and moves to 40.27-40.5 Watts until the second 15 because the
lamp is turned on. Then, at 16 seconds, the fan is turned on at
the same time as the lamp, causing the power value to increase
and move to 68.78-72.27 Watts. At 26 seconds, the three loads
are turned on simultaneously (lamp, fan, and blender) so that
at 27 seconds, the power jumps to 185.22 Watts. In seconds
26 to 65, the power is at 146.68-185.22 Watts. The blender shuts
down at 66 seconds, dropping the power value to 65.91-68.35.
Next, at 76 seconds, the remaining lamp is on until 86 se-
conds, with the power value recorded at 39.06-39.4 Watts.

On the other hand, the combination of three types of
loads (lamp, fan, and blender) has a power factor value
of 0.82-1. However, the power factor value is 0.91-0.92 when
using the three loads simultaneously.

5.3. Application of the k-nearest neighbors (kNN)
algorithm

Identifying load types using machine learning, precisely
the k-nearest neighbors method, requires several processes
that must be carried out until the system can determine
the type of load. Starting from creating a dataset so that the
learning process can be carried out, it is necessary to choose
the correct k value in k-nearest neighbors so that the average
identification error is low. Then, the identification process
is carried out based on the k value. Based on the existing
load combinations, Table 1 describes the name labels of the
combinations of household equipment used in this research.

Table 1
List of load labels and load combinations

Load name label Load combination
L Lamp
KA Fan
B Blender
LK Lamp+fan
LB Lamp+blender
KB Fan+blender
LKB Lamp+fan+blender

The dataset is created from load combination data taken
previously, explained previously. The data in the form of a col-
lection of active power and power factor values is then labeled
as in Table 2 so that the machine learning algorithm used can
understand the results that should be given. The machine
learning algorithm will learn to identify loads with active
power characteristics and power factors. The type column in
Table 2 labels the equipment used, as seen in Table 1.

Table 2
Example of the dataset used

Actnz;}))ower If’;)cv:srr Type Acmgvp)ower lf’;)::g; Type
40.53 1 L 69.04 0.84 LK
40.03 0.99 L 127.24 0.92 LB
28.53 0.51 KA 128.63 0.93 LB
29.68 0.53 KA 142.09 0.8 KB
84.45 0.85 B 132.52 0.84 KB
84.45 0.85 B 185.22 0.91 LKB
69.65 0.83 LK 170.31 0.9 LKB

The need for an appropriate k value can be determined
using the k vs Error Rate plot, as seen in Fig. 7, a which shows
that k=1 to k=12 has an error rate of 0.0, which can be called
the optimal k value. Furthermore, at values k=13 to k=30,
the error rate increases as the value of k used increases. The
graph in Fig. 7, a was obtained through a testing process using
a separate dataset utilizing Python language.
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Fig. 7. Determining k-value: @ — error value compared
to the number of kused; b — dataset

Next, a load identification process is carried out, which
begins with taking five minutes of electrical load combination
data, which will be used as test data. The electrical load con-
sists of a lamp, fan, and blender. After the test data has been
taken, six electrical loads are selected in seconds over the five
minutes in Table 3. On the other hand, Fig. 7, b is a graph of
the test data load for this research.

The selected data tests are at the 25™ second, 68" second,
104" second, 125™ second, 264" second, and 290" second.
The load characteristic values from the selected test data can
be seen in Table 3.

The load characteristic data is then put into machine
learning for the load identification process. The characte-
ristics entered are each data’s active power and power factor,
starting from the 25" second of data until the sixth data.



This determines the k value and defines the test data accord-
ing to the characteristics in Table 3. The data entered is the
active power value first, followed by the power factor value.

Table 3
Data selected from datatest
Time (s) | Voltage (V) | Current (A) | Active power (W) | Power factor
25 221 0.63 129.66 0.93
68 223 0.22 26.98 0.54
104 222.6 0.71 143.91 0.91
125 2224 0.43 82.24 0.86
264 221.7 0.39 74.07 0.86
290 221.3 0.17 37.68 0.99

After the test data is elaborated, the machine learning
algorithm will measure and look for the five closest to each
test data because the k value used is five. After the calculation
process in the program, each data test value was identified as
a combination of certain types of household equipment load.

5. 4. System performance evaluation

The results of identifying load characteristics can also
be understood by looking at the Decision Boundary Matrix
in Fig. 8. Each type of load combination is represented by
a different color with a circle shape. Meanwhile, the test data
is in the form of a red triangle. The position of each data that
it is necessary to identify can be seen in the figure. The data
is located and adjacent to different data groups. The existing
identification results are compared with the data observations
carried out manually during testing. The results of this com-
parison can be seen in Table 4.

Decision on boundary matrix

lamp+fan+blender. The data at the 125" second has the same
identification results when predicted by machine learning
and is matched with the observation results in blender load.
The load identification results at the 264™ second were ex-
pected as a lamp-+fan load by the machine learning algorithm,
while based on observations made, the load being used was
a blender. The load identification results at the 290"-second
show that a lamp load was successfully predicted by machine
learning and following the observation results.

Table 4
Confusion matrix from load identification results
Results Observation results
Load L KA B LK LB KB | LKB
L 1 0 0 0 0 0 0
KA 0 1 0 0 0 0 0
Machine g6 1o [ 1 [ 0o [ 0o [ 0 | o
learning
result LK 0 0 1 0 0 0 0
LB 0 0 0 0 1 0 0
KB 0 0 0 0 0 0 0
LKB 0 0 0 0 0 0 1
Accuracy 83.33%

The error in identifying the load in the 264™ second of
data, a type of blender load, occurs because the blender’s
power usage characteristics tend to increase when first used
and slowly decrease. So, the blender load data identified at the
264™ second has an active power value close to the lamp+fan
load combination characteristics. The nearest neighbor of
the 264"-second data is the lamp+fan load type, so the data
at the 264™ second is identified as lamp+fan. The k-nearest

neighbors algorithm successfully identified house-
hold loads when testing the identification system.

1.0 A Five load types were correctly identified in the six
Data at 290 s Dataat25 s identifications, and one was incorrectly identified.
o= ) So, the accuracy value of the identification system
0.91 Data at 125 s Aemmey, 0 L.
{ Data at 104 s testing is 83.33 %.
- }A A~ £2%%
L ]
£0.8 Data at 264 s ° : .
8 6. Discussion of results on system
°§ performance and appliance identification
0.7
Do- .L . .
°KA This research contributes to the development of
L[] . .
0.61 .EK NILM technology by demonstrating cost-effective
Data at 68 s :IKI%I solutions using available components and light-
A °*LKB weight machine learning algorithms. The use of
05{ ° . ‘ ‘ . ATest d?ta new parameters of active power and power factor
40 60 80 100 120 140 160

Active power

Fig. 8. Decision boundary matrix overall identification
system testing

Based on Table 4, the results of machine learning predic-
tions can be compared with the results of manual observa-
tions from the data in Table 2. Testing on the 25" second of
data has resulted in lamp+blender loads, the same between
machine learning algorithm predictions and observations
made manually. After that, testing the data for the 68" se-
cond had results in the form of fan load, where the prediction
results by machine learning and observation showed similar
answers. For data at the 104™ second, machine learning pre-
diction and observation results identify the same load, namely

as classification features offers a practical balance
between accuracy and affordability.

The development of NILM, as illustrated in
Fig. 1, a integrates the PZEM-004T V3 sensor, We-
mos D1 Mini microcontroller, and LCD screen.

The successful integration of these components allows for
reasonably accurate monitoring of time loads while maintain-
ing cost efficiency. The system framework in Fig. 2, b shows
how the data from sensor readings to machine learning-based
load identification shows a well-structured hardware-soft-
ware connection.

A graph of load characteristics supports the effectiveness
of system data acquisition. Fig.4 shows the active power
and power factor readings for the lights, fans, and blenders,
indicating consistent and precise load monitoring. Similarly,



Fig. 5,6 present a dynamic response when multiple equip-
ment is operating simultaneously, confirming the system’s
ability to track changes over time.

The k-nearest neighbors (kNN) algorithm’s application
is explained by determining the optimal k value in Fig. 7, a
which shows that the value between k=1 and k=12 minimizes
the error rate. The optimal selection of k-values ensures accu-
rate classification, supported by the sample dataset in Table 2.

The overall performance evaluation of the system is reflec-
ted in the equipment identification results shown in Table 4.
With an identification accuracy of 83.33 %, the confusion
matrix showed the correct classification in five of the six test
cases. The error of classifying the blender as a lamp-fan com-
bination at the 264 second occurs due to the characteristics
of the overlapping loads, which are visually explained by the
decision limit matrix in Fig. 8.

The proposed NILM system provides several features that
offer significant advantages compared to existing solutions.
This study’s cost-effective design utilizes affordable compo-
nents such as the Wemos D1 Mini and PZEM-004T V3 sen-
sors, unlike systems that use high-precision devices such as
the HIOKI PW3390 power analyzer [15]. In addition, the sys-
tem in the study simplifies data collection and processing by
using only two load characteristics, namely active power and
power factor, which are then processed using the k-Nearest
Neighbors (kNN) algorithm, which reduces the need for la-
beled datasets and extensive computing resources [17].

The system’s modular structure increases scalability, thus
opening up options for integration with other smart devices
and advanced machine learning models. In the future, these
systems can function independently or be integrated into
cloud-based platforms, which ensures flexible deployment [21].
Furthermore, the electricity logger is equipped with a built-
in LCD screen for real-time monitoring, which provides
immediate energy consumption feedback without internet
connectivity [9].

The kNN-based classification algorithm achieves a compe-
titive identification accuracy of 83.33 %, showing reliable per-
formance despite minimal hardware and limited features. This
differs from systems that use support vector machines (SVMs),
which struggle with overlapping load characteristics [16].

The proposed system effectively addresses the problems
identified before, precisely the trade-off between system cost,
complexity, and monitoring accuracy in non-intrusive load
monitoring (NILM). The selection of hardware in this study
successfully minimized the cost of the system while main-
taining adequate measurement precision, as demonstrated
by an identification accuracy of 83.33 % during experimental
testing (Table 4).

The problematic reliance on complex algorithms and
extensive labeled datasets found in previous studies [17] was
solved by applying the k-Nearest Neighbors (kNN) algorithm.
This lightweight and efficient machine learning model re-
quires only two features-active power and power factor-that
simplify data collection and processing, as seen in Fig. 7, a
where the optimal k-value can be specified to minimize the
error rate. The real-time data visualization the internal LCD
provides ensures immediate feedback, eliminating reliance on
external cloud-based systems [9]. This feature further reduces
implementation complexity and operational costs.

Experimental results, such as the load identification
charts in Fig. 4-6, show that the system can monitor a wide
range of equipment, even in scenarios with up to three diffe-
rent load types. The system successfully classifies equipment

based on its unique load characteristics, as shown by the deci-
sion limit matrix in Fig. 8.

Thus, the study effectively provides a scalable, cost-effec-
tive, and accurate NILM solution. This comprehensive ap-
proach can solve the unmet need for a practical and affordable
load identification system.

The proposed NILM system also has limitations and short-
comings that must be considered when implementing it. The
system relies on only two parameters-active power and power
factor-that limit its ability to distinguish between equipment
with the same power consumption pattern. This obstacle was
evident in misclassifying the blender as a lamp-fan combi-
nation during testing (Table 4). Expanding the feature set by
incorporating additional parameters such as harmonic distor-
tion or reactive power may improve classification accuracy.

In addition, the PZEM-004T V3 and P1 PZCT-02 sensors
may not be able to capture high-frequency transient data, re-
ducing accuracy for equipment with rapidly changing loads.
Future designs may incorporate higher-resolution sensors
to improve system precision. On the other hand, one main
shortcoming is its reliance on specific hardware components,
such as the PZEM-004T V3 and Wemos D1 Mini. If these
components are unavailable, the system design will require
substantial modifications, limiting long-term sustainability.

The system currently operates as a standalone device with
limited integration capabilities. While real-time monitoring
can be done through LCD screens, advanced data storage and
analytics require manual data transfer. Therefore, implement-
ing a cloud-based storage platform and real-time analytics can
improve scalability and usability. The system’s user interface
is limited to a basic LCD screen with minimal data visualiza-
tion capabilities. There is no companion mobile or web app
for remote monitoring, detailed analysis, or system control,
which may limit its appeal to modern consumers who are
used to feature-rich smart home solutions.

Other limitations are related to environmental factors,
such as the stability of the power supply and WiFi connectiv-
ity. Voltage fluctuations or unstable wireless connections can
interfere with data acquisition and system operation. There-
fore, it is recommended that the system be implemented in an
environment with a stable power infrastructure.

On the other hand, the performance of the k-nearest
Neighbors (kNN) algorithm relies heavily on the selection of
optimal k-values and having a well-labeled training dataset.
This dependency can limit the system’s adaptability in a dy-
namic home environment where equipment configurations
change frequently. More advanced algorithms, such as neural
networks or decision trees, can provide better performance.

The system also does not have a built-in fault tolerance
mechanism. There is no provision for error detection, self-cor-
rection, or system fallback in case of hardware failure or data
transmission issues. In addition, experimental settings are
limited to controlled environments with a small set of house-
hold appliances, so the system’s performance in diverse and
complex real-world settings has not been tested.

This research can be further developed by addressing its
significant shortcomings and expanding the scope of its tech-
nology. One is to improve the system’s data processing capa-
bilities by incorporating more sophisticated machine learning
models, such as neural networks or decision trees, that can
improve classification accuracy, especially in scenarios with
characteristics with different types of loads.

Another potential improvement lies in expanding the
parameter beside active power and power factors. Adding



harmonic distortion, current waveforms, and transient re-
sponse data can improve tool differentiation. This will help re-
duce false positives and improve the system’s overall reliability.

The system’s hardware architecture can also be improved by
integrating higher-resolution sensors. These improvements will
reduce reliance on low-cost sensors with limited precision and
improve data quality for better machine learning performance.

Additionally, by enabling real-time data synchronization
with the cloud platform, users can access detailed energy con-
sumption reports, predictive analytics, and load management
recommendations via mobile and web apps. It will transform
the system from a self-recorder to a fully integrated smart
home energy management solution.

On the other hand, conducting more extensive experimen-
tal testing in various residential environments will validate
the system’s performance under real-world conditions. It will
provide valuable insights into its adaptability to various
electrical infrastructures and load profiles, strengthening its
commercial and industrial potential. The proposed NILM
system has been tested in simulated residential settings,
demonstrating its practical application for real-time appliance
monitoring. Its cost-effective design and ease of deployment
make it suitable for widespread use in energy management
programs, particularly for households aiming to reduce ener-
gy consumption and costs.

7. Conclusions

1. For development of low-cost electricity non-intrusive
load monitoring system was using commercially available com-
ponents such as the Wemos D1 Mini and the PZEM-004T V3.
Developed logger enables the accurate collection of active
power and power factor data from household appliances,
supporting a scalable and cost-effective monitoring system.

2. The proposed system can effectively collect the load
characteristics of multiple household appliances, demonstrat-
ing consistent measurement performance. The data acquisi-
tion results show stable power factor readings and accurate
active power values, supporting real-time load monitoring
and precise power usage tracking.

3. Implementing the k-nearest neighbors (kNN) algorithm
proves that the classification of household appliances is suc-

cessfully carried out based on active power parameters and
power factors. The optimal selection of the k-value can mini-
mize classification errors, achieving an overall identification
accuracy of 83.33 %.

4. The performance evaluation of the system confirms its
reliability and scalability for household energy monitoring.
The experiment results demonstrated an identification accura-
cy of 83.33 % across six test scenarios involving various house-
hold appliance combinations. This consistent performance
highlights the system’s capability to effectively classify appli-
ances based on active power and power factor measurements.
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