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Abstract: This study addresses the growing importance
of Non-Intrusive Load Monitoring (NILM) in enhancing
energy efficiency in load consumption monitoring. The
objective of this research is to develop an integrated
system that utilizes NILM, combining TinyML and loT
technologies, for real-time monitoring and control of
household devices. This approach leverages the
efficiency of TinyML for on-device processing while
enabling seamless connectivity and data management
through 10T. We employed a Random Forest machine
learning model alongside the ESP32 MCU to achieve this
goal. Key findings indicate that the system can classify
various load types with high accuracy and minimal
latency, demonstrating effective performance in
realworld conditions. The implications of this study
suggest that NILM can significantly improve user
engagement in energy management while offering a cost-
effective solution for load consumption monitoring.

Keywords: Load Monitoring, Load Disaggregation,
Nonintrusive Load Monitoring, NILM, TinyML, Random
Forest.

l. INTRODUCTION.

Non-Intrusive Load Monitoring (NILM) is an
innovative method that analyzes the aggregate electrical
load of a building and disaggregates it into individual
appliances, allowing for energy consumption tracking
without dedicated sensors on each device [1]. By
leveraging data from a single whole-home electricity
meter, NILM systems provide insights into energy usage
patterns, appliance efficiency, and conservation
opportunities [2], [3]. Unlike traditional utility meters that
offer only total consumption, NILM delivers detailed,
actionable information at the appliance level, enabling
users to achieve electricity savings of approximately 12%
through continuous feedback, compared to 3.8% from
monthly total consumption feedback. As demand for
energy-efficient buildings increases, NILM presents a
cost-effective and scalable solution for enhancing energy
visibility and informed decision-making [5].

The term "non-intrusive" indicates minimal disruption
to user privacy, as measurements are taken from a single
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aggregated load point, avoiding the need for additional
equipment that increases installation complexity and cost.
Each electrical appliance has unique energy consumption
patterns known as "load signatures,” allowing for
categorization into several types: ON/OFF state
appliances (e.g., lamps and toasters), Finite State Machine
(FSM) appliances (e.g., washing machines), Continuously
Variable Devices (CVD) (e.g., dimmer lights), and
permanent consumer devices (e.g., TV receivers). These
categories reflect the varying operational states and
complexities in disaggregating total consumption [6].

220vAC

NLM Dovice ‘ ‘ ‘

Figure 1. NILM device on power line system.

NILM algorithms effectively infer appliance usage
from a single metering point, typically using machine
learning to detect ON/OFF events. However, their high
computational demands often necessitate cloud services
for appliance-level energy feedback, raising consumer
privacy concerns [7], [8]. Additionally, existing
commercial smart meters typically have sampling
frequencies with reporting intervals of 15 minutes to
daily, while NILM algorithms require a minimum
frequency of 1 Hz [9]. Consequently, despite the
prevalence of smart meters, leveraging NILM for detailed
energy feedback in residential settings remains
challenging.
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Figure 2. Data collection device and data acquisition.

A promising solution to overcome these limitations is the
use of TinyML - a branch of ML focused on deploying
small-sized, high-performance, and energyefficient ML

models [10]. TinyML algorithms can be deployed directly

on embedded processors like MCUSs, allowing on-device
data processing without the need for cloud connectivity
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[11], [12]. This helps address the computational resource
issue and improves data privacy for users. Integrating
TinyML into smart metering devices can provide detailed

Devices
3 Light b lb\\‘
1
! Laptop o '
1
' :
T O W
] \ =
1
' Y .
1
Fan H
: Led :
y TN '
: 1
! > Y, \ :
1
: :
1
\ 1

insights into the energy consumption of individual
electronic appliances within a household, thereby helping
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Figure 3. System implementation using edge classification.

users manage their energy consumption more effectively
[13], [14].

Recent research has focused on developing embedded
NILM systems for household energy management,
utilizing heterogeneous computing to perform on-site load
disaggregation and transforming power meters into
"cognitive power meters" [15]. Low-cost embedded
NILM systems with low sampling rates have been
proposed, achieving high accuracy in identifying various
household appliances [16]. These systems extract features
such as active and reactive power changes and use
machine learning techniques like k-Nearest Neighbors for
appliance classification [17], [15]. They can detect over
90% of total events and accurately disaggregate devices
and measure total power consumption [16]. By providing
insights into appliance usage, these systems aid in energy
conservation and enhance power management in domestic
and industrial settings.

In this study, we developed a system that combines
TinyML and loT, enabling users to monitor the
operational status of load devices through an affordable
embedded device. The results of this research present a
small-scale machine learning model capable of
distinguishing the activities of various loads based on
current, power, and power factor. Additionally, we
successfully built a prototype system capable of operating
under real-world conditions.

The structure of this paper is organized as follows:
Section 2 details the methodology, including data
collection,  pre-processing, model training, and
implementation procedures. Section 3 presents the results
along with an in-depth discussion of the findings.

1. METHODOLOGY

A. Hardware, Datasets Collecting & Pre-Processing

To collect data, we developed a device capable of
measuring specific system parameters, as illustrated in
Figure 2-a. This device is built around the ESP32 MCU,
which supports Wi-Fi connectivity for efficient data
acquisition. It features floating-point unit (FPU) and
digital signal processing (DSP) capabilities,

allowing it to execute machine learning models, as
detailed in Section 11-C. The ESP32 is connected to the
PZEMO004T module to gather electrical parameters,
providing information on voltage (U), current (I), power
(P), and power factor (cos) of the load, with a maximum
sampling frequency of 10 Hz. We developed firmware for
the ESP32, enabling it to read parameters and transmit
data to a PC via the MQTT protocol. Data from each 10-
second window, containing 100 entries for three signal
fields, resulting in a total of 300 values, is aggregated and
sent to the PC periodically. Additionally, a software
application written in Python was created to store the
received data in a CSV file. The data collection process is
illustrated in Figure 2-b.

For datasets creation, we utilized 6 load devices: (D1)
incandescent bulb (ON/OFF), (D2) fan (FSM), (D3) LED
light (ON/OFF), (D4) laptop (CVD), (D5) television
(CVD), and (D6) induction cook-top (FSM). The devices
were sequentially connected to the power supply,
allowing for combinations of 1, 2, 3, and 6 devices in full
arrangements. Modes with 4 and 5 devices were
implemented randomly in certain instances. For each
configuration change, data was recorded at least three
minutes before transitioning to the next mode. The final
datasets obtained encompass 5.2 hours of data.
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Before testing the machine learning model, the data
underwent pre-processing to create segments of 1 second,
each containing three key parameters: current (I), power
(P), and power factor (cos). The segmentation process
prioritized segments with consistent load labels, while
segments with differing labels were excluded. Following
this pre-processing step, the datasets contained a total of
37,604 samples available for training and testing. The
input data for the model comprised 30 features, providing
a comprehensive representation of the measured
parameters.

B. Model Design

In this model, we employed Random Forest (RF) [18]
to identify the activity of load devices. Previous studies
have demonstrated that RF performs effectively in NILM
applications with low sampling frequencies [19], [20],
[21]. In addition to optimizing accuracy, we also
conducted experiments to optimize the number of decision
trees in order to balance accuracy with resource utilization
and execution time, enabling effective optimization and
implementation on the MCU. The dataset, comprising a
total of 37,604 samples, was divided into two main parts:
80% was allocated for training (with 60% used for
training and 20% for validation), while the remaining
20% was designated for testing.

C. Implementation
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After training, the RF model was converted into C++
source code using the MicroML1 tool. This generated
code was utilized to develop the system code and model,
as illustrated in Figure 3. The device firmware reads data
from the PZEMOOAT module via UART communication.
The obtained sensor data is normalized and input into the
model for classification. Based on the analysis results, the
device statuses are updated on the gateway through
MQTT communication.

Additionally, we developed an 10T gateway to display
the status of household devices and enable their control.
This gateway is built on the IDO-SMLCD72- V1-2EC
circuit board, operating on the OpenWrt2 platform. A web
platform was also created for remote monitoring and
control of the system over the Internet. All devices and
components communicate with each other via MQTT
connections, allowing the synchronization of device
statuses and supporting remote monitoring.

I11. RESULTS AND DISCUSSION

A. Model performance

Based on the methodology outlined in Section 11-B,
we systematically varied the number of estimators in the
Random Forest model from 2 to 32 to evaluate accuracy,
precision, recall, and F1-score. Additionally, we
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Figure 4. Confusion matrix on test set over 6 devices.

integrated these models into the ESP32 platform to assess
flash size and execution time. The results are summarized
in Table I.

Our findings demonstrate that as the number of
estimators increases from 2 to 6, the model’s accuracy
approaches 97%. For estimators ranging from 7 to 16, the
model achieves precision, recall, and F1-score values of
98%, 0.97, 0.97, and 0.97, respectively, while maintaining
a model size under 200KB and an execution time of less
than 157ms. However, when increasing the number of
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estimators to 32, we observed only marginal
improvements in accuracy, accompanied by a significant
increase in model size and execution time (310ms).
Consequently, we selected 7 estimators for further
integration and evaluation in real-world applications. This
configuration utilizes only 81.3KB of flash memory and
requires 71ms of CPU time on the ESP32-S3 for
inference.

The model was subsequently utilized to assess its
ability to distinguish between 6 different devices. The
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results revealed that it performed effectively in identifying
high-power loads, such as D6 and D5, achieving high
accuracy levels. In contrast, the accuracy for the other
devices showed a slight decrease, with the fan device

exhibiting the lowest accuracy at around 97%. Detailed
results are presented in Figure 4, where Label 1 indicates
a device identified as active and Label 0 signifies a device
that is inactive. Overall, these findings indicate that the

Table 1
EXECUTION RESULTS OF THE MODEL OVER NUMBER ESTIMATORS

Estimator Accuracy Precision Recall F1-score Flash (KB) Execution (ms)
2 0.95 0.97 0.95 0.96 231 22.9
3 0.96 0.97 0.97 0.97 35.1 32.7
4 0.97 0.97 0.97 0.97 47.7 42.3
5 0.97 0.97 0.97 0.97 56.8 51.7
6 0.97 0.97 0.97 0.97 70.1 61.6
7 0.98 0.97 0.97 0.97 81.3 71.2
8 0.98 0.97 0.97 0.97 92.9 80.8
9 0.98 0.97 0.97 0.97 103.7 90.3
10 0.98 0.97 0.97 0.97 115.2 99.8
11 0.98 0.97 0.97 0.97 126.5 109.5
12 0.98 0.97 0.97 0.97 136.8 118.8
16 0.98 0.97 0.97 0.97 181.2 157.3
32 0.98 0.98 0.98 0.97 365.6 3109
model maintains relatively consistent performance across  achieving real-time response with a maximum

various load types, operational modes, and power ranges,
underscoring its reliability for practical applications.

B. System evaluation

In this section, we evaluate the overall performance of
the integrated system, focusing on its operational
efficiency and responsiveness in real-world scenarios.
Building on the selected machine learning model, we
developed firmware for the ESP32-S3 as outlined in
Section II-C. In addition to its capability to read power
data and classify active loads, the device can synchronize
its identification status with the gateway and the
monitoring web interface, achieving an update frequency
of once per minute. Furthermore, the device is designed
to receive control commands from users through two
interfaces, allowing for the toggling of devices connected
to the corresponding relay positions. This functionality
enhances user interaction and ensures effective
management of household devices.

In addition, we successfully developed the gateway
and web monitoring interface. These user interfaces
enable real-time and historical monitoring of each
device’s operational status. We also implemented energy
consumption monitoring features, allowing users to track
power usage across different time intervals throughout
the day, thereby enhancing energy management in
household settings.

Finally, we conducted tests of the system under
realworld conditions. The model of the device used for
the testing is illustrated in Figure 5. The results of the
real-world testing demonstrate that the model can classify,
synchronize status, and control devices effectively,

SO 04 (CS.01) 2024

classification delay of 1 minute following a change in
load status. A demo of the real-world testing process can
be found at the following link3.

The results of this study highlight the applicability of
NILM in real-world conditions, particularly in the
domains of home monitoring and smart home systems.
Furthermore, the potential of this research lies in its
ability to be deployed at a low cost while maintaining
suitable accuracy, thereby enhancing user experience in
the increasingly evolving landscape of 10T and smart
home technologies.

IV. CONCLUSIONS

This study demonstrates the successful integration of
TinyML and loT technologies within NILM for efficient
electrical load monitoring. Using a Random Forest (RF)
machine learning model, we achieved high classification
accuracy of approximately 98%, with an execution time of
just 71 milliseconds and a maximum classification delay
of one minute. These results underscore NILM’s potential
to enhance user experiences in smart homes through a
cost-effective solution. The integration of TinyML and
loT not only improves load classification but also
facilitates seamless data management and control. Future
work will focus on researching algorithms capable of
processing higherfrequency data to improve accuracy and
enhance the diversity of datasets.
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THIET BI GIAM SAT TAI KHONG XAM NHAP
(NILM) CHI PHI THAP DUA TREN HQC MAY CO
NHO (TINYML)

Tém tit: Nghién ciru nay trién khai thiét bi gidm sat tai
khong xam nhap (NILM) dé theo ddi tiéu thu dién ning,
két hop cong nghé IoT va TinyML. Thiét bi duoc xdy
dung va thu nghiém trén tap di liéu gém sau loai thiét bi
dién gia dung phé bién. Dya trén dit liéu thu thap, nghién
ctru phét trién giai phap phan loai tai NILM tai bién véi
két ndi IoT, cho phép giam sat va diéu khién tir xa. Vi
diéu khién ESP32 dugc chon dé tich hop mé hinh hoc
méy rimg ngau nhién, phan loai tai dya trén cac tham sé
cong suat, dong dién va hé sé cong suat, véi thoi gian
phan loai 71ms. Két qua thir nghiém cho thay hé thong co
kha nang phan loai nhiéu loai tai v6i do chinh xéac cao
trong thoi gian thyc. Nghién ciru nhin manh vai trd cia
TinyML trong phan loai tai khong xam nhap, dam bao sy
can bang gitra hiéu nang va do chinh xac.

Tww khoa: Giam sat tai, Phan tach tai, Giam sat tai
khong xam nhap, NILM, Hoc may nho, Rimg ngiu
nhién.
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