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Abstract

Non-Intrusive Load Monitoring (NILM) has emerged as a promising approach to enable
smarter grids and promote efficient electricity use. Recent advances in the Internet of
Things and Artificial Intelligence have accelerated the development of NILM solutions;
however, practical implementations that achieve real-time operation while maintaining
scalability and adaptability in diverse residential settings remain scarce. To address this
gap, this work presents the design and implementation of a real-time IoT-based NILM
system for residential environments, integrating event detection, load disaggregation,
and automated dataset generation. The system employs an event-based methodology
comprising four stages: data acquisition, event detection, feature extraction, and load
recognition. A custom smart meter, equipped with an embedded event detection
and disaggregation algorithm, captures aggregated household load signals and extracts
appliance-level signatures. Data is transmitted via the MQTT protocol to a cloud-based
platform for storage, visualization, and further processing. An autoencoder model based
on 1D Convolutional Neural Networks combined with K-means clustering achieved
a 99.23% accuracy in grouping appliance events into their correct categories, while
unsupervisedly enabling the automatic creation of a tailored dataset without relying
on public datasets. The generated dataset is subsequently used to train three deep
learning models for time series classification, yielding overall accuracies of 98.53% with
a 1D Convolutional Neural Network, 97.91% with a Long Short-Term Memory network,
and 98.28% with a WaveNet model. A web application was developed to visualize
detected events and classification results, achieving an average end-to-end response
time of 1.05s. Experimental validation in two different residential environments
demonstrated robustness, scalability, and classification accuracy exceeding 95% across
diverse consumption profiles, confirming the feasibility and efficiency of the proposed

self-adaptive NILM system for real-world energy monitoring applications.



Resumen

El Monitoreo No Intrusivo de Cargas (NILM, por las siglas en inglés Non-Intrusive Load
Monitoring) ha surgido como un enfoque prometedor para habilitar redes eléctricas
mas inteligentes y fomentar un uso eficiente de la electricidad. Los avances recientes
en el Internet de las Cosas y la Inteligencia Artificial han acelerado el desarrollo de
soluciones NILM; sin embargo, las implementaciones practicas que logran operacion en
tiempo real, manteniendo al mismo tiempo escalabilidad y adaptabilidad en entornos
residenciales diversos, siguen siendo limitadas. Para atender esta brecha, este trabajo
presenta el diseno e implementacion de un sistema NILM en tiempo real basado
en IoT para entornos residenciales, integrando deteccion de eventos, desagregacion
de cargas y generacién automatica de conjuntos de datos. El sistema emplea una
metodologia basada en eventos compuesta por cuatro etapas: adquisicion de datos,
deteccién de eventos, extraccion de caracteristicas y reconocimiento de cargas. Un
medidor inteligente personalizado, equipado con un algoritmo embebido de deteccion
de eventos y desagregacion, captura senales de carga agregada del hogar y extrae
senales caracteristicas a nivel de electrodomésticos. Los datos se transmiten mediante
el protocolo MQTT a una plataforma en la nube para almacenamiento, visualizacion
y procesamiento adicional. A los eventos detectados se les aplica un modelo de
autoencoders con redes neuronales convolucionales unidimensionales, combinado con
el algoritmo de agrupamiento K-means, lo que posibilita la creacién automatica de un
conjunto de datos personalizado. De esta forma se alcanzd una precision del 99.23% en
la clasificacion de los eventos dentro de sus categorias correspondientes, eliminando asi
la dependencia de bases de datos ptublicas. Al conjunto de datos generado se empled
posteriormente para entrenar tres modelos de aprendizaje profundo para clasificacién
de series temporales, obteniendo precisiones globales de 98.53% con una red neuronal
convolucional unidimensional, 97.91% con una red de memoria larga a corto plazo y
98.28% con un modelo WaveNet. Se desarrollé una aplicacién web para visualizar los
eventos detectados y los resultados de clasificacion, alcanzando un tiempo promedio
de respuesta extremo a extremo de 1.05s. La validaciéon experimental en dos entornos
residenciales distintos demostré robustez, escalabilidad y precisiones de clasificacion
superiores al 95% en perfiles de consumo diversos, confirmando la viabilidad y eficiencia
del sistema NILM auto-adaptativo propuesto para aplicaciones reales de monitoreo

energético.
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Chapter 1
Introduction

As time goes by, humans are becoming increasingly connected to their surrounding
environment, thanks to advancements in wireless technologies and internet connectivity.
While devices used to communicate solely with each other, people have now become
a fundamental part of this connection. This is where the concept of the Internet of
Things (IoT) emerges. This approach involves integrating a series of "smart" devices
into the environment to interact directly with living beings, either by providing services
or delivering information, with the aim of improving quality of life [1, 2].

The Internet of Things has had a significant impact across many areas, ranging from
healthcare to the energy sector, with the latter being the primary focus of this work.
As mentioned previously, human connectivity continues to grow each day, primarily
driven by the use of electronic devices that require electrical power to operate. These
include mobile phones, computers, televisions, electric cars, and more. Likewise, as the
global population increases, the adoption of such technologies also rises, resulting in
an ever-growing demand for electrical energy. This surge in energy consumption brings
various consequences across multiple areas, which will be discussed in more detail in
subsequent sections of this document.

The increase in electrical consumption brings a series of challenges that can be
addressed through greater energy efficiency, which is driven by the development of
Smart Grids (SGs). These grids enable a balance between supply and demand through
effective management based on the use of contemporary technologies [3, 4, 5, 6].

Traditional power grids have significant limitations, as they lack the ability to
prevent or respond to sudden failures within the infrastructure. This is primarily due
to their unidirectional nature, where the utility company does not receive timely or
effective feedback regarding incidents [7, 8]. In contrast, SGs, with their bidirectional

communication between production and demand, enable better coordination. For

1



instance, in a traditional structure, when the required energy exceeds the available
supply, the utility company often resorts to complete service interruptions in areas of
low commercial interest. However, with SGs, real-time information from end users
allows for the identification of strategic areas where such actions can be taken more
selectively and where they should be avoided [3].

Within Smart Grids, one of the main research topics—and the foundation of this
work—is the monitoring and identification of electrical loads at the individual appliance
level. The primary purpose of this is to facilitate energy conservation through the
adoption of energy-efficient initiatives, such as using low-power appliances, optimizing
the timing of device usage, and eliminating unwanted energy consumption activities [9].
Recently, there has been an increase in microgrids and a steady rise in the installation
of renewable energy sources. To enhance the quality of these efforts, further strategies
for energy sustainability must be implemented to monitor, control, and manage the
energy system effectively. Load monitoring and automation enable Home Energy
Management Systems (HEMS), which are primarily aimed at satisfying user comfort
with the available power, minimizing energy consumption, and consequently balancing
the supply-demand relationship [10].

There are primarily two methods for load monitoring and identification [11]. One
of them is Intrusive Load Monitoring (ILM), which identifies devices with the help
of sensors individually installed at each electrical connection. The main basis of this
technique is smart plugs, where each time an appliance is turned on, the sensor captures
this information and provides it to the consumer through a communication channel [12].

The second method has garnered greater interest within the scientific community
due to its economic and privacy advantages during implementation. Non-Intrusive Load
Monitoring (NILM) requires only a single measurement point (typically at the main
distribution panel) and, with the help of a disaggregation algorithm, it can identify
different electrical appliances. NILM is a cost-effective and privacy-preserving method,
as it does not require numerous smart plugs or dedicated modules. This technique relies
on the fact that each appliance exhibits specific electrical signatures when it is turned
on or off, which serve as features for classification algorithms [13].

Based on the above and the opportunities identified previous studies, this work
presents the design and implementation of an IoT NILM system, distinguished by the

integration of the following characteristics into a cohesive solution:

« Incorporation of a Smart Meter (SM) equipped with a real-time event detection
and disaggregation algorithm: The capability of monitoring energy consumption

in small time steps allows the NILM system to detect appliance activations,
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facilitating accurate load classification.

o Deployment of an unsupervised approach to generate a self-adaptive dataset
tailored for end users: Data collection is customized based on user habits
without manual intervention, enhancing appliance recognition accuracy and

energy management precision.

o Integration of a Deep Learning Algorithm for real-time classification: Multiple
deep learning architectures were evaluated to identify the most suitable model for
deployment on the web platform, ensuring high accuracy and low latency during

appliance recognition.

» Usage of a lightweight IoT NILM framework: This facilitates seamless integration,
minimizing hardware requirements, enabling widespread adoption, as well as

scaling and cost effectiveness.

o Implementation of the NILM system in a real-world environment: System efficacy
validation outside controlled environments, ensuring practical applicability,

reliability, and relevance.

1.1 State-of-the-art

Monitoring electrical energy consumption at the device level has been a topic of interest
for both the commercial sector and the scientific community since electricity became
widely adopted and demand began to match production levels. The concept of Non-
Intrusive Load Monitoring began in the 1980s with George W. Hart, who conducted
experiments to study residential photovoltaic systems, collecting measurements at 5-
second intervals—a data rate significantly higher than the standard 15-minute interval
used by utility companies at that time. When analyzing and plotting the collected
data, Hart quickly realized that he could "read" the traces visually and identify the
behavior of household appliances in the monitored homes. This observation inspired
him to formalize the steps for developing a computer program capable of performing a
similar analysis to what he had done by sight. It was not until 1992 that he published
the article "Nonintrusive Appliance Load Monitoring", where he demonstrated how the
energy consumption of individual electrical appliances could be determined through a
detailed analysis of the current and voltage of the total load, measured at the interface

with the power source [14].
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Although the origins of Non-Intrusive Load Monitoring date back to the 1980s, it
has gained significant relevance over the past decade, primarily driven by the search
for techniques to optimize electrical energy consumption. Additionally, there are
technological factors contributing to this resurgence, such as the growing use of
smart meters—devices that enable real-time or near real-time monitoring of electrical
consumption in buildings, a crucial feature for NILM.

Moreover, the development and implementation of new classification algorithms,
artificial intelligence, deep learning, and related technologies have also led to a renewed
interest in NILM systems [15]. For instance, Kim et al. [16] proposed a method to
identify electrical events for appliance load monitoring based on distinctive electrical
characteristics. Their approach detects events by matching extracted feature vectors
with entries in an existing appliance database. The analysis focused on power
fluctuations and electromagnetic interference noise, as these indicators proved effective
for classifying on/off state transitions in various appliance types. To determine the
source of each event, the supervised learning algorithm k-Nearest Neighbors (k-NN)
was applied alongside an optimization strategy.

The authors of [17] proposed a non-intrusive assistance and guidance system
for smart homes, based on the identification of electrical devices, aimed at helping
individuals with cognitive impairments remain at home. The core of the system relies
on an algorithmic approach designed to recognize erratic behaviors associated with
cognitive deficits, and it also provides prompts to guide the user through daily tasks.
A novel feature of this system at the time was its ability to deliver cognitive assistance
tailored to specific types of cognitive errors, such as step omission, step inversion,
perseveration, temporal misalignment, and cognitive overload. To achieve this, the
researchers analyzed the load signatures of household electrical appliances—specifically,
active power (P), reactive power (Q), and line-to-neutral voltage—to detect errors made
by the resident. The system employed a single power analyzer installed on an electrical
panel within a real-world smart home prototype equipped with appliances typically
used by the patient during their morning routine. Additionally, various multimedia
support devices (iPad, screen, speakers, etc.) were utilized. The system was tested
using realistic case scenarios modeled after previous clinical trials, demonstrating its
potential in terms of accuracy and effectiveness in assisting residents with cognitive
impairments in completing their daily activities.

Lin et al. [18] stated that fully developed NILM solutions are still lacking and
that further research is needed in this area. Based on this observation, they proposed

an intelligent algorithm for appliance identification using 0-1 quadratic programming.
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The algorithm is designed to be applied to meters or sensors installed at the main
distribution panel of a residential home. To evaluate the proposed algorithm, they
built a laboratory-based simulation platform using ten different types of household
appliances. The test results showed that the algorithm achieved an identification
accuracy of approximately 90%. Similarly, Zhou et al. [19] proposed a method
for detecting the on/off states of electrical appliances in home or office settings by
measuring active power. They introduced a technical improvement that yields more
accurate results using less electrical data. This was achieved by transforming the
original load curve, which includes transient changes, into a stepped load curve that
better represents steady-state appliance behavior. They then developed a simple,
solvable integer programming model to identify appliances and employed a power state
classification method to narrow the range of possible devices, enabling a rough analysis
of operating states without prior knowledge of the appliances.

Khan et al. [13] developed a hardware setup to measure the electrical parameters
of various devices within a system. Using a disaggregation algorithm, the system
detects electrical events, which are then processed by a machine learning algorithm
to identify appliances. The classification techniques used were k-NN and Random
Forests (RF). Each classifier identifies devices by comparing changes in the system’s
electrical parameters with known signatures stored in a database. Their setup uses an
SCTO013 current transformer and a 230-9 V voltage transformer for measurements. The
machine learning algorithm was implemented in Python and deployed on a Raspberry
Pi to enable real-time device identification.

In [20], the authors conducted a study on electrical load identification using fuzzy
clustering based on non-intrusive monitoring of electrical signals in non-residential
buildings. They proposed a high-resolution machine learning classifier capable of
processing data in ten-second windows to detect low-power events and classify load
types, regardless of the number of devices connected to the system. Their methodology
involves calculating energy consumption from acquired data and identifying events
through statistical analysis. These events are then classified using a C-means clustering
algorithm based on load type and energy use. Finally, the classified events are placed
on a daily timeline with ten-second resolution to visualize load performance throughout
the day. This approach was validated using a testbed with resistive, capacitive, and
inductive loads, and the experiments were carried out at a healthcare center in the
Castilla y Leon region of Spain.

The state-of-the-art review can also include the work of Zheng et al. [21], which

focuses on event-based supervised NILM for nonlinear devices. The study confirmed
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that feature extraction based on harmonics exhibits good additive properties, regardless
of the practical conditions of the electrical grid. It also found that the Density-
Based Spatial Clustering Algorithm with Noise (DBSCAN) outperforms other existing
methods for detecting events and adjacent steady states. However, the authors
acknowledge that this approach is limited to on/off nonlinear devices and multi-state
appliances. While many nonlinear loads exist in buildings, some devices with minimal
current distortion—such as vacuum cleaners, air conditioners, and refrigerators—cannot
reliably be distinguished using steady-state harmonic feature extraction methods.

Addressing a specific challenge, Shi et al. [12] introduced a novel algorithm called
Similar Time Window (STW) for performing NILM using low-resolution data—defined
as energy measurements recorded at intervals of 5 minutes or more. Data with
shorter intervals are considered high-resolution. Derived from the k-Nearest Neighbors
approach, the STW algorithm compares time and frequency domain similarities
between the target window and segments from historical data. It then uses instance-
based learning to select the most similar windows and estimate device-level energy
consumption. Key advantages of the STW algorithm include reduced cost and hardware
requirements, improved privacy preservation, and enhanced computational efficiency.
To support practical and cost-effective NILM deployment, the study also explores how
input/output resolution, time window length, and prediction accuracy are related.

To address some common issues with current smart plugs (SPs)—such as high
cost and complex manufacturing—Yu et al. [22] applied NILM techniques to design a
functional smart plug capable of identifying connected appliances. By using a relative
Euclidean distance algorithm and a vector distance algorithm, the smart plug learns
the electrical parameters of various appliances from a database of feature samples. This
allows it to automatically recognize the type of device connected and provide users with
detailed electrical information, including voltage, current, active power, power factor,
frequency, and cumulative energy consumption.

Morais and Castro [23] introduced a novel strategy for NILM. Their method trains a
set of auto-associative neural networks, each tuned to the features of a specific electrical
device. These networks are arranged in parallel and compete when a new input vector
is presented. The one with the closest match identifies the appliance. The system is
designed to recognize specific devices using transient power signals from on/off events.
The method was evaluated using three public datasets: the REDD (Reference Energy
Disaggregation Dataset), UK-DALE (UK Domestic Appliance-Level Electricity), and
Tracebase, which contains real residential measurements. Results demonstrated that

the technique effectively distinguishes between appliances and that the competitive



1.1 State-of-the-art 7

architecture achieves good accuracy and F-score performance.

Focusing primarily on load disaggregation, Xiao et al. [24] proposed a load event
matching method based on graph theory, built upon an improved Kuhn-Munkres
algorithm. Their approach models the problem of matching appliance on/off events
and identifying the corresponding loads as a bipartite graph. The enhanced Kuhn-
Munkres algorithm is then applied, incorporating both core density probabilities and
edge weights to solve the matching matrix, enabling optimal pairing and identification
of appliances from a database. Experimental results using the REDD dataset and
laboratory data demonstrated strong performance in both event matching and load
identification. The authors anticipate expanding their load identification matrix to
include more devices and corresponding events, aiming to scale the model for broader
applications in the near future.

In [25], a NILM method that incorporates Appliance Usage Patterns (AUPs) to
improve device identification and active load forecasting was presented. The authors
first identified AUPs for a specific household using a standard spectral decomposition
algorithm. These learned patterns were then used in a fuzzy logic system to bias
the prior probabilities of appliance activation. AUPs represent the likelihood of a
device being active at a given moment, based on recent activity or inactivity and
the time of day. As a result, the prior probabilities informed by AUPs enhance the
NILM algorithm’s accuracy in identifying active loads. The proposed method was
successfully tested on two standard datasets containing real household measurements
from the U.S. and Germany. Additionally, the authors developed and successfully
implemented a residential energy forecasting mechanism capable of predicting total
active power demand across multiple households up to five minutes in advance, using
the AUP-based approach.

Fang et al. developed a NILM model using device-specific Lightweight Long Short-
Term Memory (LSTM) networks, combining supervised and unsupervised learning.
Their method performs event detection and sample generation in a fully unsupervised
way using a non-parametric Bayesian approach. Each device has its own LSTM,
trained on the difference in aggregate load before and after on/off events. These inputs
allow each network to predict the current state of its corresponding appliance. By
assigning a separate LSTM per device, the method reduces learning complexity and
improves detection of overlapping switching events. Controlled experiments showed
that this approach outperformed several existing methods [26]. They also conducted
ablation studies to assess each module’s contribution and evaluated the effect of different

synthetic data distributions.
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Another real-time NILM application was presented by Mihailescu et al. [27], who
designed a low-cost hardware solution for appliance recognition using point-to-point IoT
communication. They conducted a comparative analysis to identify electrical signals
from various devices. First, they assessed different machine learning methods using
publicly available datasets, which typically include several months of low-frequency
data. Then, they evaluated these techniques in their specific real-time scenario, aiming
for rapid device identification using a limited training dataset. This focus on data-
efficient learning is critical, as high variability in appliance usage patterns often requires
collecting device-specific data to achieve accurate recognition—a process that is costly
and impractical at scale. In addition to their end-to-end IoT solution, the authors
analyzed its computational demands in terms of cost and real-time performance, both
essential factors for low-power systems..

Akarslan and Dogan [28] introduced a device identification method that relies solely
on current waveforms for feature extraction. First, they preprocess the signal to
isolate one period, then compute the Fast Fourier Transform (FFT). The real and
imaginary parts of the FFT are evaluated separately, and statistical features such as
maximum, minimum, and standard deviation are extracted from each. These features
define thresholds for different devices, forming a rule table used for identification. The
method can recognize both individual appliances and their combinations. Results show
an identification accuracy above 98%, with a 4.7% improvement achieved by separately
analyzing the real and imaginary FFT components.

Another noteworthy study is presented in [29], where the authors propose an on-
site, self-adaptive non-intrusive load monitoring method. Their goal was to enable
fully automated operation and accurate NILM results in real-world environments
without requiring prior information. To achieve this, they developed a self-adaptive
signal database during actual operation, allowing for accurate load data collection
that significantly improves identification. Because accurate classification depends on
having enough information, they used high-frequency data acquisition to preserve full
waveforms and mixed load signals. Their approach follows three main steps: (1)
decomposing the mixed signal into separate, unlabeled load components; (2) identifying
load types based on inherent features and statistical characteristics; and (3) classifying
them using a Bayesian model trained on the evolving database.

In a related study, [30] addressed near real-time load identification from low-
frequency energy data in office settings. They first detected active load periods from
outlets, then applied a dynamic time window strategy for feature extraction. These

features were fed into the Bagging algorithm with a minimum 5-minute dynamic window
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resulting in 93% accuracy.

In [31], Fan et al. provided a load disaggregation model built on a multi-objective
function that captures both macro- and micro-level appliance features, offering a
comprehensive representation of device behavior. Their approach uses five objective
functions based on apparent, active, and reactive power, current, and harmonics to
recognize various appliances. Treating NILM as an optimization problem, they apply
the Moth-Flame Optimization (MFO) algorithm, highlighting its ability to integrate
multiple functionalities and diverse signal features—capabilities rarely seen in prior
NILM approaches. To handle the fact that most appliances operate in multiple states,
the model incorporates a Factorial Hidden Markov Model (FHMM) to define allowable
appliance modes over each second. The effectiveness of their method is supported by
experimental results and comparisons with existing state-of-the-art techniques. They
also tested different combinations of appliance features and found that performance
improves with feature diversity—achieving at least 20% higher accuracy than previously
reported methods.

Chen et al. [32] argue that most existing load identification algorithms rely heavily
on steady-state or transient electrical features, limiting their performance due to
constrained feature selection and analysis patterns. To address this, they propose
a deep neural network approach for NILM using a testbed configured with various
household appliances to collect real-time energy usage data in a typical Chinese home.
The collected data were preprocessed and fed into a hybrid Convolutional Neural
Network—Long Short-Term Memory (CNN-LSTM) model for training and feature
extraction. Experimental results showed that the CNN-LSTM outperformed traditional
methods such as k-NN, SVM, standalone CNN, and LSTM models, achieving an average
recognition accuracy of 99% across different types of appliances in China’s typical grid.

In contrast, Himeur et al. [33] developed a NILM method based on a novel 2D
local energy histogram descriptor combined with an enhanced k-NN classifier. Their
technique captures robust device-level features from aggregated power signals using
short local histograms, improving classification and reducing computation time. This
approach yielded impressive accuracy rates—99.65% on the GREEND dataset, 98.51%
on UK-DALE, and over 96% on WHITED and PLAID-—demonstrating the effectiveness
of 2D descriptors in precise appliance identification and offering new insights for NILM
research.

Ahammed et al. [34] developed a real-time IoT-based NILM system using low-
frequency data to address the lack of smart meters in Bangladeshi homes. They built

a custom acquisition device measuring RMS voltage/current, active power, and power
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factor at 1 Hz. The best-performing multi-label classifier was deployed using Firebase
for real-time data exchange and a GPRS module for wireless transmission without Wi-
Fi. Tested in a real home, the system maintained over 94% accuracy despite voltage
fluctuations, supporting its potential for efficient energy management.

Similarly, Franco et al. [35] proposed an IoT-based system for load monitoring
and activity recognition. Unlike traditional systems relying on tagging, they applied
machine learning models—FFNN, LSTM, and SVM—for device identification. FFNN
and LSTM achieved precision above 0.9, outperforming SVM. The best model was then
used to detect daily activities based on device usage patterns. They also conducted a
sensitivity analysis to assess how group size impacts classification accuracy.

Yin et al. [36] focused on identifying unknown residential loads and updating
existing classification models. Their approach also aids in detecting abnormal current
changes and potential electrical faults. They highlight three main contributions: (1) a
hybrid Siamese neural network and isolation forest model that extracts low-dimensional
features, filters outliers, and identifies unknown devices using convex hull overlap rates;
(2) a shared-parameter transfer learning method to quickly update classification models;
and (3) validation using both public and proprietary datasets. Their results show that
the presented model effectively detects unknown loads and updates itself with high
accuracy.

Li et al. [37] addressed the inconsistency in NILM performance caused by relying
on single features. To improve generalization and accuracy, they proposed a method
that deeply fuses multiple features and classifier outputs using Dempster-Shafer (D-
S) evidence theory. They extracted power, current harmonic, and voltage-current
trajectory features, then used k-NN, random forest, and CNN classifiers independently.
The outputs were combined using D-S theory to improve overall prediction. Compared
to standalone models, their approach improved classification accuracy and F1 score by
5.23% and 3.03%, respectively, demonstrating that decision-level fusion yields better
results than using individual classifiers or existing methods.

In a similar line of research, Athanasiadis et al. [38] presented a real-time, multi-
class NILM system. To begin with, it uses a robust adaptive thresholding event
detection algorithm, followed by a deep CNN and k-NN classifier to identify various
devices in real time. What sets this system apart is its ability to detect appliance
activation as it happens while remaining lightweight enough for low-cost chips or smart
meters—making large-scale NILM deployment more practical. Importantly, the system
does not require device-specific training. Instead, it transforms transient responses

into 30-dimensional vectors that naturally cluster by appliance, eliminating the need
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for large, high-frequency datasets and costly retraining. For validation, they used the
BLUED dataset for event detection and tested the k-NN classifier with private data,
showing strong real-world performance. Finally, extensive comparisons demonstrate
that their system outperforms most state-of-the-art real-time methods.

Most NILM systems rely on supervised learning, which is simpler to design but time-
consuming to implement. To address this, Zhou et al. [39] proposed an unsupervised
NILM algorithm using spiking neural networks (SNNs), which require no labeled data.
SNNs are ideal for low-cost deep learning hardware, as each neuron can be implemented
with basic RC circuits. The authors also introduced a distributed computing setup,
splitting the SNN between smart plugs and local servers—allowing high-frequency
sampling without the need for powerful communication hardware. Tests using the
PLAID dataset showed 83% accuracy, suggesting their unsupervised method performs
comparably to traditional deep learning-based NILM approaches.

Unlike traditional NILM applications, Lin et al. [40] proposed a smart home
energy management system using an IoT-based NILM approach grounded in multi-
objective evolutionary computation, entirely training-free for demand-side management
in smart grids. Different from Al-based methods such as artificial or deep neural
networks, which require training, retraining for new appliances, and hyperparameter
tuning, their model relies on combinatorial optimization using genetic algorithms.
Their NILM strategy treats appliance identification as a pattern-matching problem,
comparing potential appliance profiles against measured aggregate energy consumption
using metaheuristics to minimize error. The system was deployed in a real home
environment, and experimental results confirmed its feasibility.

Liuet al. [41] introduced a load identification method that combines LSTM networks
with Affinity Propagation (AP) clustering. Their approach begins by preprocessing raw
energy consumption data using the AP algorithm to group large volumes of samples
into multiple clusters. To handle continuously variable loads, they discretize device
power profiles into representative sets. These processed data are then input into an
LSTM-based classification model, which outputs the most likely operating states and
power levels of appliances, accounting for potential prediction errors. When comparing
results from the standalone LSTM model versus the combined LSTM-AP approach,
they found that the latter reduced deviation from real load data to between 2% and
7%—a significant improvement over using LSTM alone.

Similarly, inspired by the limitations of training-heavy classification models, Yu et
al. [42] proposed a lightweight alternative using a Siamese neural network—a few-shot

learning approach that performs well even with limited training data. Their architecture
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centers on a convolutional neural network, commonly used in transfer learning due
to its generalizability. This setup computes the similarity between test samples and
a reference feature library to either recognize existing devices or detect new ones.
Input features include voltage and current waveforms along with active power. Their
method greatly reduces the reliance on extensive training datasets, adding flexibility to
NILM implementations. The model’s effectiveness was validated using the PLAID and
COOLL datasets.

Recent studies have advanced NILM performance through diverse approaches. Liu
et al. [43] used LSTM networks with data augmentation and clustering to better
recognize appliance usage patterns. Winkler et al. in [44] proposed a low-cost,
single-device smart meter based on Raspberry Pi and YoMoPie Monitor, providing
local real-time feedback while addressing privacy concerns and achieving promising
disaggregation performance. The authors of [45] introduced the Next-Generation Smart
Grid Meter (NGSM), an embedded Linux-based system that monitors household energy,
communicates via a smart grid, and applies deep learning for appliance classification,
achieving 93.75% accuracy with three devices operating simultaneously. These works
illustrate the trend toward combining machine learning, compact hardware, and on-edge
processing to enhance NILM effectiveness.

Finally, it’s worth highlighting efforts focused on reviewing the state of the art in
NILM research. One of the earliest examples is by Najmeddine et al. [46], who in 2008
provided an overview of the most prominent NILM methods at the time, outlining
their strengths and weaknesses in the search for the most effective approach to load
identification.

While most of the NILM research relies on public or private datasets for validation,
the performance of each technique varies depending on the dataset’s characteristics.
To address this, Khurram et al. [15] conducted a comprehensive review of 42 NILM
datasets, presenting comparative tables to highlight their features. The paper also
outlines current limitations and strengths of these datasets, providing insights into
existing challenges and future research directions. Their goal is to help researchers
evaluate algorithm performance and guide the development of new datasets in the
NILM community.

In 2016, Abubakar et al. [9] reviewed recent trends in energy management to guide
researchers in the field. They analyzed and categorized various HEMS strategies using
both ILM and NILM techniques. Their findings highlighted several challenges: the
need for more accurate load recognition, systems capable of identifying a wide range of

appliances, greater efforts to integrate NILM into appliance-level energy management,
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and the importance of fostering energy awareness among consumers across homes,
offices, and industries.

Later, in 2021, Khurram et al. [15] conducted a comprehensive review of the most
widely used datasets for validating NILM techniques, identifying REDD, Smart*, UK-
DALE, BLUED, and AMPds as the top five. In 2022, Angelis et al. [47] examined
various machine learning algorithms applied to NILM, discussed recent advancements,
and highlighted ongoing limitations and research challenges.

That same year, Yan et al. [48] explored the challenges and improvement
opportunities across each stage of a typical NILM pipeline, with a focus on enabling
real-time applications. Also in 2022, Dash et al. published a systematic review of the
NILM field, structured around two key research questions: (1) How has the research
community approached and evolved NILM solutions? and (2) How do different NILM
approaches compare in terms of key attributes? Their work helped outline critical
challenges that still lie ahead in advancing NILM technologies.

Latest reviews have provided comprehensive insights into the current state and
challenges of NILM. Rafiq [49] summarized advanced deep learning-based methods
in residential contexts, highlighting key limitations and research gaps. Luo [50]
emphasized the difficulties in scaling NILM from laboratory settings to real-
world applications, including diverse consumption patterns, complex disturbances,
decentralized data, and limited computing resources, and discussed advances in
robustness, adaptability, collaboration, and deployability. Nexus [51] extended the
discussion to industrial settings, noting that online NILM can enable appliance-
level monitoring, optimize load scheduling, reduce energy consumption, and improve
operational efficiency, while also detailing relevant hardware implementations.
Together, these reviews map the evolution of NILM research and outline the practical
challenges that remain for widespread adoption.

Using the most representative and complete works found in the state of the art,
Table 1.1 was created to compare their main features. The analysis focuses on
six key parameters: the use of low-frequency parameters, real-time event detection,
automatic tailored dataset generation, unsupervised learning, IoT platform integration,
and validation in real environments. This highlights where the present work stands with

respect to existing solutions.
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Table 1.1: Comparison among existing NILM works.

Reference Low Real-time Automatic Unsupervised IoT Deployment
frequency event tailored  Approach Platform in a real
parame-  detection dataset environ-
ters ment
[13] v v X X v v
[52] X v X X X X
23] v X X X X X
[39] X X X v X X
[53] X X X X X v
[42] X X X X X X
[26] v X v v X X
[34] v v X X v v
[29] X v v v v v
[54] X v X X X X
Present v v v v v v
work

1.2 Problem Statement and Justification

Global electricity consumption continues to rise, driven largely by population growth
and the rapid urbanization of previously underserved regions [55|. This increasing
demand is not only due to expanded access to electricity, but also to the growing use
of energy-intensive appliances—such as air conditioners and heaters—which are now
common even in areas where they were once rare.

The early 21st century has also seen a surge in the use of portable electronic devices
like smartphones, laptops, and smartwatches, all of which require regular charging and
thus contribute to overall electricity demand [56, 3]. According to data from Our World
in Data, global electricity generation increased by approximately 32% between 2010 and
2025 [57]. This upward trend is expected to continue, particularly with the widespread
adoption of energy-intensive technologies such as electric vehicles, cryptocurrencies,
blockchain, and advanced generative language models—all of which place additional
strain on power systems.

Why is this a problem? From a production standpoint, the primary concern is that
59% of global electricity was still generated from fossil fuels as of 2024 [58]. These
non-renewable resources not only deplete over time but also contribute significantly
to global pollution and climate change. Addressing rising energy demand is therefore
critical—not only for sustainability, but for the health of the planet.

Considering the current state of distribution infrastructure alongside the sharp rise
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in energy demand discussed earlier, it is clear that this issue has intensified over the
past two decades. Many power plants and grid systems were not designed to handle
these modern consumption levels, leading to issues like reduced supply during peak
hours and, in some cases, extended outages [3]. This growing demand presents several
challenges, which can be addressed by improving energy efficiency. One promising
solution is the development of smart grids—systems that balance supply and demand
through intelligent management and modern communication technologies [3, 4, 5, 6].

At the core of smart grids are smart meters, which enable two-way communication
between consumers and utility providers—a key feature of smart grid functionality.
These devices do more than record energy usage; they also transmit electrical
parameters in real-time or at scheduled intervals, making energy consumption more
transparent and manageable.

In recent years, research has focused on Home Energy Management Systems
(HEMS), which aim to reduce energy waste, minimize blackouts, and benefit both
consumers and utility companies [59]. Smart meters play a crucial role in HEMS by
providing real-time data that enables analysis, control, and optimization of household
energy use. HEMS can be implemented using intrusive load monitoring, which
requires a meter on each device, or non-intrusive load monitoring, which disaggregates
household-level energy data from a single smart meter to determine individual appliance
usage. Each approach has its own pros and cons, which are discussed in later sections.
What is important here is that both aim to identify and classify household appliances
based on their energy usage.

Appliance-level consumption data offers several benefits. It empowers consumers
with detailed insights into their energy habits, enabling behavioral changes that can
lead to savings. It also supports monitoring the health of devices, as malfunctioning
appliances often consume more power, generate electrical harmonics, or even pose safety
hazards such as fire risk [60].

Beyond individual benefits, appliance-level data improves understanding of demand
profiles for small-scale consumers. This insight supports accurate forecasting of
peak, average, and shifting demand trends [23, 61, 32]. It also facilitates the better
integration of renewable energy sources in microgrids by helping to maintain financial
and operational balance.

Renewables like wind and solar introduce supply-side uncertainty due to weather
variability. While solutions like wind speed or solar radiation forecasting and storage
optimization are well-studied, less attention has been given to demand-side variability.

Understanding device-level demand behavior can reduce load uncertainty and help
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optimize battery sizing or intelligently schedule appliance use within microgrids [21].

While the benefits of load monitoring are clear, both NILM and ILM face important
challenges. ILM relies on installing a smart meter at each appliance, which makes
its feasibility heavily dependent on hardware costs, system design, and available
budget. The practicality of ILM is thus limited by the cost-functionality tradeoff in its
implementation.

NILM, on the other hand, presents a different set of issues. Although the
concept originated in the 1980s, it has gained renewed interest thanks to advances
in artificial intelligence. NILM depends on algorithms for energy disaggregation and
device classification using a single point of measurement—typically the total energy
consumption of a building. However, one of NILM’s core limitations is the lack of
algorithms to reliably identify individual loads, making this an active and open area of
research [62, 23, 61, 18].

As noted in [9], NILM research faces several persistent gaps. Many studies prioritize
simulation environments and public database validation over real-world deployments,
limiting their practical applicability. Feature extraction, a crucial component in
machine learning-based NILM, also lacks standardization, with no widely accepted set
of electrical characteristics for appliance-level identification.

In addition, most NILM models are applied offline using historical data, while real-
time load identification remains relatively unexplored. Another major limitation is the
scarce integration of NILM techniques within IoT frameworks, which restricts their
adaptability to modern smart home infrastructures. Without real-time capabilities
and seamless [oT integration, NILM remains constrained to controlled research
environments, falling short of the responsiveness and interoperability required for
deployment in dynamic, connected households.

Particularly underrepresented in the current literature is the automatic creation of
tailored appliance datasets—an essential capability for developing self-adaptive systems
that can adjust to new environments without manual training. This area remains
largely unaddressed, despite its potential to significantly enhance the scalability and
generalization of NILM solutions. Addressing scalability is critical for real-world
adoption, as practical NILM systems must be capable of handling diverse residential
environments, varying electrical infrastructures, and the continuous introduction of
new appliances. Without scalable approaches that combine real-time operation, IoT
integration, and automatic dataset generation, NILM will remain limited to small-
scale research prototypes rather than evolving into widely deployable solutions for large

numbers of households and future smart grid applications.
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Based on the identified limitations, this work presents the design and
implementation of an automatic and self-adaptive NILM system using unsupervised
learning and an IoT platform. The proposed approach applies NILM by leveraging
a unique smart meter to capture key electrical parameters from the main distribution
panel, integrating event detection and disaggregation algorithms with a real-time neural

network model deployed through a web application.

1.3 Research Hypothesis

An IoT-based NILM system that integrates real-time event detection within an
embedded device, combined with unsupervised learning and deep learning techniques,
can enable scalable and self-adaptive appliance-level classification, capable of adjusting
to diverse residential environments without relying on public extensive datasets, high-

frequency electrical parameters, or manual dataset training.

1.4 Research Objectives

1.4.1 General Objective

To develop an IoT-based Non-Intrusive Load Monitoring system that employs real-
time event detection and unsupervised learning techniques to automatically generate
a self-adaptive appliance dataset for accurate load classification in real residential

environments.

1.4.2 Specific Objectives

e To build a smart meter that integrates a real-time event detection and
disaggregation algorithm capable of accurately identifying at least 95% of

appliance switching events from aggregated load signals.

o To apply unsupervised learning techniques to automatically generate a dataset

comprising data from a minimum of five different appliances.

o To evaluate at least three deep learning models for time series classification,
selecting the model that balances computational efficiency and achieves over 95%

classification accuracy.
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« To develop a web application that integrates a classification algorithm to recognize

events with a response time of less than 3 seconds.

« To validate the scalability and robustness of the NILM system by deploying it in
no fewer than two real residential environments, ensuring accuracy exceeds 95%

across all cases.

1.5 Methodology

Given the multidisciplinary nature of this project, it was essential to follow a well-
structured development process. Although the proposed system operates using data
acquired from a smart meter, it is important to note that the smart meter hardware
has already been fully developed prior to this work, following an IoT-based embedded
systems approach. Therefore, the structure of this thesis document lies in the design
and implementation of the NILM system. To guide this development, the waterfall
methodology was selected, a sequential design model commonly used in software
engineering, where progress flows linearly through clearly defined stages, as illustrated
in Figure 1.1 and described below [63].

1. Requirements Analysis: Gather all relevant information and define the
project’s specific needs. This includes identifying deliverables, setting clear
expectations, and assigning roles so each team member understands their

responsibilities.

2. Design: Define the technical specifications of the system, such as the
programming language and hardware requirements. This phase outlines the
overall system architecture and details how each component functions and

interacts with others.

Development j

Deployment

Figure 1.1: Waterfall methodology steps.
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Figure 1.2: Workflow for Machine Learning Development.

3. Development: Implement the planned design by writing the necessary code and
algorithms. This stage involves iterative prototyping, testing, and debugging to

meet user requirements.

4. Testing and Integration: Combine all developed components into a complete
system and verify that everything works as expected. Errors are identified and

resolved before the system is released.

5. Deployment: Finalize the project by making the software available to its

intended users, ensuring it is ready for real-world operation.

Focusing on the development phase, this is where the necessary code is implemented
to carry out the project tasks. In this case, since the core of the project relies on
machine learning algorithms, a specialized workflow was adopted. The steps are shown

in Figure 1.2 and described below:

1. Problem Definition: The problem should be framed within one of the standard
machine learning categories—classification, prediction, clustering, or decision-
making. This helps determine the type and amount of data needed, as well as the
appropriate learning model. A poor abstraction can lead to an unsuitable model

and underwhelming performance.

2. Data Collection: This step involves gathering the necessary data based on the
problem type. At this stage, a relevant dataset is either created or selected for

use.

3. Data Preprocessing: Before extracting features, raw data must be cleaned and
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prepared. This can include tasks such as filtering, discretization, and imputing

missing values.

4. Data Analysis: Depending on the problem, understanding the general data
trends is crucial. Statistical distributions and data visualizations help reveal

correlations and patterns that guide model design.

5. Data Preparation: Even after preprocessing and analysis, additional steps like
transformation, normalization, or standardization may be required—especially

when data features operate on different scales.

6. Model Building: An appropriate learning algorithm is selected based on the
problem type and dataset size. The dataset is then split into training and testing

sets for model development.

7. Model Validation: This critical phase tests the model’s performance. Cross-
validation is often used to assess accuracy and detect overfitting. Insights from
this step help refine the model—by increasing data volume or simplifying the

model architecture if needed.

8. Deployment: When deploying the model in a real-world setting, practical
considerations such as computational power, energy consumption, and response
time must be addressed. Balancing accuracy with system efficiency is key to

effective implementation.

Thanks to the rapid advancement of NILM research, the scientific community has
largely adopted a standard methodology structured around four key stages: data
acquisition, event detection, feature extraction, and load identification (see Figure 1.3)
[51, 64].

1. Data Acquisition: Electrical signals—such as current, voltage, and power—are

collected from a smart meter. Raw data is then filtered to remove noise.

2. Event Detection: An event refers to a device changing state over a short period.
These events are typically detected by identifying variations in power or current
that exceed a predefined threshold.

3. Feature Extraction: Device characteristics are extracted from the electrical
signals using techniques like the Fourier Transform. These features provide
a numerical representation of each load, usually formatted as vectors whose

dimensions depend on the number of extracted attributes.
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Figure 1.3: Methodology for NILM projects.

4. Load Identification: This step applies supervised or unsupervised learning
algorithms to the extracted features to classify and identify which appliance

corresponds to each detected signal.



Chapter 2
Theoretical Principles

The development of an automatic and self-adaptive NILM system relies on a solid
theoretical foundation that integrates concepts from electrical engineering, signal
processing, machine learning, and IoT. This chapter presents the essential principles
underlying the proposed system, beginning with the fundamentals of load monitoring
and the classification of steady-state and transient features in electrical signals. The
analysis of electrical parameters at both high- and low-frequency sampling rates is
then introduced, covering raw current signals, V-I trajectories, harmonic components,
and power-related quantities such as active, reactive, and apparent power. Artificial
intelligence techniques are also reviewed, with an emphasis on machine learning and
deep learning models commonly applied in NILM research, together with clustering
methods, convolutional architectures, and recurrent network models. The chapter
concludes by examining the role of IoT in enabling data acquisition, processing, and
communication through layered architectures, thereby establishing the theoretical basis

for the design and implementation of the proposed NILM system.

2.1 Load Monitoring Concept

Load monitoring is the process that involves the acquisition and identification of load
measurements within a power system. Collecting load measurements can provide
insights into energy usage and the operational status of appliances, enhancing the
understanding of how individual loads contribute to the overall energy consumption
within the system [9]. The purpose of load monitoring is to enable energy conservation
by adopting efficiency-oriented strategies, such as employing energy-efficient devices,
optimizing appliance usage timing, and reducing unnecessary power consumption

activities [65]. Without a proper monitoring system, it can be difficult to determine
22
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the operational status of appliances. The load monitoring systems can be divided into

intrusive and non-intrusive.

2.1.1 Intrusive Load Monitoring

This approach is about installing measuring devices at each specific load of interest,
that is why it receives the term intrusive. For instance, if 'n’ appliances within a
particular area of the power grid will be monitored, then 'n’ meters will be required.
This extensive instrumentation makes ILM relatively expensive, complex to install, and
challenging to maintain. However, it offers the advantage of providing highly accurate
measurements (depending on the quality of the meters) and nearly instantaneous load
identification [60].

The type of ILM implementation depends on how many appliances share one
set of sensors. A. Ridi et al. [66] divided the ILM into three categories: the sub-
metering system, where a zone of appliances has one meter; the smart plug-in, where
a plug connects several appliances to one meter; and the smart appliances, where each
appliance has its own meter or a built-in meter.

A. Ridi et al. also proposed that the ILM framework comprises three steps:

1. Single Appliance Detection: Involves utilizing sensor technology, such as
smart plugs, to identify when appliances are switched on or off and to determine

their specific locations.

2. Middleware Phase: This phase involves software that interprets appliance

statuses derived from the detection process.

3. Appliance Status Phase: This final stage of the ILM provides real-time

appliance statuses, facilitating intervention, control, and monitoring.

2.1.2 Non-intrusive Load Monitoring

As mentioned before, intrusive load monitoring involves the use of additional hardware
to track the usage of appliances. While this approach is accurate, it faces challenges
with user acceptance due to the substantial capital investment required and the need
for individual installations per appliance within the ILM system [60]. To address the
previous challenges, NILM emerged. Also known as energy or load disaggregation, this
technique aims to distinguish the operational status (ON/OFF) and the exact power

usage of individual electrical loads. It achieves this by considering as input only the
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aggregated consumption of these loads. A graphical representation of NILM can be

seen in Figure 2.1.

2.1.3 Real-time Requirements in NILM Systems

A real-time system is characterized not only by the logical correctness of its
computations, but also by the temporal constraints under which those computations
are delivered. In other words, the system behavior depends both on the result and on
the time instant at which the result is produced. Such a system is always embedded
in a larger real-time environment that evolves with physical time, and it must react to
external stimuli within deadlines dictated by that environment [67].

In the context of NILM applied to residential environments, real-time processing
ensures that the smart meter can acquire electrical signals, process them, and detect
appliance-level events in a timely manner. The usefulness of this analysis is directly
linked to whether results (e.g., appliance state transitions) are available when they are
needed by the user or the home energy management system.

The instant by which a computation must be completed is called a deadline.
Depending on the criticality of missing a deadline, real-time systems are categorized as

follows:

e Hard real-time systems: Missing a deadline leads to unacceptable
consequences. Although most residential NILM applications do not fall into
this category, there are specific cases where strict timing may be required. For
example, a NILM system integrated with a home battery management unit or

with an automatic load-shedding mechanism must identify high-power appliance

sssss

Figure 2.1: Representation of a NILM system.
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activations within milliseconds to immediately prevent overload or protect the

installation.

o Soft real-time systems: Deadlines are important but not absolutely critical.
This is the most common category for residential NILM. For example, if a
system reports that the washing machine has started a few seconds late, the
only impact is a minor reduction in responsiveness for applications such as energy
dashboards, demand-response participation, or home automation routines. No

safety or functional failure occurs.

e On-line real-time systems: These systems tolerate more relaxed deadlines, and
results remain useful even when delivered with some delay. An example in a home
environment is the aggregation of appliance-level consumption data for daily or
weekly reports. Here, delays of several seconds or even minutes are acceptable,
since the focus is on trend analysis and long-term feedback rather than immediate

action.

This classification highlights that residential NILM typically operates under soft
or on-line real-time requirements, but in some cases, especially when integrated with
protective or automation mechanisms, it may approach hard real-time constraints.
Designing NILM for residential IoT environments thus requires balancing latency,
accuracy, and computational resources to meet the appropriate category of real-time

demand.

2.2 Analysis of Electrical Parameters in NILM

A fundamental part of non-intrusive load monitoring systems are the electrical
parameters to be used to feed event detection and load classification algorithms.
Load signature is the specific pattern an appliance produces when it is in working
mode. Every electrical appliance has its unique characteristics that define its electrical
behavior [47]. Despite various suggestions in literature regarding the features to be
employed, researchers have yet to agree on a standard set of electrical parameters that
can guarantee high accuracy in the NILM process [60].

The electrical parameters that can describe a load can be divided into steady state

or transient features.
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2.2.1 Steady State Features

Steady state features are obtained from appliances when they operate in a consistent
state. In the context of NILM studies, these features can often be captured using
smart meter data with low sampling rates. The electrical measurement most frequently
utilized for this purpose is the active power and its temporal fluctuations. The
most commonly employed electrical measurement for this purpose is the active
power and its temporal variations. Appliances with purely resistive loads, lacking
capacitive or inductive elements, can be recognized by utilizing active power as a
sole feature. However, relying solely on active power for load classification can result
in misidentification due to the possibility of multiple loads overlapping each other.
Nowadays, the majority of residential and industrial loads work with phase shifts
between current and voltage signals. This indicates that they either generate or consume
reactive power. Therefore, incorporating reactive power as a feature has been shown to
enhance the predictive accuracy of models [68].

In steady state, power is not the only feature that can be analyzed. For example,
[69] highlighted the use of Voltage-Current (V-I) trajectories in steady state conditions.
The parameters they focused on were area, slope, curvature, asymmetry, overshoot and
trajectory centroid.

Up to now the features mentioned earlier are extracted in the time domain. However,
some studies also use signal transformation from the time domain to the frequency
domain for extracting steady state characteristics. One example is the application of
Fourier analysis to detect steady-state current harmonics.

One widely used approach for examining high frequency signals is to transform them
into either the frequency or wavelet domain. Short-Time Fourier transform (STFT) and
fast Fourier transform (FFT) are commonly employed techniques to extract current

harmonics. This can be helpful in identifying transient load signatures.

2.2.2 Transient State Features

The transient state refers to the period of time when an electrical load is changing from
one steady state to another. During this time, the electrical parameters of the system,
such as voltage and current, are changing from their initial values to their final values.

Transient state characteristics are obtained by capturing data with a high sampling
rate that enables identification of the appliances’ transient signatures during operation,
as illustrated in Figure 2.2. Simultaneously operating appliances can be a challenge

when utilizing steady state electrical parameters in algorithms. However, transient
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Figure 2.2: Example of transient state and steady state.

features offer a solution as they provide unique information for each appliance and
tend to exhibit less overlapping in transient signatures. Not everything is a positive
characteristic of transient state features. Although capturing data at high sampling
rates can reveal transient features, it may also cause difficulties as some hardware
equipment may not be able to process signals at such rates. Additionally, data storage
and computational issues may arise from the large volume of data required for training
AT models.

2.2.3 Sampling Rate

When working with non-intrusive load monitoring, it is important to understand the
terminology used and its relationship to the data being analyzed. In electric meters,
voltage and current signals are sampled internally at frequencies that exceed the base
frequency of the AC supply. The meter may output the raw data or provide averaged
values such as RMS voltage and current, active, reactive and apparent power, or total
harmonic distortion (THD) at lower frequencies [70]. In the NILM literature, the
following key terms are commonly used to describe the sampling characteristics of the
data:

o Low-frequency methods: These refer to approaches that analyze features or
measurements derived from data sampled at rates lower than twice the AC base
frequency signal, or at rates comparable to it (e.g., 1-120 Hz). These typically

include statistical values such as RMS or power readings.

o High-frequency methods: These refer to techniques that utilize raw voltage
and current signals sampled at much higher rates (e.g., several kHz), capturing
transient events and waveform details that can be useful for identifying individual

appliances.
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2.2.4 Classification of Loads

Appliances can be classified into different categories based on how they function over

time, including:

o ON/OFTF state: These appliances are characterized by having only two possible
operational states. Examples of such appliances include lamps, toasters, boilers,

and other resistive loads.

« Finite State Machines (FSM): Devices in this category have a finite number of
operating states. For example, washing machines, stove burners, or dishwashers.
These appliances typically exhibit a repeating pattern or alterations in their
operational states, which can cause difficulties when algorithms try to identify
them.

« Continuously Variable Devices (CVD): These appliances exhibit a range
of power consumption levels, rather than a fixed number of operating states.
Examples of CVD appliances include dimmers lights or electric stovetops with
variable temperature settings. Because CVD appliances do not have a set number

of operating states, they can be difficult to classify.

o Permanent consumer devices (PCD): Devices that are constantly plugged in
and connected to a power source, such as wall outlets or power strips. Examples
of PCDs include refrigerators, televisions, computers, and home entertainment
systems. These devices typically consume energy even when they are not actively

in use, such as when they are in standby mode or have a "sleep" function.

According to [71] appliances can also be classified depending on their load nature, for

example:

* Resistive Loads: These appliances use resistive heating elements to convert
electrical energy into heat or light. They have a simple design consisting of a
heating element made of a resistive material, usually a wire, which heats up when
an electric current passes through it. Incandescent light bulbs, toasters, electric

heaters, or electric stoves are examples of resistive loads.

e Reactive predominant loads: These devices use inductive or capacitive loads
to operate, which means that the current flowing through them lags or leads the
voltage. This can cause an increase in reactive power and result in higher energy

consumption, as well as potential issues with voltage stability and power quality.
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Examples of reactive loads include freezers, washing machines, electric motors, or

fluorescent lamps.

« Loads with power factor correction circuit (PFC): The IEC Standard
61000-3-2 limits harmonic current level for all the loads with power above 75
Watts. So appliances that have a PFC circuit are designed to correct the power
factor by reducing the amount of reactive power that the appliance draws from
the electrical system. Personal computers over 75 W, projectors, LCD TVs, LED
TVs (working in the “high quality mode”), Plasma TVs, home theaters and game

consoles, all belong to this category.

e Loads with no power factor correction circuit: Electronic loads in this
category do not utilize power factor correction techniques. Among them are cell
phone chargers, portable DVD players, adapters for portable printers, scanners,

and many others.

o Linear loads: This category of appliances comprises low-power devices that
utilize linear DC power supplies with a small transformer at the front-end.
Examples of representative loads in this category include battery chargers, paper

punchers, and staplers.

« Phase angle controlled loads: These are devices that use thyristors to control

their power. For example, light dimmers.

e Complex structure: This family of appliances typically has high power
requirements and incorporates multiple electrical subsystems. Examples include

microwave ovens and laser printers.

2.3 Electrical Parameters at High Frequency
Sampling Rate

As mentioned above, electrical parameters at high frequency sampling rate means
working with raw voltage and current signals. In this case, meters provide data points
at much higher rates than the fundamental frequency. By doing so, algorithms capture
more detailed and precise information about the electrical waveforms, enabling a finer-
grained analysis of the behavior and characteristics of individual loads within the power

system.
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2.3.1 Raw Current Signal

The instantaneous current (i) represents the flow of electric charge through a circuit
and carries valuable insights about the appliances connected to that circuit. You can
see a waveform of alternating current (AC) in Figure 2.3.

Appliances generate unique electrical signatures due to their internal components.
These signatures are reflected in the current they draw from the power supply.
The switching operations within devices produce rapid changes in the current flow,
manifesting as high-frequency components in the current signal. For instance, electronic
devices like computers or T'Vs often exhibit abrupt variations in current consumption
as they power ON/OFF, or switch between different modes. These transitions create
distinctive patterns in the current signal.

In terms of parameters used for feeding classification algorithms, the current signal
falls within the high-frequency category. To capture the high-frequency characteristics
inherent in the current signal, the sampling frequency must be set significantly higher
than the highest expected frequency within the signal. This elevated sampling frequency
guarantees the faithful capture of rapid changes in the current, such as fast transients or
appliance switching operations. However, it’s important to note that working directly

with this type of data demands a high computational cost [64].

2.3.2 V-I Trajectories

V-I trajectories are defined as mutual locus of instantaneous voltage and current
waveforms [69]. Lam et al. in [72] were the first to propose an analysis technique
involving the two-dimensional diagram generated from a single cycle of voltage
(horizontal axis) and current (vertical axis) during the steady state of a load. Their

observations revealed significant differences in V-I trajectories among various types

-+

Time

Amperes

Figure 2.3: Example of raw current waveform.
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Figure 2.4: V-I trajectories of four loads from the COOL dataset: (a) Drill at full speed (750
W), (b) LED lamp (1.6 W), (c) Drill at half speed (750 W), and (d) Halogen lamp (105 W).

of appliances (loads). For instance, Figure 2.4 illustrates the V-I trajectories of four
representative loads from the public COOL dataset, a drill operating at full speed (750
W), a LED lamp (1.6 W), the same drill at half speed (750 W), and a halogen lamp
(105 W).

Also, some other features related to the shape of the graph can be extracted from
V-I trajectories. This information can be used to differentiate one load from others.
Lam and his colleagues proposed some shape features associated with the physical

characteristics of a load, such as:

o« Asymmetry: When a load exhibits varying shapes and peak currents in positive

and negative cycles, it manifests as an asymmetrical V-I trajectory.

e Area: This characteristic is directly linked to the phase difference between

current and voltage.

e Curvature of Mean Line: Similar to harmonic distortion, the deviation of the

mean line signifies the load’s non-linearity.

o Area of Left and Right Segments: This feature relates to the time gap

between peaks in current and voltage waveforms.

o Peak of Middle Segment: Loads with low power consumption typically show

a notable peak in the middle segment.



2.3 Electrical Parameters at High Frequency Sampling Rate 32

i(t), - 100Hz fundamental
i ~
4 - N freq. signal
N
I’ \
’ \ Distorted signal
3 , \ /
.
/’ N
\
2 / sth
/ 3rd Harmonic signal
’ harmo\‘lc
’
signal
1] " g \
el - . A
RN F 2 ) ‘. S Nt
T < T ”
N N7 & \xf-' ~ . \,Jll
-1 \ '
“ 7th /
\ harmonic /
22 \\ signal ,l
\ /
\ i
-3 \ ’
’
\
’
N
\ 4
-4 S Pid

Figure 2.5: Harmonic components of a current waveform.

e Looping Direction: This feature correlates with the phase angle between
voltage and current. A positive phase angle denotes a clockwise trajectory, while

a negative angle indicates the opposite direction.

o Slope of Middle Segment: Useful for distinguishing power electronic loads

from others, as power electronics typically exhibit a flat middle segment.

o Self-intersection: Proportional to the load’s harmonic order, this feature

accentuates when the load is significantly nonlinear.

2.3.3 Harmonic Components

In electrical power systems, harmonics refer to sinusoidal voltages or currents that have
frequencies that are integer multiples of the fundamental frequency (typically 50 or 60
Hz). Harmonics serve as a mathematical description of distortion within voltage or
current waveforms, example in Figure 2.5. The term harmonic refers to a component
of a waveform that occurs at an integer multiple of the fundamental frequency.
Harmonics are primarily generated by nonlinear loads, such as power electronics,
variable frequency drives, rectifiers, and arc furnaces. These devices draw non-
sinusoidal currents from the power system, distorting the current signal and introducing
harmonics. Current distortion increases losses in cables and other power system

components, while voltage distortion impacts the performance of sensitive equipment.
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2.3.3.1 Fourier Analysis

The analysis of harmonics is the process of calculating the magnitudes and phases of
the fundamental and high order harmonics of the periodic waveforms. The Fourier’s
theorem states that every non-sinusoidal periodic wave can be decomposed as the sum
of sine waves through the application of the Fourier series. This series establishes a
relation between a function in the domain of time and a function in the domain of

frequency. The equation for the Fourier series can be written as

o
50 Z ancos(nwt) + bysin(nwt)), (2.1)
where f(t) is the periodic function representing the waveform, aq is the DC component,
a, and b, are the Fourier coefficients, and w is the angular frequency. When a signal is
decomposed into its constituent sinusoidal components via a Fourier series or transform,
the coefficients correspond to the amplitude (magnitude) and phase of each harmonic

frequency present in the signal.

2.4 Electrical Parameters at Low-Frequency
Sampling Rate

As discussed in Section 2.2.3, in NILM, low-frequency electrical parameters generally
refer to data sampled at rates below or comparable to twice the AC base frequency,
typically in the range of 1-120 Hz. While these rates are insufficient to fully reconstruct
the raw AC waveform, they are adequate for capturing overall trends and energy usage
patterns. Importantly, although such parameters are derived from the raw current
and voltage signals, the complete waveform itself is not required as input for NILM
algorithms. These variables can include RMS voltage and current, active and reactive
power, apparent power, power factor, fundamental RMS voltage and current, and
others. This subsection will elaborate on these parameters to provide a comprehensive

understanding of how they contribute to describing the unique behavior of various loads.

2.4.1 Power

Power refers to the rate at which energy is transferred, converted, or dissipated. It’s
essentially the amount of work done per unit of time. In electrical terms, power is

measured in watts (W) and represents the amount of energy consumed or produced
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per second. Actually, 1 watt is equivalent to 1 joule per second (J/s). This concept
helps understand how fast energy is used or transmitted in electrical systems. Every
day, people come into contact with this electrical parameter, often without realizing
it. For example, consider two coffee makers: one rated at 800 watts and another at
1200 watts. The 1200 watts coffee maker produces hotter coffee due to its higher power
input compared to the 800 watts model. If one household uses an 800 watts coffee
maker while another uses a 1200 watts coffee maker, both brewing the same amount of
coffee, the household with the 1200 watts coffee maker will produce hotter coffee due to
its higher power consumption. Consequently, it will consume more electricity and may
result in a slightly higher energy bill compared to the household using the 800 watts

coffee maker.

2.4.2 Instantaneous Power

Instantaneous power is defined as the product of the instantaneous voltage supplied to

a device and the instantaneous current flowing through it [73]. It is expressed as

p(t) = v(t)i(t). (2.2)

In a general scenario where a sinusoidal source provides energy to an arbitrary

combination of circuits, the voltage and current are described by Eqs. (2.3) and (2.4):

v(t) =V, cos(wt + 6,), (2.3)
i(t) = I, cos(wt + ;). (2.4)

Here, V,, and I,, represent the peak values of the signals, while #, and 6; denote
the phase angles of voltage and current, respectively. Substituting Eqs. (2.3) and (2.4)
into Eq. (2.2) yields the following expression for instantaneous power:

p(t) = 5VinIm cos(8y — 6;) + 5Vin Lo cos(2wt + 6, + 6;). (2.5)

— 2

2.4.3 Active Power

Measuring instantaneous power precisely at a given moment is difficult. However,
active power, obtained by averaging instantaneous power over a period, is more easily

measured. It is defined as
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p= ;/OTp(t) dt, (2.6)

where p(t) denotes the instantaneous power [74]. By substituting Eq. (2.5) into

Eq. (2.6), the expression for active power becomes

1 /T 1 /T
P=_ / %VmIm cos(f, — 0;) dt + — / %lem cos(2wt + 6, + 6;) dt,
T Jo T Jo

1 /T 1 /T
P = 5Vl cos(f, — 9@')?/ dt + %Vm[mf/ cos(2wt + 0, + 0;) dt. (2.7)
0 0

The first integral results in a constant, while the second corresponds to a sinusoidal
signal. Since the average value of a sinusoid over one period is zero, the second term in
Eq. (2.7) vanishes, yielding

P = IV, I, cos(0, — 6;). (2.8)

In summary, instantaneous power p(t) varies with time, whereas active power P

depends on the product of the voltage and current peak values, scaled by the cosine of

their phase angle difference [75].

2.4.4 RMS Voltage and Current

To continue with the power definitions, it is necessary to introduce the concept of the
effective value, applicable to both voltage and current signals.

The effective value represents the constant magnitude of an alternating current or
voltage that produces the same active power dissipation in a resistor as an equivalent
direct current or voltage. For instance, consider an alternating current i(¢) flowing
through a resistor. The instantaneous power dissipated can be obtained from Eq. (2.2),
and its average over a full period corresponds to the active power. If instead a direct
current (DC) is applied to the same resistor and adjusted until it dissipates the same
amount of active power, the resulting DC magnitude equals the effective value of the
original AC current.

The effective values of voltage and current are given by

T
Vims = 1/ 4 /0 V(1) dt, (2.9)
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T
Lms = 4] % /0 2(1) dt. (2.10)

From Egs. (2.9) and (2.10), it is clear that the effective values correspond to the
root-mean-square of the voltage and current signals, which is why they are commonly
referred to as RMS voltage and RMS current.

In practice, alternating voltage and current are usually expressed in RMS form,
particularly in power analysis. For example, the active power obtained in Eq. (2.8) can

also be expressed in terms of RMS quantities as
P = Vypslims cos(0, — 6;). (2.11)

2.4.5 Apparent Power

By examining the active power in terms of effective values, as shown in Eq. (2.11),
two additional quantities can be derived: the apparent power (S) and the power factor

(pF). The apparent power is expressed as

S = ‘/’/‘mslrmsy (212>

where S is defined as the product of the RMS voltage and the RMS current. It is
referred to as *apparent™ because, by analogy with resistive DC circuits, power seems
to be obtained directly from the multiplication of voltage and current. To distinguish
it from active power, the units of apparent power are expressed in volt-amperes (VA)
rather than watts.

Another parameter derived from active power is the power factor (pF), given by

pF = ]; = cos(6, — 0,). (2.13)

The power factor corresponds to the cosine of the phase difference between voltage
and current, which is equivalent to the cosine of the load impedance angle. Its value
depends on the nature of the load: for a purely resistive load, voltage and current are
in phase, resulting in a power factor of one. Conversely, for a purely reactive load, the

phase difference is 90°, and the power factor becomes zero [76].

2.4.6 Reactive and Complex power

To understand reactive power, it is first necessary to introduce the concept of complex

power (S), defined as the product of the RMS voltage phasor and the conjugate of the
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RMS current phasor. As with any complex quantity, complex power has a real part

and an imaginary part:

S = ‘/rms]rmsl(gv - 02)
= VimsLrms €080y — 0;) + 7Vims Loms sin(6, — 6;). (2.14)

The real part corresponds to the active power,
P = V,mslrms cos(0, — 6;), (2.15)
while the imaginary part defines the reactive power,
Q = Vimslrmssin(0, — 6;). (2.16)
Therefore, complex power can also be expressed as
S=P+j0Q. (2.17)

Active power P represents the average power delivered to the load and is the only
component dissipated usefully. Reactive power (), on the other hand, quantifies the
exchange of energy between the source and the reactive elements of the load. Its unit
is the volt-ampere reactive (VAR) [73].

2.4.7 The Power Triangle

To simplify the representation of complex power, the power triangle was developed as
a graphical and straightforward method to illustrate the relationship between all power
components. It requires only two out of the three parameters to determine the missing
value using trigonometric properties, Figure 2.6.

Power analysis reveals that when the reactive power is zero, the loads are purely
resistive with a unity power factor. A reactive power less than zero indicates primarily
capacitive loads, exhibiting a leading power factor. Conversely, a positive reactive power

implies predominantly inductive loads causing a lagging power factor [75].
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Figure 2.7: Relationship between artificial intelligence, machine learning and deep learning.

2.5 Artificial Intelligence, Machine Learning and

Deep Learning

Artificial Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) are terms
often used interchangeably, but they represent a distinct area within the broader field
of advanced computing. Understanding the relationships and boundaries between these
concepts is essential for grasping the scope and capabilities of each. The Euler diagram

in Figure 2.7 illustrates how these fields overlap and interact.

2.5.1 Artificial intelligence

There is no single, universally accepted definition for Artificial Intelligence; however, the
Oxford English Dictionary defines Al as “the capacity of computers, or other machines,
to exhibit intelligent behavior.” This implies that Al systems can seem to think, learn,

and act like humans and, in some cases, exceed human capabilities. Such systems are
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able to analyze vast amounts of data, solve complex problems, make decisions, and
perform creative tasks [77].

Given this definition, the following question arises: can a machine truly think? To
explore this, Alan Turing proposed the Turing Test in 1950. A computer passes this test
if, after a series of written questions, a human interrogator cannot determine whether
the responses are from a human or a machine. Achieving this level of performance

requires the computer to possess the following capabilities:
« natural language processing to communicate successfully in a human language;
o knowledge representation to store what it knows or hears;
o automated reasoning to answer questions and to draw new conclusions;

e machine learning to adapt to new circumstances and to detect and extrapolate

patterns.

Developing these capabilities poses substantial technical and philosophical challenges,
pushing the boundaries of computational design and ethical considerations. For
instance, natural language processing must handle the subtleties and ambiguities of
human language, while knowledge representation demands methods to capture and
structure vast and varied information. The Turing Test, though influential, also raises
ongoing debate about whether "thinking" can be accurately measured through behavior

alone, without understanding the underlying processes [78]

2.5.2 Machine Learning

Machine learning is a branch of Al originally defined in the 1950s by Al pioneer Arthur
Samuel as “the field of study that gives computers the ability to learn without explicitly
being programmed”. Machine learning shifts from traditional programming methods
by allowing computers to develop their own solutions based on patterns they detect in
data. In traditional programming, instructions are carefully set to dictate every step a
computer must follow. This approach, however, is often impractical for complex tasks
such as recognizing faces in images. Although these tasks are simple for humans, it
is very challenging to define them as a set of rules. Machine learning overcomes this
by allowing computers to "learn" from data, adapting their responses based on the
examples they are given [79].

The ML process begins with data such as text, images, time series from sensors,

or sales records prepared as training data. This information allows a ML model to
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Figure 2.8: Categories of machine learning.

learn by example, with performance improving as more relevant data is provided. The
selected model, trained on this data, identifies patterns or makes predictions based on
these inputs. By holding back a portion of the data as evaluation data, the model’s
accuracy can be tested on new, unseen examples, ensuring it generalizes well to real-
world scenarios [80].

Machine learning can be further divided into three main types: supervised,
unsupervised, and reinforcement learning, Figure 2.8. Each type approaches learning

in a unique way, suited to different kinds of tasks.

o Supervised learning: models are trained using labeled datasets, meaning that each
piece of data is paired with the correct answer. This helps the model recognize
and generalize from examples. For instance, a model could be trained on labeled
images of dogs and other objects, allowing it to learn the features that define a
dog, so it can later identify similar images on its own. Supervised learning is

currently the most widely used approach in the field.

o Unsupervised learning: it works without labeled data. Instead, the model tries
to uncover patterns or groupings on its own, revealing insights that may not
be immediately obvious. For example, by analyzing sales data, an unsupervised
learning model could identify different types of customer behaviors or preferences,

even if these groupings weren’t pre-defined.

o Reinforcement learning: the model learns through a system of rewards and

penalties, encouraging it to make optimal choices through trial and error. This
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type of learning is often used in applications like game playing or training
autonomous vehicles. By rewarding correct actions, the model gradually learns

strategies that maximize the desired outcomes.

2.5.3 Deep Learning

Within the field of machine learning, various models are tailored to suit specific types
of tasks. One of the most prominent models is the Artificial Neural Networks (ANNs),
which is designed to mimic the way neurons in the human brain operate. ANNs
are particularly powerful for complex tasks like image and speech recognition, where
traditional algorithms often struggle. For an in-depth look at how ANNs function and
their unique advantages, see section 2.6.2.

Based on the concept of ANNs, deep learning is a specialized area of ML that
leverages complex, multi-layered neural networks. In deep learning, models are
composed of multiple layers between the input and output layers, allowing them to
process and extract higher-level features from vast amounts of data. This depth enables
deep learning models to excel in tasks that involve intricate patterns, such as natural
language processing, image recognition, and autonomous driving [81]. The overall flow
of this process is illustrated in Figure 2.9.

By stacking layers, each one captures progressively more abstract representations
of the data, deep learning models can achieve impressive accuracy and flexibility in
handling complex tasks. The field of deep learning has seen significant advancements
due to increased computational power and large datasets, enabling breakthroughs across

industries where nuanced data patterns are essential [82].

ot Car
- O - Not Car
O O

Input Feature Extraction + Classification Output
Figure 2.9: Example of deep learning flow.
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2.6 Overview of Machine Learning and Neural
Network Models

2.6.1 K-Means Clustering

K-means is an unsupervised machine learning algorithm used for clustering. Its goal is
to partition a set of data points into k distinct clusters, where each data point belongs
to the cluster with the nearest mean, serving as a prototype of the cluster.

The algorithm is particularly useful in exploratory data analysis, image
segmentation, and pattern recognition. The image provided in Figure 2.10 illustrates
the effect of the K-means algorithm, showing the distribution of data points before and
after clustering [83].

This technique works as follows:

1. Initialization: the first step in applying the K-means algorithm is to define the
number of clusters, k. This parameter specifies the number of groups into which
the data will be divided.

2. Random Centroids: centroids act as the initial representative points for each
cluster. Random initialization helps to break symmetry and allows the algorithm

to explore various configurations before converging on a solution.

3. Distances Calculation: for each data point x;, the distance to each centroid p;
(wherej = 1,2,...,k) has to be calculated. In K-means, the most commonly

used distance metric is the Euclidean distance, defined as follows:

M
d(l’i, ,U]) = Z (l’@m — ,u]'7m)2, (218)
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Figure 2.10: Demonstration of K-means application.
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where M represents the number of dimensions of each data point.

4. Assignation of data points to clusters: Each data point x; is assigned to the cluster
whose centroid is closest, thereby forming k clusters. Formally, this is achieved

by selecting the cluster j that minimizes the distance:

Cluster(z;) = argmin d(x;, i) (2.19)
j

5. Centroids update: after the initial assignment of points to clusters, the centroids
are recalculated. For each cluster C;, the new centroid p; is computed as the

mean of all data points within that cluster:
1
J .’L’ECj

where | C; | denotes the number of data points in cluster j, and z € C; indicates

that = belongs to cluster j.

6. Loop: Steps 3 to 5 are repeated iteratively until convergence. Convergence is
typically reached when the centroids stabilize, meaning there is no significant
change in their positions, or when the assignment of data points to clusters

remains unchanged.

The K-means algorithm optimizes the clustering by minimizing the within-cluster sum

of squares, also known as inertia J. The objective function is given by:

J=3 % e (2.21)

j=1 .Z’iECj

2.6.2 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by the structure
and functioning of the human brain. They consist of interconnected nodes, or neurons,
organized in layers that process and transform input data to produce a desired output.
ANNSs are foundational to modern machine learning and have demonstrated exceptional
capabilities in tasks such as image recognition, natural language processing, and
complex data analysis. By adjusting the connections between neurons, ANNs learn
patterns within the data, allowing them to generalize beyond the training samples and

make accurate predictions on new data [82].
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Figure 2.11: Perceptron structure.

2.6.2.1 The Perceptron: Input-Output Structure

The perceptron is the simplest form of a neural network model and serves as a building
block for more complex networks. A perceptron, which can be seen in Figure 2.11,
consists of a single neuron that receives multiple input values, applies a weight to
each input, sums the weighted inputs, and passes this sum through an activation
function to produce an output [84]. For a perceptron with n inputs xy, z9, x3, ..., T,

and corresponding weights wq, ws, ws, ..., w, the output the output y is computed as:

y=1r (Z w;T; + b) ) (2.22)
i=1
where w; are the weights associated with each input z;, b a bias term, and f is the
activation function. The role of the bias b is to shift the activation function, allowing
the perceptron to model patterns that do not pass through the origin. When multiple

perceptrons are connected in layers, they form the basis of an artificial neural network.

2.6.2.2 ANN Structure and Layers

An ANN typically comprises multiple layers of neurons: an input layer, one or more
hidden layers, and an output layer, Figure 2.12. This layered structure enables the

network to capture complex, hierarchical patterns in the data.

o Input Layer: the input layer is responsible for receiving raw data. Each neuron in
this layer corresponds to a feature in the input data, and no computation occurs

at this stage.

o Hidden Layers: hidden layers sit between the input and output layers and perform
the actual processing of information. Each neuron in a hidden layer receives inputs

from the neurons in the preceding layer, applies weights, and produces an output
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Figure 2.12: Artificial Neural Network basic architecture.

through an activation function. The number and size of hidden layers determine

the capacity of the network to learn complex patterns.

o Output Layer: the output layer produces the final predictions of the network.
The structure of the output layer depends on the type of task: for classification,
the output layer often has one neuron per class with a softmax activation, while

for regression tasks, a single linear output neuron may suffice.

If the output layer has n neurons, the equation representing the output of an ANN
with L layers must account for each output neuron separately. The output vector of
the network, represented as y = [y1,¥2, - .., yn] where each y; is the output of the jy,

neuron in the output layer, can be expressed as follows:
Yy = fL (WL . fol (WL,1 e f1 (W1 - X + bl) + b[ﬁl) —+ bL> s (223)

W; and b; are the weight matrix and bias vector for layer 4, f; is the activation function
applied element-wise in layer 7, x is the input vector, and y the output vector with n

components, each corresponding to an output neuron.

2.6.2.3 Activation Functions

The activation function f introduces non-linearity into the network, enabling it to
model complex relationships within the data. Without non-linear activation functions,
a neural network would behave as a linear model, regardless of the number of
layers. Common activation functions include the Sigmoid, Hyperbolic Tangent (tanh),
Rectified Linear Unit (ReLU), and Softmax [85].

o Sigmoid: This function compresses input values into the range (0, 1), making it

particularly suitable for use in the output layer of binary classification problems.
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The sigmoid activation function is defined as:

o(x) = : (2.24)

« Hyperbolic Tangent (tanh): The tanh function maps input values to the range
(—1,1), providing a zero-centered output that is often beneficial in hidden layers.

It is expressed as follows:

et —e "

tanh(m) = T
et e *

(2.25)

» Rectified Linear Unit (ReLU): As shown in the equation below, this function
outputs the input directly if it is positive; otherwise, it returns zero. ReL.U is

computationally efficient and alleviates the vanishing gradient problem.

ReLU(x) = max(0, ) (2.26)

e Softmax: This function is commonly used in the output layer for multi-class
classification tasks. It converts a vector of raw scores (logits) into a probability
distribution over predicted output classes, with the probabilities summing to 1.
Each value represents the likelihood of the input belonging to a particular class.
The Softmax function for a vector z of length K is defined as:

e*

2.6.2.4 Backpropagation

Backpropagation is a learning algorithm used to adjust the weights and biases in an
ANN to minimize the error between the predicted and actual outputs. It consists of

two phases:

o Forward Pass: The network performs a forward pass to compute the predicted

output based on the current weights and biases.

o Backward Pass: Using the error between the predicted output and the true output,
the network computes the gradient of the loss function with respect to each weight.
This phase applies the chain rule of calculus to propagate the error backwards

through the network.

The objective of backpropagation is to minimize a loss function L, commonly the Mean

Squared Error (MSE) for regression or Cross-Entropy for classification. To minimize
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Figure 2.13: Convolutional Neural Network basic architecture.

the loss function, the gradient descent algorithm is typically employed. This iterative
optimization method updates the weights w of the model based on the computed

gradients of the loss function with respect to those weights. The update rule is given

by:
oL
Wij — ﬁaw' K
ij

where w;; is the weight connecting neuron j in one layer to neuron ¢ in the following
. . . . . 9L -
layer, n is the learning rate, controlling the size of the weight updates, and Bu; 18 the

partial derivative of the loss function with respect to wj;.

2.6.3 1D Convolutional Neural Network

A 1D Convolutional Neural Network (1D CNN) is a specialized type of ANN that
is particularly effective for sequence data analysis. Each neuron processes a small
segment of the input data, applying filters over overlapping "windows" across the input
sequence. This structure allows the network to capture localized patterns, making it
well-suited for structured data such as time series, text sequences, and sensor readings.
Like other ANNs, 1D CNNs are trained using the backpropagation method, which
iteratively adjusts weights and biases to optimize the model’s feature detection within

sequential data.

2.6.3.1 Structure of a 1D CNN

A typical 1D CNN consists of a sequence of convolutional layers, followed by pooling
layers, and ends with fully connected layers (see Figure 2.13). Each layer has a specific

role in processing data and learning features.
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« Convolutional Layer: This layer applies a set of filters (or kernels) to the input
data to detect features in small segments. Each filter slides along the input data,

performing a convolution operation.

« Pooling Layer: Pooling layers downsample the data by summarizing information

within each segment. This reduces dimensionality and helps control overfitting.

o Flatten Layer: Transforms the multi-dimensional feature maps into a single one-

dimensional vector, making the data suitable for the fully connected layers.

o Fully Connected Layer: Once the convolutional and pooling layers have extracted
features, fully connected layers process this feature map for classification or

regression tasks.

2.6.3.2 Convolution Operation

In a 1D CNN, the convolution operation detects patterns along a single dimension,
typically spatial or temporal, depending on the data type. For an input sequence
r = [x1, 2, ..., x,] with n elements, a filter w = [wq, ws, ..., wy] of length k (also called
the kernel size) slides over z, producing a feature map h, where each element h; in the

feature map is computed as:

k
hi=> wj- xij1+D, (2.29)
j=1
w; are the weights of the filter ;; ;1 represents the segment of the input over which
the filter is applied, b is a bias term added to the output.
The filter slides over the input sequence with a stride s, controlling how many steps
the filter moves at each position. The stride affects the output size, as a larger stride

results in fewer elements in the output feature map.

2.6.3.3 Padding

Padding is often used to control the size of the output feature map. There are two main

types:

« Valid Padding: No padding is applied, resulting in an output feature map that is

smaller than the input.

o Same Padding: Padding is added to the input sequence (usually with zeros) to

ensure the output feature map has the same length as the input.
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With padding p, the size of the output feature map h for an input of length n, filter

size k, and stride s is given by:

s+2p—k
s+2p—k

! 1. (2.30)

Outputsize =

2.6.3.4 Pooling Layers

Pooling layers reduce the dimensionality of the feature map by summarizing information

in each segment. For 1D CNNs, common pooling methods include:

o Max Pooling: Takes the maximum value in each segment, retaining the strongest

feature.

o Average Pooling: Takes the average value of each segment, providing a smoothed

representation.

For a pooling layer with a pooling size p and stride s, the pooling operation on feature
map h produces a downsampled output h/ where each element h; for max pooling is

calculated as:
h; = max(hi.s, hi.s+1, ceey hi~s+p—1) (231)

2.6.3.5 Fully Connected Layers

After the convolutional and pooling layers, the feature map has to be flattened into
a single vector and passed through one or more fully connected layers. Each neuron
in a fully connected layer has connections to every neuron in the previous layer. This
structure enables the network to learn complex mappings from the features extracted
by convolutional layers to the final output.

The output y of a fully connected layer with input x, weights W, and bias b is:

y=f(W-x+0). (2.32)

2.6.4 Recurrent Neural Networks

A Recurrent Neural Network (RNN) is a neural network architecture for sequential
data processing, such as time series or language. Unlike traditional feedforward neural
networks, RNNs have connections that loop back, enabling them to retain information
across time steps. This loop allows the network to maintain a "memory" of previous
inputs, which is essential for capturing temporal dependencies within a sequence. The

RNN architecture consists of three primary components: an input layer, which receives
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Figure 2.14: Recurrent Neural Networks basic architecture.

the sequential data; a hidden layer with recurrent connections that processes and
retains information from previous steps; and an output layer, which produces the final

predictions. Figure 2.14 provides an overview of this standard structure.

2.6.4.1 RNN input layer

At each time step ¢, an RNN receives an input vector z; from a sequence {zy, xs, ..., 21},
where T represents the total length of the sequence. The input vector x; could represent
various forms of data depending on the application. For example, in a natural language
processing task, x; might represent a word embedding for a word in a sentence, while in
a time series application, x; could be a scalar or vector containing features for a specific

timestamp.

2.6.4.2 Hidden State and Recurrent Connections

The hidden state is a central component of RNNs, providing memory that enables the
network to capture dependencies across time steps. At each time step ¢, the hidden
state h; is updated based on the current input z; and the hidden state from the previous

time step h;_1. This recurrence relation is typically represented as:
he = f(Wha - 2 + Wi - i1 + bp), (2.33)

where the hidden state vector h; at time ¢ represents the memory of the network. The
hidden state is updated by combining the input vector x;, connected to the hidden layer
via the weight matrix W}, and the previous hidden state h;_;, connected through the
recurrent weight matrix Wj,. Additionally, a bias vector by, is applied to the hidden
state. The non-linear activation function f, commonly chosen as tanh or ReLU, is then
applied to introduce non-linearity and stabilize gradients during training.

The recurrent nature of Wy, is what enables the RNN to maintain information

across the sequence, as each hidden state h; is influenced by both the current input and
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the accumulated knowledge from previous steps.

2.6.4.3 Output Layers

The output of an RNN at each time step can vary based on the task. In a standard
RNN, the output y; at each time step t is computed as:

Ye = g(Why - he + by), (2.34)

the output vector at time ¢, denoted by y;, represents the network’s prediction. This
output is generated by connecting the hidden state hy, to the output layer through
the weight matrix W}, and applying an output bias b,. The activation function for the
output, represented by g, is chosen based on the task requirements; it may be a softmax

function for classification tasks or a linear activation for regression tasks.

2.6.4.4 Unfolding Mechanism

The recurrent nature of RNNs can be visualized through an unfolding process, Figure
2.14, where the network is "unfolded" over time to reveal a chain structure of connected
layers, each corresponding to one time step in the sequence. When unfolded, the RNN
resembles a deep neural network where each layer represents a single time step t.

To compute the output sequence, the model iteratively applies the recurrence

relation:
1. Initialize the hidden state hg, typically to a vector of zeros or small random values.
2. For each time step t =1,..., 1"

(a) Compute the hidden state h; using Eq. 2.33
(b) Compute the output y; with Eq. 2.34.
Thus, the unfolding allows the RNN to propagate information forward through the

sequence while adjusting the hidden state at each time step based on the input and the

previous hidden state.

2.6.4.5 Backpropagation Through Time (BPTT)

Training RNNs requires a specialized form of backpropagation known as
Backpropagation Through Time (BPTT), which accounts for sequential dependencies

by backpropagating errors across time steps. During BPTT, the loss for each time
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step t is computed, and gradients are calculated with respect to each weight parameter
across all steps. The gradient is then used to adjust the weights W, Wiy, and Wh,,.
However, due to the recurrent nature of RNNs, BPTT can encounter vanishing or
exploding gradient problems, especially over long sequences. The vanishing gradient
issue occurs because repeated multiplication by small gradients causes gradients to
shrink exponentially, making it difficult for the model to learn long-term dependencies.
In contrast, the exploding gradient issue arises when gradients grow excessively, which

can destabilize training.

2.6.5 Long Short Term Memory networks

Long Short-Term Memory networks are an advanced form of RNNs that overcome
the limitations of standard RNNs in capturing long-term dependencies. The core
component of an LSTM is the memory cell, which is capable of retaining information
over extended sequences, enabling the network to handle long dependencies effectively.
The LSTM cell is shown in Figure 2.15, where each cell contains a series of gates
such as the input gate, forget gate, and output gate. These gates regulate the flow
of information, making it possible for the network to selectively retain or discard

information at each time step t.

2.6.5.1 Memory Cell and Cell State

At the heart of the LSTM is the cell state, represented by ct in the diagram. The cell

state flows horizontally across time steps and serves as the main avenue for information
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retention. Unlike the hidden state in a basic RNN, the cell state in an LSTM is designed
to preserve long-term information with minimal modifications, thanks to the gating

mechanisms that control its updates.

2.6.5.2 Forget Gate

The first gate, represented by the symbol (sigmoid activation function), is the forget
gate, which decides how much of the previous cell state ¢;_; should be retained. It
takes as inputs the previous hidden state h;_; and the current input x;, applies a set of
weights Wy, and outputs a value between 0 and 1 for each element in ¢;_;. If the forget
gate outputs a value close to 1, that part of the previous cell state is retained, whereas
a value close to 0 causes the network to forget it. This gating mechanism is crucial for

eliminating irrelevant information from earlier time steps and is computed as follows:
ft = O'(Wf . [ht,1,$t] -+ bf) (235)

2.6.5.3 Input Gate and Candidate Cell State

The input gate decides how much of the new information should be incorporated into
the cell state. The gate uses a sigmoid activation function to generate values between
0 and 1, acting as a filter that controls the flow of information. At the same time,
a candidate cell state ¢ is computed through a hyperbolic tangent (tanh) activation,
representing the potential new content that could be stored in the memory cell. The

interaction between these two components is described by the following equations:

it =0 (VI/Z . [ht,l,a}t] -+ bl) s (236)
515 = tanh (WC : [ht—la l’t] + bc) N (237)

where 7, is the input gate activation, ¢; is the candidate cell state. The updated cell
state ct is then computed by combining the previous cell state (scaled by the forget
gate) and the candidate cell state (scaled by the input gate):

Ct = ft “Cr_1 + it : 5,5. (238)

2.6.5.4 Output Gate and Hidden State

The output gate controls what portion of the cell state ct is sent to the hidden state

ht, which serves as both the output of the current cell and the input for the next time
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step. Like the other gates, the output gate takes h;_; and x; as inputs and applies a
sigmoid activation to determine which parts of ¢; will contribute to the next hidden
state. The hidden state is then calculated by applying a tanh activation to the cell
state and scaling it by the output gate:

Oy = O'(WO . [ht—h ZEt] + bo), (239)
hy = oy - tanh(cy). (2.40)

Each of the above stages ensures that the LSTM cell maintains relevant information
over long sequences, while also dynamically adapting to incoming data at each time
step. The interactions of these gates enable the LSTM to decide what to remember,
what to forget, and what to output based on the context, which makes it especially
useful for applications like language modeling and sequence prediction. The diagram
you provided visually represents these components and how they interact in each LSTM
cell, showcasing the flow of information through the gates and the update of both the
cell and hidden states.

2.6.6 FEvaluation Metrics

Evaluating the performance of a neural network, particularly in classification tasks,
requires more than just accuracy. Several metrics offer insights into the model’s behavior
in terms of false positives, false negatives, and overall balance between precision and

recall.

e Accuracy: Accuracy is the ratio of correctly predicted observations to the total
number of observations. It provides a general idea of how well the model is

performing.

TP +TN
TP+TN+ FP+ FN

Accuracy = (2.41)

e Precision: Precision measures the proportion of positive identifications that were

actually correct.
TP
Precision = ———— 2.42
recision = s (2.42)

e Recall: Also known as sensitivity or true positive rate, recall measures the

proportion of actual positives that were identified correctly.

TP
ReC&H = m (243)
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e F1l-score: The Fl-score is the harmonic mean of precision and recall, offering a

balance between the two.

Precision - Recall
F1- =2. 2.44
seore Precision + Recall ( )

« ROC Curve: The Receiver Operating Characteristic (ROC) curve is a graphical
plot used to assess the diagnostic ability of a binary classifier system as its
discrimination threshold is varied. It plots the True Positive Rate (Recall) against
the False Positive Rate (FPR), defined as:

FP
FPR = ——— 24
R FP+TN (2.45)

A model with perfect classification has an ROC curve that passes through the

top-left corner, indicating high true positive and low false positive rates.

These metrics are essential in domains where class imbalance exists or where the cost
of false positives and false negatives differs significantly. Their correct interpretation

enables the selection and tuning of models more effectively [86].

2.7 Internet of Things (10T)

The Internet has become a fundamental element in the current era of global digital
integration. In this technological context, a wide range of human activities can now
be interconnected through the network, giving rise to what is known as the Internet of
Things or IoT.

The IoT can be broadly defined as the interaction between the physical and digital
worlds, where the latter connects to the former through sensors and actuators [87].
A more formal definition describes IoT as a dynamic global network infrastructure
with self-configuring capabilities, based on interoperable communication protocols
and standards. In this context, both physical and virtual “things” possess unique
identities, physical characteristics, and virtual personalities. These entities operate
using intelligent interfaces and are seamlessly integrated into the information network
[88].

Based on this conceptualization, several key characteristics are generally shared

among systems developed under the IoT paradigm [89]:

e Dynamism and Self-adaptation: [oT devices and systems are capable of

dynamically adapting to changing conditions in their operational environment.
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They can respond autonomously based on contextual factors such as
environmental data or user behavior. For instance, an automated irrigation
system may shut off on its own when rainfall is detected, demonstrating contextual

adaptation based on weather conditions.

o Self-configuration: IoT systems are designed with the capacity for autonomous
configuration. This feature enables large-scale device coordination without
requiring constant manual intervention. Devices are able to structure themselves,

establish network connections, and update software independently.

e Interoperable Communication Protocols: Multiple communication
protocols are implemented to ensure interoperability among heterogeneous devices
and with surrounding infrastructure. This supports seamless data exchange across

platforms.

e Unique Identity: FEach component in the system—sensors, actuators,
controllers, etc.—must have a unique identifier or address. This enables individual

communication, monitoring, configuration, and control at the device level.

o Integration into the Information Network: IoT devices are typically
embedded into broader information networks, allowing them to communicate
and exchange data with other devices and systems. They can be discovered
dynamically and provide descriptive information to other devices or user-facing
applications. A representative example is a smart energy monitoring network,

where smart meters exchange data autonomously.

2.7.1 10T Architecture

When designing the architecture of an IoT-based system, it is necessary to define all
the components involved in the project. This design may vary substantially depending
on the specific application and requirements, and thus, no single architecture can
be universally applied. Nevertheless, a basic layered architecture is widely accepted
within the scientific community, comprising the perception layer, network layer, and
application layer.

For more complex implementations, a three-layer architecture may prove insufficient.
In response to this, a more elaborate five-layer architecture has been proposed,
incorporating additional processing and business layers to complement the original

model [90]. The resulting five-layer IoT architecture is depicted in Figure 2.16.
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Figure 2.16: Five-layer architecture of the Internet of Things

2.7.1.1 Perception Layer

The perception layer represents the foundational tier of the Internet of Things
architecture—essentially, it encompasses the “things” in the IoT paradigm. These
“things” refer to all devices that directly interact with their surrounding environment.
They are characterized by unique functionalities and are capable of performing various
tasks such as sensing, control, and monitoring. These devices may operate in isolation
or as part of a wireless sensor network, where they can exchange information with other
nodes or collect data from different processes, depending on the specific infrastructure
in place. Many of these devices possess the capability to process the captured data
locally and present it directly; however, in other cases, the collected data must be
transmitted wirelessly to another processing unit or directly to the cloud for further
handling [91, 92].

2.7.1.2 Network Layer

As described in the perception layer, the devices responsible for data generation
typically communicate wirelessly. To do so, they must implement various
communication techniques. The primary function of the connectivity layer is to
establish reliable connections among smart instruments, networking devices, and
servers, with the ultimate goal of transmitting the data acquired by the perception
layer. This layer is fundamentally defined by networking protocols, which, within an

IoT system, span across the physical or data link layer, network layer, transport layer,
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and application layer. These layers will be described in more detail in the following
sections [90, 89, 93].

2.7.1.3 Processing Layer

Once the devices in the perception layer are operational and equipped with some form
of communication, they begin to generate large volumes of data. This information must
be processed, analyzed, and stored—tasks that are handled by the processing layer, also
referred to as the middleware layer. This layer leverages various technologies, including

databases, cloud computing, and big data analytics [91].

2.7.1.4 Application Layer

The application layer encompasses all the services that an IoT system can provide.
These may include email notifications, actuator control, security management, data
monitoring, and more. The utility of the IoT system depends on the domain in
which it is deployed, and thus it may be applied across diverse fields such as home
automation, smart cities, environmental monitoring, smart grids, logistics, agriculture,

and industrial applications [94].

2.7.1.5 Business Layer

The business layer is responsible for the overall management of the IoT system. This
includes handling applications, business models, services, and user privacy. Within this
layer, decisions are made regarding what information will be generated, how it will be
processed, and how it will be presented. Essentially, this layer functions as the global

decision-making component of the project [90].

2.7.2 Technologies in the Perception Layer
2.7.2.1 Wireless Sensor Networks (WSN)

Some sensors are capable of connecting independently to the network, meaning they
do not rely on other nodes to operate. These devices function as standalone units
and transmit their measurements directly to the Internet. However, there are also
sensor devices that operate collaboratively, forming what is known as a Wireless Sensor
Network (WSN).

A WSN consists of distributed nodes located across various areas to collect

information and transmit it collectively through the network to a central node, referred
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to as the master or coordinator. This central node acts as the network’s gateway,
managing the connection to the Internet. Modern WSNs are typically bidirectional,
allowing not only data transmission but also remote control of the sensors themselves.
These networks are widely used in both industrial and consumer applications, including
process monitoring, machine condition supervision, and more. WSNs can be built using
various wireless communication technologies such as Bluetooth, Zigbee, or LoRa, with
the choice of technology depending primarily on transmission speed and range [95, 96].
Common applications include climate monitoring, air quality sensing, soil moisture

tracking, smart grids, and structural health monitoring.

2.7.3 Technologies in the Network Layer
2.7.3.1 Communication Models

+ Request/Response: A communication model in which a client sends requests
to a server, and the server replies. Upon receiving a request, the server determines
the appropriate response, retrieves the required data, formats the resource
representation, prepares the response, and then sends it back to the client. This
is a stateless communication model, where each request-response pair operates

independently.

o Publish/Subscribe: A communication model involving publishers (data
sources), brokers (intermediaries), and subscribers (clients). Publishers send data
to specific topics managed by the broker without knowledge of the clients. Clients
subscribe to topics through the broker, which then delivers any published data to

all subscribed clients.

o Push-Pull: In this model, data producers push information to message queues,
and consumers pull data from these queues. The producers and consumers operate
independently, with the queue acting as a decoupling mechanism and a buffer to

handle differences in data production and consumption rates.

o Exclusive Pair: A fully bidirectional communication model involving a
persistent connection between the client and the server. The connection remains
open until explicitly closed by the client. Once the initial setup is complete,
both client and server can send messages to one another. This is a stateful
communication model in which the server maintains awareness of each active

connection.
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2.7.3.2 Communication Protocols

As discussed throughout this document, communication is a fundamental component
of Internet of Things systems. Given the versatility of the IoT paradigm, multiple
communication methods may be implemented depending on the system’s intended
application. Communication in the network layer is structured according to the link
layer, the network /Internet layer, the transport layer, and finally, the application layer.
The following sections present the communication techniques commonly used to support

tasks specific to each of these layers.

2.7.3.3 Link Layer

In computer networks, the link layer is the lowest layer in the Internet protocol suite.
Link layer protocols determine how information is physically transmitted to the network

layer on a connected host. The following are some common link layer protocols:

« 802.3 Ethernet: IEEE 802.3 is a set of standards established by the Institute of
Electrical and Electronics Engineers (IEEE) that define Ethernet-based networks,
as well as the working group assigned to develop these standards. IEEE 802.3
is also known as the Ethernet standard and defines the physical layer and the
medium access control (MAC) sublayer of the data link layer for wired Ethernet
networks, typically used in Local Area Networks (LANSs). It specifies the physical
and network characteristics of Ethernet applications, including how physical
connections between nodes (routers/switches/hubs) are made through various
wired media such as copper coaxial cable or fiber optics. The technology is
designed to work with the IEEE 802.1 standard for network architecture, and
its first release was Ethernet II in 1982, featuring 10 Mbit/s over thick coaxial
cable [97].

« 802.11 WiFi: IEEE 802.11 is a set of standards developed by the IEEE that
define specifications for implementing Wireless Local Area Networks (WLANSs)
over various frequency bands, including 900 MHz and the 2.4, 3.6, 5, and 60 GHz
bands. The base version of the standard was released in 1997 and has undergone
numerous amendments. Although each amendment is technically superseded
when incorporated into the latest version of the standard, industry practices often
promote these revisions as distinct versions for marketing purposes, which leads

to each becoming a de facto standard [97].
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o 802.16 WiMAX: IEEE 802.16 is a family of standards for broadband wireless
networks. WiMAX (Worldwide Interoperability for Microwave Access) provides
data rates ranging from 1.5 Mb/s to 1 Gb/s. The most recent update (802.16m)
offers data rates of up to 100 Mb/s for mobile stations and 1 Gb/s for fixed

stations. The specifications are available on the official website of the IEEE
802.16 working group [93].

e 802.15.4 LR-WPAN: IEEE 802.15.4 defines standards for Low-Rate Wireless
Personal Area Networks (LR-WPANSs). These standards form the foundation for
higher-level communication protocols such as ZigBee. LR-WPANSs support data
rates ranging from 40 Kb/s to 250 Kb/s and are designed for low-cost, low-speed
communication between power-constrained devices. They operate at 868/915

MHz and 2.4 GHz, offering lower and higher data rates respectively [89].

« 2G/3G/4G/5G Mobile Communication: Several generations of mobile
communication standards have been developed, including second-generation (2G,
e.g., GSM and CDMA), third-generation (3G, e.g., UMTS and CDMA2000),
fourth-generation (4G, e.g., LTE), and fifth-generation (5G), which offers
significantly higher data rates (up to 10 Gb/s), ultra-low latency, and massive
connectivity, making it particularly suitable for IoT applications that demand
real-time data transmission and scalability. Technical details and specifications

for these standards are available from the official 3GPP documentation [98].

e 802.15.1 Bluetooth: Bluetooth is based on the IEEE 802.15.1 standard and is
a low-cost, low-power wireless communication technology suitable for short-range
(8-10 meters) data exchange between mobile devices. It defines a Personal Area
Network (PAN) and operates in the 2.4 GHz band. Depending on the version,
data rates range from 1 Mb/s to 24 Mb/s. A low-cost, ultra-low-power variant
known as Bluetooth Low Energy (BLE or Bluetooth Smart) was merged into the
Bluetooth v4.0 standard in 2010 [93].

« LoRaWAN R1.0 LoRa: LoRaWAN is a long-range communication protocol
developed by the LoRa™ Alliance, a non-profit open association. It defines a
Low Power Wide Area Network (LPWAN) standard for enabling IoT. Its goal is
to ensure interoperability among various operators under a global open standard.
LoRaWAN supports data rates ranging from 0.3 kb/s to 50 kb/s and operates in
ISM bands at 868 and 900 MHz. According to Postscapes, LoRa can communicate

over distances up to 48 kilometers in unobstructed environments [91].
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2.7.3.4 Network Layer

The network layer has three primary functions: addressing, routing, and path
determination. Its goal is to transmit datagrams from a source network to a destination
network by interconnecting multiple networks and selecting the most efficient route.
Each network has a unique identifier, known as an Internet Protocol (IP) address. The

most common IP addressing schemes are I[Pv4 and I[Pv6.

o IPv4: Internet Protocol version 4 is the most widely used protocol for identifying
devices on a network. IPv4 uses a 32-bit addressing scheme, allowing for 232 or
4,294,967,296 unique addresses. Due to the rapid growth in internet-connected
devices, these addresses were exhausted by 2011, prompting the transition to IPv6
[97].

e IPv6: Internet Protocol version 6 is the successor to IPv4, developed to provide
a vastly expanded address space to accommodate the growing number of devices.
IPv6 uses a 128-bit address space, offering 2'2® or approximately 3.4 x 10%® unique

addresses [99].

e 6LoWPAN: Short for IPv6 over Low-Power Wireless Personal Area Networks,
6LoWPAN was developed by the Internet Engineering Task Force (IETF) in 2007.
It enables IPv6 communication over IEEE 802.15.4-based low-power wireless

sensor networks, making each node individually addressable from the internet

[100].

2.7.3.5 Transport Layer

The transport layer enables host-to-host communication regardless of the underlying
network. It is primarily responsible for error correction, providing quality and reliability

to the end user. The two most common transport layer protocols are TCP and UDP.

o« TCP: The Transmission Control Protocol is widely used in applications such
as web browsing, email, and file transfers. It is a connection-oriented protocol
that ensures data packets are delivered in order and without errors. It provides
a stable communication service with extensive error handling and flow control
to prevent congestion by matching the sender’s speed to the receiver’s capacity.
Due to its overhead and complexity, TCP is generally not suitable for low-power

environments, where UDP is often preferred [91].
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e UDP: The User Datagram Protocol is a connectionless, transaction-oriented
protocol better suited for simple message transmission. It enables the sending
of datagrams without establishing a prior connection. UDP transmits smaller
data units, making it faster and less burdensome than TCP. However, it lacks

ordering, reliability, and duplication control [97].

2.7.3.6 Application Layer

The application layer contains protocols and methods that allow user interfaces and
applications to communicate with the network. It serves as an abstraction layer, hiding
the underlying transmission processes from the application. It relies on all lower layers

to complete its functionality. The most commonly used application layer protocols
include HTTP, CoAP, WebSocket, MQTT, XMPP, DDS, and AMQP.

o HTTP: The Hypertext Transfer Protocol is one of the most commonly used
protocols in the application layer. Its primary function is to transmit hypermedia
documents such as HTML. It follows a classic client-server model where a client
sends a request and waits for a response. HT'TP is stateless, meaning the server

does not retain session information between requests [101].

o CoAP: The Constrained Application Protocol is designed for Machine-to-
Machine (M2M) communication and is intended for use in constrained networks
such as low-power and lossy networks. It operates over UDP rather than TCP,
which helps reduce bandwidth usage. Features include header compression,
resource discovery, asynchronous messaging, auto-configuration, congestion

control, and multicast support [102].

« WebSocket: The WebSocket protocol enables full-duplex communication
between a client (typically in a browser) and a remote host. It begins with
an initial "handshake" and follows with a message-based data exchange over
TCP. WebSocket is ideal for browser-based applications requiring two-way

communication without the overhead of multiple HTTP connections [101].

e« MQTT: The Message Queuing Telemetry Transport protocol follows a
publish /subscribe model. It is lightweight, open, and simple to implement,
making it ideal for constrained environments like M2M and IoT, where minimal
code footprint and low bandwidth usage are essential. It runs over TCP/IP or

other reliable network protocols [103].
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o XMPP: The Extensible Messaging and Presence Protocol supports near-real-
time transmission of XML data between network entities. It has broad
applications, including instant messaging (e.g., Google Talk). Despite its wide
adoption, XMPP is relatively complex and may be too resource-intensive for

constrained IoT devices [104].

o DDS: The Data Distribution Service is a middleware protocol designed for device-
to-device or M2M communication. It follows a publish/subscribe model, offering

configurable quality-of-service settings and reliability guarantees [89].

o AMQP: The Advanced Message Queuing Protocol is an open standard
developed primarily for financial messaging. It supports both point-to-point
and publish/subscribe models. AMQP relies on a message broker to route data
from producers to consumers, allowing asynchronous communication and message

queuing [97].

2.7.4 Technologies in Middleware Layer
2.7.4.1 Cloud Computing

Cloud computing is an internet-based development model ("cloud") and the use of
computing technologies ("computing"). It is a general term for everything that involves
the delivery of hosted services over the internet. It is used to describe both a platform
and a type of application. These cloud applications use large data centers and powerful
servers to host web applications and web services. Anyone with a proper internet
connection and a standard browser can access a cloud application. Therefore, cloud-
centered IoT architectures provide computing and storage resources for all the data
collected by IoT devices, which can later be subjected to analysis or data mining
techniques for information retrieval and knowledge discovery from the collected data
[92].

Below are the different types of services that can be offered through cloud computing:

o Infrastructure as a Service (IaaS): Provides virtual servers with unique IP
addresses and on-demand storage blocks. Clients pay exactly for the amount of
service they use, similar to utilities like electricity or water—this service is also
called utility computing. IaaS is the delivery of hardware (server, storage, and
network) and associated software (virtualization technology, operating systems,
file systems) as a service. It is an evolution of traditional hosting that does not

require long-term commitments and allows users to provision resources on demand
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[89]. Amazon Elastic Compute Cloud (EC2) and Secure Storage Service (S3) are

examples of TaaS.

« Platform as a Service (PaaS): PaaS is a set of software and development tools
hosted on the provider’s servers. Google Apps is one of the most well-known PaaS
providers. The idea is that a provider offers both hardware (as in IaaS) and a
certain amount of application software, such as integration into a common set of
programming functions or databases, as a base upon which applications can be
built. PaaS is a platform for application development and deployment delivered
as a service to developers over the internet. It simplifies the development and
deployment process without the cost and complexity of buying and managing
a complete infrastructure, offering all the facilities needed to support the full

lifecycle of creating and deploying applications and web services [105].

» Software as a Service (SaaS): In Saa$S, the provider allows the customer to
use its applications. The software interacts with the user through an interface.
These applications can range from email to platforms like Twitter. The idea
is that a provider offers a hosted software package (running on a platform and
infrastructure) that is not owned by the user but is paid for based on some usage
or consumption metrics. No development or programming is required, although
users may need to configure the software (which is often flexible, configurable,
and sometimes customizable). Nothing needs to be purchased—users only pay for
what they use. A SaaS provider typically hosts and manages a given application
in its own data center and makes it available to multiple tenants and users over
the network. Some SaaS providers run on top of other providers’ PaaS or IaaS
services. Oracle CRM on Demand, Salesforce.com, and Netsuite are some well-

known examples of SaaS [105].



Chapter 3
System Design

This chapter provides a comprehensive overview of the system’s structure and
functionality, with a primary focus on the requirements analysis phase within
the waterfall methodology.  This phase serves as a fundamental precursor to
system development, aiming to elucidate user needs, constraints, and functionalities.
By emphasizing the importance of meticulous requirement comprehension and
documentation. Moreover, as the chapter navigates through the landscape of the IoT
NILM system, it contextualizes the system’s purpose and role within this burgeoning
domain, shedding light on its unique value proposition and potential impact within the

broader IoT ecosystem.

3.1 Requirements and Purpose Specifications

o System’s purpose: Use smart metering technology and machine learning
algorithms to automatically detect and classify appliance usage events in real-
time, enabling efficient energy management, proactive maintenance, behavioral

insights, and grid optimization.

o Behavior: The system consists of two main elements: the smart meter device and
the cloud system. The smart meter generates a new sample of phase frequency,
total and fundamental RMS current and voltage, active, reactive, and apparent
power, power factor, and THD at a fixed rate of 10 ms. This information is then
used to feed an event detection algorithm embedded in the smart meter and is
also instantly transmitted to the cloud. If an on/off event has occurred, the RMS
current and active/reactive power transient are also sent to the cloud.

Within the cloud, three main components are deployed: the user interface, the

66
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database, and the machine learning algorithms. The user interface is utilized
to display consumption information to the user, while the database stores the
history of all electrical parameters. The machine learning algorithms consist of a
clustering algorithm that automatically creates a dataset and neural networks to

extract features from appliance signatures and classify appliances.

o System Management Requirements: A user interface to visualize data in

real-time and apply control to specific functions of the system.

« Data Analysis Requirements: Data processing is performed both within
the smart meter and in the cloud. Electrical parameters and event detection
algorithms are embedded in the smart meter circuit, while all machine learning

algorithms are deployed in the cloud.

« Application Deployment Requirements: Deployment of the web interface

on a web server within a cloud computing platform as a service.

e Security Requirements: User authentication services.

3.2 Process Specification

Previously, it was mentioned the functionality of the proposed system, and it was
outlined that it consists of two main components: the smart meter and the cloud system.
So to detail the process specification both elements have to be analyzed separately; the
flowchart of the process for the smart meter and the cloud system can be seen in Figures
3.1 and 3.2.

The flowchart in Figure 3.1 begins with the initialization of the ADE9000, followed
by checking for a successful WiFi connection. If the WiFi connection fails, the process
loops back to the WiFi setup. If the WiFi connection is successful, the next step is
to establish a connection with an MQTT broker. Failure to connect to the MQTT
broker also loops back to reattempting the MQTT broker connection. However, if both
the WiFi or broker connections remain unsuccessful after 10 seconds, the smart meter
switches to an offline mode. In this mode, the device operates exactly as if it were online,
but all the collected data is stored locally on an SD card instead of being transmitted.
Once both connections are successfully established, the system proceeds to gather a
series of measurements, including line frequency, voltage and current RMS, active,
reactive and apparent power, energy consumption in kilowatt-hours and in kilovar-

hours, and other related parameters.
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Figure 3.1: Flowchart of how the smart meter works.

Following the measurement collection, the flowchart checks for the occurrence of an
appliance event. If an appliance event is detected, the system records transient data for
five seconds. After the recording period, the transient data is sent to the cloud. If no
appliance event is detected, the system sends the regular measurements to the cloud.
This process ensures that both regular operational data and specific event-related data
are captured and transmitted for further analysis.

Figure 3.2 illustrates how measurements and appliance events are processed within
the web server. This flowchart does not include the process of how data is displayed in
real time on the web app, as the web application receives data directly from the broker
through MQTT with WebSockets.

The process begins with user authentication, including login and permission
verification. Once the user is authenticated and permissions are granted, the system
establishes a connection to an MQTT broker. If any of these steps fail, the system
loops back to retry the respective step. Upon successful connection, the system reads
data from topics in the MQTT broker.

The next step involves detecting new appliance events. If no new events are detected,
the system sends the collected measurements to an Atlas database. If a new appliance
event is detected, the process checks if a dataset has been previously created. If a dataset

exists and the Deep Learning (DL) model is already trained, the event is classified, the
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Figure 3.2: Flowchart of how measurements and events are treated inside the web server.

classified event is sent to the Atlas database, and the whole process finishes. If the DL
model is not trained, the system proceeds to train the model. If no dataset is available,
the system checks if the required number of events has been reached. If this is the case,
clustering is applied, a dataset is created, and the process ends. If the required number
of events is not met, the transient data is sent to the Atlas database, and the process

concludes.

3.3 Domain Model Specification

The domain model specification provides a structured representation of the main
concepts, entities, and objects within the IoT system. This model defines the attributes
of each object and their interrelationships, creating an abstract layer that guides the
system’s design. For this IoT system, the primary goal of the domain model is to
facilitate the accurate detection and classification of appliance usage events, ensuring

efficient data flow from physical measurements to cloud-based processing. The overall
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interrelationships within the NILM IoT system.

structure of this model is illustrated in Figure 3.3.

3.3.1 Physical Entity

A Physical Entity refers to any identifiable object in the physical environment that the
[oT system monitors or controls. In the context of this smart metering [oT system,
Physical Entities are the appliances that the system detects, classifies, and monitors, as

well as the main electrical panel that serves as the source of electricity for the residence.

e Main Electrical Panel: The main electrical panel serves as a central Physical
Entity, acting as the distribution point for electricity within the residence. The
smart meter device is installed at this panel to gather various electrical parameters
(e.g., phase frequency, RMS current and voltage, active, reactive, and apparent

power, power factor, and Total Harmonic Distortion).

o Appliances: Appliances, such as refrigerators, washing machines, and air
conditioners, represent the other Physical Entities monitored by the system.
These entities are not directly connected to the IoT system; instead, their
operation is inferred through variations in electrical parameters, enabling

detection and classification.
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3.3.2 Virtual Entity

For each Physical Entity, there is a corresponding Virtual Entity in the cloud. Virtual
Entities represent the Physical Entities in the digital domain, allowing the IoT system

to analyze and store usage patterns, operational states, and other relevant data.

o Virtual Electrical Panel: The Virtual Electrical Panel is a digital representation
of the main electrical panel in the cloud, implemented as a dashboard interface. It
provides a consolidated view of real-time and historical electrical measurements,
detected events, and energy distribution patterns collected by the smart meter

device.

o Virtual Appliances: virtual Appliances represent each Physical Appliance
monitored by the system. These entities are inferred using machine learning
algorithms, which classify appliances based on the electrical signatures identified
by the smart meter. The Virtual Appliance entities enable data-driven insights,

including appliance-specific energy consumption and usage behavior.

3.3.3 Devices

The Device serves as the intermediary layer between Physical Entities and Virtual
Entities, facilitating data collection and actuation. In this system, the Smart Meter
is the primary device responsible for gathering sensor data and transmitting it to the

cloud.

o Smart Meter Device: The smart meter is the main Device within the system,
equipped with sensors that collect real-time measurements of various electrical
parameters. It includes WiFi connectivity for data transmission and contains
embedded algorithms for on-device event detection. Once an event is detected,
the device sends both regular measurements and transient data to the cloud,

providing the foundation for appliance classification and real-time monitoring.

3.3.4 Resources

Resources are software components that provide specific functions within the system.
Resources can be located either on the smart meter device (on-device resources) or in

the cloud (network resources).

e On-Device Resource: The primary on-device resource is the event detection

algorithm embedded within the smart meter. This algorithm monitors real-time
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data and detects on/off events based on predefined conditions, triggering the

transmission of transient data to the cloud whenever an event occurs.

o Network Resource: Network resources are hosted in the cloud and include
components such as the database, machine learning algorithms, and user
interface. The cloud database stores historical data on electrical parameters and
events, while machine learning algorithms perform clustering and classification
of appliances. The user interface resources are deployed as part of the web

application, allowing end-users to view appliance usage data and other insights.

3.3.5 Services

Services provide interfaces that allow users and system components to interact with
Physical Entities, accessing the necessary data and functionalities for the [oT system’s
operation. Services can retrieve information about the status of appliances or perform

actions based on user inputs.

« Data Visualization Service: This service provides a user interface for visualizing
real-time and historical data, offering users insights into their energy consumption
and appliance usage patterns. This service is implemented as a web application
that directly connects to the cloud database and displays relevant information to

the user.

o Appliance Classification Service: Leveraging machine learning algorithms, this
service processes transient data to classify appliances based on their electrical
signatures. This classification enables the system to identify specific appliances

and generate usage insights, contributing to efficient energy management.

o Data Storage Service: The Data Storage Service manages the cloud database,
which stores real-time and historical measurements, detected events, and
appliance classifications. This service ensures that data is organized, accessible,

and available for analysis by other system components.

3.4 10T Level Specification

The proposed NILM system aligns with Level 3 of the ToT hierarchy [89], which
centralizes data storage, analysis, and application functionality in the cloud, while the

on-site device primarily performs data collection, as shown in Figure 3.4. This setup



3.4 IoT Level Specification 73

LOCAL !
(o]0) MQTT Cloud

communication
1

! ' l
* ' v

Centralized MQTI'-REST-. Machine .Learning
controller Websocket services algorithms

Control services: data
exchange

!

Resource: firmware for
sensors, data analysis,
WiFi connection.

!

Device:
Smart Meter

S
=

1
1
1
1
]
]
]
1
]
:
1
1
1
1
]
]
1
1
1

Figure 3.4: IoT description of the NILM system.

allows the NILM system to leverage cloud resources for computationally demanding

tasks, while a single, central smart meter serves as the primary data source.

3.4.1 Single-Node Architecture with Cloud-Centric Analysis

The NILM system consists of two primary components: a central smart meter and a
cloud-based backend system. The smart meter, acting as a centralized data collector,
measures comprehensive electrical parameters such as frequency, RMS current and
voltage, active, reactive, and apparent power, power factor, and Total Harmonic
Distortion (THD). While preliminary event detection occurs on the meter, the device
predominantly functions as a data acquisition point, forwarding raw and processed data

to the cloud. Upon data collection, the cloud system manages:

o Data Storage: All electrical parameters and event data are stored in the cloud,

creating a historical database for appliance usage insights and load monitoring.

o Machine Learning Analysis: The cloud hosts machine learning algorithms
designed to disaggregate and classify appliance usage patterns based on data from
the central meter. These algorithms enable appliance-level monitoring without

requiring individual sensors on each device.

o User Interface and Reporting: A web interface, deployed in the cloud, provides end

users with access to real-time appliance usage and energy consumption insights.
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Figure 3.5: Functional view specification diagram.

3.4.2 Cloud-Centric Processing and Scalability

By offloading complex processing tasks to the cloud, the NILM system achieves
scalable and real-time analytics capabilities. This approach minimizes computational
demands on the smart meter while maximizing system flexibility, allowing for advanced
disaggregation and appliance-level event detection in real time.

Thus, this NILM system adheres to the characteristics of a Level 3 IoT system by:

« Using a central data collection node (the smart meter) as the sole physical point

of measurement.
o (Centralizing data processing, storage, and user access in the cloud.

o Leveraging a cloud-based user interface, where users can access real-time appliance

disaggregation and historical consumption analytics.

3.5 Functional View Specification

The functions of the IoT system can be grouped based on their roles, including Devices,
Communication, Services, Management, Security, and Application. The interactions
between these groups and the domain model instances are outlined below and can be

seen in Figure 3.5.

1. Devices: this group includes the hardware components and measurement

instruments.

e Smart Meter: Captures electrical parameters such as RMS current and

voltage, active/reactive power, and total harmonic distortion (THD). It
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performs ON/OFF event detection locally but does not include NILM

algorithms.

2. Communication: the communication group encompasses protocols that enable

data transfer between the smart meter and the server.

o« MQTT Protocol: Utilized for sending regular electrical measurements and

event-related transient data from the smart meter to the server in real-time.

« WebSocket Protocol: Supports real-time data updates in the user interface,

facilitating low-latency communication.

« REST API: Provides endpoints for data retrieval, configuration settings, and

user interactions with the NILM system.
3. Services: backend services and cloud-based functionalities.

o Measurement Service: Handles the reception of regular electrical data from
the smart meter via MQTT.

« Event Detection Service: Processes ON/OFF event data transmitted by the

smart meter, triggering further analysis.

o NILM Analysis Service: Executes machine learning algorithms on the server
for appliance classification using the event and transient data received from

the smart meter.
4. Management: these functions involve configuration and system control.

o System Configuration: Allows for adjustments to the smart meter settings
(e.g., sampling rate, event detection thresholds) and cloud-based NILM

model parameters.

o Data Management: Interfaces with the web application and database,
organizing historical measurement data and classification results for analysis

and user feedback.
5. Security: this group ensures data protection and access control.
e User Authentication and Authorization: Ensures secure access to the web

application and API endpoints, with role-based permissions.

 Data Integrity and Encryption: Protects the transmitted data (measurement
and event data) from unauthorized access, particularly during the transfer

between the smart meter and server.
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Figure 3.6: Operational view specification diagram.

6. Application: the application section connects the system to the end-user interface

and backend processing:
o Web Application: Provides an interface for real-time monitoring of electrical
parameters and visualization of disaggregated appliance data.

o NILM Dashboard:  Displays appliance-level energy usage insights,

disaggregation results, and historical consumption trends.

« Database Integration: Manages the storage of electrical data and NILM

classification outcomes, supporting efficient querying and analysis.

3.6 Operational View Specification

In this section the technologies used in the functional groups of the NILM IoT system

are defined. These details can be observed in Figure 3.6.

o Devices:

— Central Meter:
* Embedded System: ESP32.

% Sensors:  Voltage inputs through voltage dividers and current

transformers (split-core type).

¢ Communication:

— Communication APIs: REST & MQTT.
— Communication Protocols:

x Link Layer: WiFi 802.11.
x Network Layer: IPv6.
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x Transport Layer: TCP.
x Application Layer: HTTP and MQTT over WebSockets.

Services

— Native Services: Control services implemented in embedded systems.

— Web Services: NILM and real-time monitoring of electrical energy via
MQTT/WebSockets.

Management:

— Application Management: Node.js with Express environment.

— Database Management: MongoDB Atlas Dashboard.

Security:

— Authentication: Managed via database.

— Authorization: Managed via database.

Application:

— Web Application: Node.js web application.
— Server: Heroku (PaaS).
— Database Server: MongoDB Atlas.



Chapter 4
System Implementation

This chapter details the practical development of the proposed NILM system,
focusing on the integration of hardware and software components that enable real-
time operation. The implementation follows the architectural framework structured
around four key stages: data acquisition, event detection, feature extraction, and load
classification. Emphasis is placed on building a modular and scalable system suitable
for residential environments.

The following sections describe the custom-designed smart meter, the algorithms
used for real-time event detection and feature extraction, and the generation
of an adaptive training dataset using unsupervised learning.  Additionally, the
implementation of supervised classification models and the development of a web-based
platform for data visualization and user interaction are presented, highlighting the end-

to-end functionality of the system.

4.1 NILM Architecture

As outlined in Section 1.5, the proposed NILM system adopts an event-based
methodology to support real-time operation. The overall structure comprises four key
stages: data acquisition, event detection, feature extraction, and load recognition. Each
stage is essential for improving the accuracy and reliability of the NILM process. Based
on these steps, the system architecture is illustrated in Figure 4.1. The architecture
includes a smart meter that captures household energy data, including appliance-level
signatures. This data is transmitted to the cloud, where it is visualized through a user
interface and stored in a database. Clustering techniques are employed to derive a
labeled dataset from the initially unlabeled data. This dataset is then used to train a

deep learning model intended for deployment in the cloud. Since the labels in clustering

78
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are generated numerically, the final assignment of appliance names would be a task of

the end user once the system is fully operational.

4.2 Data Acquisition Device

The quality of data is a critical factor in the performance of any Al-based application,
particularly in the context of NILM systems. To ensure high data availability and
flexibility, a custom three-phase IoT smart meter was developed for this work. Its
physical structure and labeled components are shown in Figure 4.2. This smart meter
is designed for installation in the main electrical panel of a residential building, where it
continuously measures electrical parameters and wirelessly transmits them to the cloud
in real time.

Unlike conventional smart meters that primarily report cumulative active energy
consumption, the proposed device offers a comprehensive set of electrical parameters.
These include total and fundamental RMS current and voltage, active, reactive,
and apparent power, reactive energy, power factor, and a variety of power quality
indicators such as line frequency, the amplitude of 64 current harmonics, and total
harmonic distortion (THD). This enriched dataset enhances the potential for precise
load identification and classification.

As illustrated in Figure 4.2, the smart meter integrates several key components,

each serving a specific function within the system:

« ESP32: Acts as the central microcontroller, responsible for wireless

communication and local processing.

« ADE9000: An advanced energy metering IC that performs real-time

measurement of electrical quantities and power quality metrics.
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« RTC (Real-Time Clock): Maintains accurate timekeeping to enable precise

timestamping of measurements.

« SD Card Slot: Provides local storage capability for logging data in scenarios

where internet connectivity is limited or unavailable.

» Voltage and Current Inputs: Terminal blocks used to connect the device to

the electrical system and current transformers.

« External VCC or Battery Input: Offers an alternative power source, allowing

battery backup or flexible deployment in off-grid settings.

One of the most important characteristics of data acquisition systems is the sampling
rate. In this implementation, the SM does not output raw high-frequency waveform data
but instead provides averaged electrical measurements every 10 milliseconds. While
this excludes detailed transient information, it significantly reduces the data bandwidth
required for transmission and storage, making the system suitable for real-time, scalable
NILM applications.

Moreover, the SM incorporates an onboard event detection algorithm, which is
essential for identifying appliance state transitions. This algorithm and its role within

the broader NILM framework are described in the following section.

4.3 Event detection algorithm

Event detection algorithms in time series data are essential for identifying significant
occurrences or patterns within temporal sequences. There are numerous techniques
documented in the literature proposed for this purpose, including the CUSUM

algorithm and its variations, Bayesian change point detection, and the PELT method
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[106, 107, 108]. In this study, a real-time event detection system inspired by the CUSUM
algorithm was integrated into the SM. The summarized steps can be observed in Figure

4.3.

1. Sliding window means: The RMS current feature is used to find new appliance
events. When the meter starts running for the first time, it creates a window
consisting of 'n’ elements. Once the window is full, the new RMS current value

enters the array, while the oldest value shifts out, enabling real-time analysis.

2. Deviation: To enhance the robustness of event detection, instead of calculating the
deviation between the new measurement (Z,e,) and the previous one (Z,ew—1),
the deviation is computed using the sliding window mean (), as described in
Equation 4.1.

A= 2Tpew — T (4.1)

3. Threshold: A fixed threshold of 300 mA RMS was selected for event detection due
to the limitations of adaptive thresholds, such as those based on mean or standard
deviation, where sensitivity increases significantly in stable input signals. The
value of 300 mA was arbitrarily chosen, since in a residential context appliances
drawing lower currents generally represent minor loads and have a negligible
contribution to the overall energy consumption. An appliance could trigger a
rising (ON) or falling (OFF) event, the nature of which is computed using the

following equations:

ONeyent = A > Threshold, (4.2)
Of fevent = A < =Threshold. (4.3)

4. Event selection: To accurately discern whether an event corresponds to an
appliance switching ON/OFF status, several conditions were taken into account.
For instance, if an appliance exhibits a peak during its transient phase, the
subsequent decline of the peak could have been labeled as a false falling event.
False rising/falling events or events lasting less than 5 seconds are disregarded.
While testing the algorithm, a 5-second transient signal proved to be long enough
to describe all types of loads, especially those with resistive parts whose transients
can last up to a few seconds, as demonstrated in Chapter 5 and also discussed in
[109].

5. Event disaggregation: Since the SM is installed on the main panel, it measures
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Figure 4.3: Event detection process.

the aggregate of all residential loads. To isolate each appliance’s signature, the
baseline of the event must be properly removed. For this purpose, the smallest
value within the sliding window, min(S[0 : windowLength — 1]), is subtracted
from the entire 5-second event signal S = [sy, S, ..., ,]. This operation can be

expressed as:
disaggregation[i] = s; — min(S[0 : windowLength — 1]). (4.4)

This subtraction ensures that the event signal is aligned to a zero reference,
avoiding the influence of background consumption or measurement offsets. Using
the minimum value as the baseline is particularly effective because it captures
the lowest steady level observed during the transient window, thereby enabling a
more accurate extraction of the appliance’s distinctive signature. The algorithm
primarily works with RMS current, but the final disaggregated signatures include

RMS current, active power, and reactive power.

4.4 Automatic and Adaptive Dataset

The NILM field frequently relies on public datasets or manually crafted fixed datasets
for research and application purposes. This work presents the creation of a dataset
tailored to the end user’s requirements, with the algorithms having no prior knowledge
of the types or quantities of appliances in the household. Consequently, an unsupervised
learning approach is employed. Basically, when an event is detected, the signatures are

sent to the Atlas MongoDB web database, but the dataset building process starts after
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n' events have occurred. Once there are 'n" events available, the clustering algorithm
creates groups of events that correspond to the ON/OFF signatures of different loads.
These clusters are not labeled with the true names of the appliances; instead, they are
just numbered. The correct names will be set by the end users when the dataset is

already formed and working.

4.4.1 Feature Extraction with 1-D CNN Autoencoders

Feature extraction involves identifying and selecting relevant information from raw data
to improve model performance. Techniques include statistical analysis, filtering, and
deep learning-based feature learning [110]. As unsupervised learning is required in
this work, a 1D Convolutional Neural Network (1D-CNN) autoencoder was selected for
feature extraction. This architecture compresses input data into a latent representation
through convolutional layers. The encoder reduces dimensionality by capturing patterns
in the data. Then, the decoder reconstructs the original input from this compressed
representation using transposed convolutional layers. During training, the model learns
to minimize the difference between the input and output, optimizing the convolutional
filters to capture salient features. The training objective can be formalized as
minimizing the Mean Squared Error (MSE) between the input = and the reconstructed
output Z, which is given by Eq. 4.5, where L£(z, %) represents the loss function.
n
L,2) == (2 — 3;) (4.5)
i=1
Through this iterative process, the autoencoder discovers a compressed representation
of the input data while retaining essential information. This latent representation is
what can be used as features [111]. The designed 1-D CNN Autoencoder architecture

can be found in Figure 4.4.
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4.4.2 Clustering with Automatic k Centroids

To generate an adaptive dataset, a clustering approach was integrated into the system
following the feature extraction stage. Although the K-means algorithm had been
previously described (see Section 2.6.1), its application here plays a critical role in
organizing the high-dimensional feature vectors into meaningful groups corresponding
to different appliance signatures. Since K-means requires the number of clusters % to be
predefined, the system includes a mechanism to determine the optimal k& automatically.
This is achieved by evaluating silhouette scores over a range of candidate values. For
each tested k, clustering is performed and the average silhouette score is computed,
quantifying the cohesion and separation of the resulting clusters. The silhouette score

for a data point ¢ is calculated as:
b(i) — ali
s(i) = (i) —ali)
max(a(i), b(i))

In this equation, a(7) represents the average intra-cluster distance (i.e., the average

(4.6)

distance from point i to all other points in the same cluster), and b(i) denotes the
smallest average distance from ¢ to points in a different cluster. The value of £ that
yields the highest average silhouette score is selected as the optimal number of appliance
classes for the given household context.

This unsupervised grouping enables the system to generate a self-adaptive dataset,
where each cluster can later be labeled by the user, specifying which device each
group corresponds to. This approach eliminates the need for manually crafting data in

advance, making the system more scalable and adaptable to different environments.

4.5 Supervised Classification Models

Once the labeled dataset is available, an ANN is trained to classify new events generated
by appliances in real time. As mentioned previously, various models are suitable for time
series data, such as 1D CNN and LSTM, each offering specific advantages depending
on the signal characteristics and application context.

To determine the most appropriate architecture for the NILM system, three different
models were implemented and evaluated. The details of each model are presented in the
following subsections, while the selection criteria and performance analysis are discussed
in Chapter 5.
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Figure 4.5: 1-D CNN architecture for classification.

4.5.1 1D-CNN Implementation

The 1D-CNN model was built using the PyTorch framework. The model processes
input tensors of size 8 x 3 x 500, where 8 is the batch size, 3 represents the number of
channels (corresponding to Igys, P, and @), and 500 is the length of the time window.

The architecture is illustrated in Figure 4.5 and consists of the following components:

e 1D Convolution + ReLU: A convolutional layer with 15 output channels and
a kernel size that reduces the temporal dimension from 500 to 498, followed by a

ReLU activation function.
o Dropout: A dropout layer with a rate of 0.2 is applied to prevent overfitting.

« MaxPooling: A max-pooling operation with a stride of 2 halves the temporal

dimension, resulting in a tensor of size 8 x 15 x 249.

o Flatten: The output is flattened into a vector of size 8 x 3735 to serve as input

to the fully connected layers.

e Fully Connected + ReLU: A dense layer with 60 ReL.U-activated neurons

transforms the flattened vector into a latent representation.

e Output Layer 4+ Softmax: A final dense layer with 14 neurons applies the
softmax function to produce class probabilities, with each neuron corresponding

to an appliance label.

The model’s hyperparameters—including kernel size, dropout rate, number of
channels, and number of fully connected units—were tuned using PyTorch’s integrated

grid search strategy to achieve optimal classification performance.
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4.5.2 WavelNet Model

The WaveNet model, originally designed for speech synthesis, can be highly effective for
time series classification, as it is able to capture long-range dependencies in sequential
data. In the context of this project, where the inputs consist of Iryg, P, and @

waveforms from detected appliance events, the WaveNet model operates as follows:

e Causal Convolutions: The first operation applied to the input is a 1D causal
convolution layer of kernel size 1 x 3, which outputs a feature map of shape
8 x 90 x 500. This layer ensures that each output at time step ¢ is influenced only
by inputs from time steps < ¢, preserving the temporal order of the signal. The

causal convolution operation is defined as:

K-1
Y= > Wili—k, (4.7)
k=0

where ; is the output, x;_; the input, and w, the weights of the filter.

e Residual Blocks with Dilated Convolutions: The output then passes
sequentially through five residual blocks, where each block uses the residual output
of the previous one to compute its own output. Each block contains a gated
activation unit consisting of a dilated convolution of kernel size 1 x 3, followed
by two parallel activation functions: tanh and o. These two branches are then
multiplied element-wise. The result is passed through a 1 x 1 causal convolution
to produce both the residual output (which feeds into the next block) and a skip
connection. The use of increasing dilation rates in each block allows the receptive

field to grow exponentially. The dilated convolution is defined as:

K-1
Yo = D WkTi i, (4.8)
k=0

where d is the dilation factor that increases with each layer to capture broader

temporal patterns efficiently.

o Skip Connections and Aggregation: The skip connections from each residual
block are aggregated through summation, producing a feature map of shape
8 x 15 x 500. This mechanism helps preserve gradients and facilitates training of

deeper models by allowing information to flow directly to the output.

o Flatten and Dense Layers: The aggregated features are flattened into shape

8 x 7500 and passed through two fully connected layers. The first contains 120
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Figure 4.6: WaveNet model used for classification tasks.

neurons with ReLU activation, and the second uses 14 neurons with softmax

activation to output the class probabilities.

Similar to the 1D-CNN model, the WaveNet model was implemented using the
PyTorch framework and the grid search technique was employed to determine the
optimal hyperparameters for training. The complete architecture used in this work,
which includes causal convolutions, stacked residual blocks with dilated convolutions,

and a final classification layer, is depicted in Figure 4.6.

4.5.3 LSTM Model

The third architecture explored for appliance classification is based on a Long Short-
Term Memory network, which is well-suited for time series tasks due to its ability
to retain information over long sequences. The model combines convolutional and
recurrent layers to enhance feature extraction and temporal dependency modeling.
The architecture, as illustrated in Figure 4.7, processes the input time series of shape

8 x 3 x 500 (batch size, channels, and time steps). The structure operates as follows:

e« 1D Convolution + ReLU: A one-dimensional convolutional layer with ReLLU
activation maps the three input channels to 90 output channels using a kernel

size of 5, resulting in an intermediate tensor of shape 8 x 90 x 496.

o Dropout Layer: A dropout layer with a probability of 0.3 is applied to reduce

overfitting and improve generalization.

o« MaxPooling: A max-pooling operation with a kernel size of 2 reduces the

temporal dimension by half, producing a tensor of shape 8 x 90 x 248.



4.6 Web Application 88

Input
8x3x500 —
(Batch,Channels,Length)
9()
-3 o
& S
o c
~+
1D Convolution Fully Fully
+ Relu . LSTM . connected () connected
+Relu + RelLu + Softmax
M Dropout Maxpolling [l Transpose + Flip

Figure 4.7: LSTM-based model used for appliance classification.

» Transpose and Flip: The tensor is transposed to 8 x 248 x 90 and then flipped

along the time axis to maintain the correct temporal order for the LSTM input.

o LSTM + ReLU: The output is passed through a single-layer LSTM with 90
hidden units. Only the last time step’s output is used for further processing. A
ReLU activation follows the LSTM layer.

o Fully Connected Layers: A fully connected layer with 60 units and ReLLU
activation maps the LSTM output to a latent representation. Finally, another
dense layer with 14 output units and a softmax activation performs the

classification into appliance labels.

This hybrid architecture leverages both spatial feature extraction and sequence
modeling, which is advantageous in NILM applications. The complete model layout

is shown in Figure 4.7.

4.6 Web Application

4.6.1 Backend

The backend of the NILM system was developed using Node.js and the Express
framework, serving as the core of the cloud-based infrastructure. It is responsible for
handling real-time data streams, processing appliance event signatures, storing electrical
parameters, and interfacing with the classification model.

The system receives data over the MQTT protocol using TCP/IP transport. The
smart meter publishes real-time measurements and event-based waveforms to pre-

defined MQTT topics. Upon receiving this data, the backend parses and validates



4.6 Web Application 89

the messages, converts timestamp formats, and saves the results to a MongoDB Atlas

database.

« MQTT Broker Connection: The backend connects to a public MQTT broker
hosted by EMQX (broker.emgx.io). It subscribes to multiple topics including
irmsEvent, wattEvent, varEvent, and others such as sumPower and
centralPhA. These topics carry real-time waveform signatures and aggregated

electrical parameters published by the smart meter.

o Data Parsing and Timestamping: Upon message reception, the JSON data
is parsed and timestamps are formatted into UTC format using the moment . js

library. This ensures chronological consistency in the database.

e MongoDB Integration: The backend uses Mongoose schemas to store data
such as RMS current, active/reactive power, frequency, harmonic distortion, and
event waveforms. Collections are structured for different data streams (e.g., Pha,

Phb, Phc, energy, events, and sumPower).

« REST API: An HTTP REST API is provided for the frontend to request
processed data, query historical information, and interact with real-time

classifications. All API endpoints are served through Express.

e« Model Inference: The backend also includes integration with the ONNX
Runtime library, allowing the deployment of trained neural network models for
appliance classification as a microservice. Incoming waveform events can be

passed to the model for real-time prediction.

The backend design promotes modularity and scalability, with clear separation
between the data ingestion pipeline (MQTT), the persistence layer (MongoDB), and the
RESTful interface for the frontend. A high-level overview of the backend architecture

is shown in Figure 4.8.

4.6.2 Frontend Interface

The frontend of the web application was developed using HTML, CSS, JavaScript, and
Bootstrap. It provides users with a real-time interface that receives data from the smart
meter through MQTT over WebSockets ensuring dynamic and responsive updates to
the visualizations. There are multiple tabs within the interface, the two most important
being Main Dashboard and NILM, shown in Fig 4.9 and 4.10. There are a number

of components to the user interface, including:
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Figure 4.8: Backend architecture of the NILM system.
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Figure 4.9: Main Dashboard tab showing real-time monitoring components: View A (gauge
meters for kWs per phase), View B (area chart of daily active power), and View C (bar chart
of monthly energy consumption).

e View A: This view displays the real-time active power consumption for
each phase of the smart meter, along with any independent appliance being
monitored via smart plugs. Gauge-style meters are used to intuitively convey

the consumption values in kilowatts (kW).

« View B: A real-time area chart shows the evolution of the active power (in Watts)
consumed throughout the current day. The database is checked every 5 seconds

and the chart updates new values.

e View C: This view features a bar chart illustrating daily energy consumption
(in kWh) for the current month. It provides users with a clear overview of their

cumulative energy use over time.
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View D: Located in the NILM tab, this plot shows the waveform of the RMS
current captured when an appliance event is detected and disaggregated by the

smart meter. It helps to visualize the electrical signature of the event.

View E: Similar to view D, this component displays the disaggregated waveform

of active power over time for the detected event.

View F: This view shows the reactive power waveform associated with the

appliance event, completing the triad of electrical parameters.

View G: This column of the NILM table lists the appliances recognized by the

system.

View H: Indicates the real-time status of each appliance (ON/OFF), as inferred
by the disaggregation algorithm.

View I: Displays the last recorded activation time of each appliance.

View J: Shows the last recorded deactivation time of each appliance.

nalysis  NILM

RMS Current Over Tim

eeeeee

sssssssss

Figure 4.10: NILM tab displaying appliance-level signal waveforms and monitoring table:
View D (RMS current chart), View E (active power chart), View F (reactive power chart),
View G (recognized appliances), View H (ON/OFF status), View I (last activation time), and
View J (last deactivation time).



Chapter 5
Experiments and Results

This chapter validates the proposed NILM system through real-world experiments,
evaluating its event detection algorithm, unsupervised dataset generation, and deep
learning classification models. The methodology targets four key aspects: First, data
were collected from two households where seven appliances were manually switched
on and off around 100 times each, allowing the smart meter to detect events in
real time and store corresponding waveform segments. Second, an autoencoder
compressed these signals, and a silhouette-optimized K-means algorithm clustered
them to create unlabeled datasets. This process was tested progressively with 2
to 7 appliances to examine scalability. Third, three supervised models—1D CNN,
WaveNet, and LSTM-—were trained and evaluated on the generated datasets and the
public NILM PLAID dataset using standard classification metrics. Finally, system
efficiency was assessed via inference time, training data requirements, and cross-

household experiments to evaluate generalization and practical deployment potential.

5.1 Experimental Setup Data Collection

To validate the proposed NILM system under realistic conditions, the custom-designed
smart meter was installed at the main electrical panel of a residential household
equipped with a split-phase power supply. The experimental setup involved seven
commonly used household appliances: a mini-split air conditioner, a microwave oven,
a coffee maker, a blender, an electric skillet, an electric heater, and an iron. These
appliances were distributed across various rooms in the home to reflect a typical

domestic setting. The technical information of appliances is presented in Table 5.1.

Each appliance was manually operated in its respective room location, which can
92
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Table 5.1: Technical information of the appliances used in the experiments.

Appliance Watts Room ON events OFF events
Prime Mini-split A/C 1260  Bedroom 30 30
Daewoo Microwave oven 1500  Kitchen 100 100
Silex Coffee maker 900 Kitchen 100 100
Black and Decker Blender 550 Kitchen 100 100
Black and Decker Electric skillet 1250  Kitchen 100 100
Atvio Electric heater 800  Living room 100 100
Panasonic Iron 1500  Laundry 100 100

be seen in Table 5.1, by switching it ON and OFF approximately 100 times (except for
the mini-split A/C, which was limited to 30 operations to avoid potential breakdown).
During the experiments, each appliance remained ON for 10 seconds and OFF for 10
seconds, allowing the event detection algorithm to capture at least 5 seconds of the
transient behavior associated with every switching event.

Throughout this process, the SM continuously measured a wide range of electrical
parameters, including active and reactive power, RMS values, and power quality
indicators. The real-time event detection algorithm embedded in the SM successfully
identified the ON/OFF transitions, storing the corresponding waveform segments for
further analysis. Figure 5.1 shows the installed smart meter and the selected appliances
used in the experiment.

It is important to emphasize that the experimental setup was replicated in a second,
completely different household with a distinct set of appliances. This was intentionally
done to demonstrate the generality and scalability of the proposed NILM system beyond
a single environment. To ensure consistency, the experiments in both households were
performed following exactly the same procedures. For clarity of presentation and to
avoid unnecessary repetition, the detailed description of experiments and results in the
following sections correspond only to House 1, while the results from House 2—obtained
under the same experimental protocol—are presented separately in Section 5.9. In
this way, the experiments and outcomes for both households are clearly distinguished,

allowing the reader to evaluate the system’s performance across different conditions.

5.2 Electrical Parameters Selection

While the smart meter was configured to record the transients of RMS current, active
power, and reactive power during event detection, an additional analysis was conducted

to validate this selection. Principal Component Analysis (PCA) was applied to the
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Figure 5.1: Testing environment: Smart meter installation and appliances used.

entire set of recorded electrical parameters to identify those contributing the most
variance during the experiments. This aimed to determine which features offer the
most informative representations of appliance behavior.

Figure 5.2 presents the results of the PCA, highlighting how certain features—such
as total and fundamental RMS voltages and the Total Harmonic Distortion of current
(THDi)—exhibit strong negative correlations in the first principal component. This
suggests that while these parameters show high variance, they tend to decrease when
other features increase. However, their usefulness for classification tasks is limited. For
instance, the voltage drop observed when an appliance is activated is not intrinsic to
the appliance itself but is instead a byproduct of the home’s electrical wiring. Likewise,
variations in THDi or fundamental RMS current are influenced by the presence of other
simultaneous loads, reducing their reliability as standalone indicators.

In contrast, RMS current, active power, and apparent power—along with the power
factor—demonstrate stronger discriminative capabilities. Among them, active and
reactive power provide a concise yet effective summary of the energy behavior of
appliances. This analysis confirms that the transients of RMS current, active power, and
reactive power are sufficient to represent appliance signatures for NILM classification

purposes.

5.3 Detected events

A total of 1260 switching events were detected during the data acquisition stage, equally

divided between ON and OFF transitions. Figure 5.3 presents the normalized active
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Figure 5.2: Weights of the electrical parameters in the first principal component.

power trajectories associated with each event across the different appliances, plotted
over a H-second window. Each subplot shows the sequence of switching instances for
one appliance, with red arrows indicating the typical ON and OFF points.

The consistent overlap of trajectories for each appliance suggests that the system
captures stable and repeatable power signatures. Loads such as the heater and steam
iron exhibit highly uniform patterns, indicating minimal intra-class variability. On the
other hand, more dynamic transients can be observed in appliances like the microwave
and air conditioner, likely due to multi-phase startup behavior or internal control cycles.

These results confirm that the smart meter reliably detects characteristic transients
during switching events and that these patterns offer sufficient discriminative
information to support unsupervised clustering and classification tasks. To enable
the training and evaluation of future algorithms, the detected events of Figure 5.3
were organized into two separate unlabeled datasets: one corresponding to appliance
ON events and the other to OFF events. Each dataset exhibits a three-dimensional
structure with the shape (630, 500, 3), where the first dimension represents the number
of samples, the second corresponds to the time points captured for each event, and the
third dimension contains the electrical features (RMS current and active and reactive
power). A representation of the dataset structure is provided in Figure 5.4, which
illustrates the arrangement of samples, time windows, and features. It should be noted
that this arrangement may vary depending on the input shape required by the specific
AT model.
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5.4 Feature Extraction via Autoencoder

The 1D-CNN Autoencoder architecture, illustrated in Figure 4.4, was employed
to extract latent features from time series signals of detected ON/OFF events by
learning abstract representations directly from raw data. Unlike approaches based
on handcrafted features, this model captures the essential temporal dynamics through
a fully data-driven process. The encoder compresses the input by identifying common
patterns across events, while the decoder reconstructs the original signal from the latent
representation. The accuracy of this reconstruction indicates that the encoded features
effectively retain the most relevant information, serving as both a validation of feature
quality and an indirect measure of the model’s ability to generalize across unseen data.

As illustrated in Figure 5.5, the reconstructed signals closely match the original
inputs, confirming that the learned latent space retains the core structure and behavior
of the electrical events. This visual evidence is supported by a quantitative evaluation
using an R-squared metric, where the model achieved a score of 0.99 on the test set,
based on an 80/20 training and test partition. The model was trained over 20 epochs,
which proved sufficient to reach convergence without any signs of overfitting. This high
level of accuracy suggests that the encoding preserves sufficient detail for downstream
tasks while maintaining generalization.

By translating each event into a compact feature vector, the Autoencoder facilitates
efficient clustering and classification in later stages of the NILM system. These
latent vectors are especially valuable for distinguishing subtle differences between
appliance signatures. The resulting feature space thus provides a robust foundation for
unsupervised learning, enabling the system to identify appliance usage without labeled
data.

5.5 Unsupervised Clustering and Dataset Creation

Once the latent representations were extracted from the detected events through the
Autoencoder model, an unsupervised clustering process was performed to group similar
events without requiring prior labels. The K-means clustering algorithm was applied
to the latent space, with the number of clusters automatically determined using the
Silhouette method, as previously described.

For the ON events, the optimal number of clusters identified was seven, which
matches the number of appliances monitored in the experiment. Figure 5.6a presents the

latent space representations projected into two dimensions using PCA for visualization.
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Figure 5.5: Comparison between the original event and reconstructed event from latent space
using 1-D CNN Autoencoders.

The resulting clusters are depicted in Figure 5.6b, where clear separation among
the seven clusters can be observed. Given that the ground truth appliance labels
were known, the clustering performance could be quantitatively evaluated, yielding an
accuracy of 99.23%, a recall of 99.31%, a precision of 99.31%, and a F1-score of 99.30%.

For the OFF events, the same number of centroids identified from the ON events
was used to maintain consistency. The PCA projection of the latent representations for
the OFF events is shown in Figure 5.6¢, while the clustering results are illustrated in
Figure 5.6d. Despite the potentially lower distinctiveness of OFF events, the clustering
still achieved high performance, with an accuracy of 98.11%, a recall of 98.21%, a
precision of 98.46%, and a Fl-score of 98.24%.

The clustered ON and OFF events were subsequently integrated into a single labeled
dataset. Each cluster was assigned a numerical label ranging from 0 to 13, reflecting
the total of fourteen clusters identified: seven corresponding to ON events and seven
to OFF events. This unified and labeled dataset serves as the input for the supervised
learning models described in Section 4.5.

To further evaluate the effectiveness of the clustering process and the automatic
selection of the number of clusters through the silhouette method, two additional
experiments were conducted. In both cases, the number of clusters was determined
solely using the ON events, as these are generally more distinctive and easier to separate.

In the first experiment, the clustering process was repeated progressively, starting
with only two appliances and then gradually increasing the number to three, four,
and so on, until all seven appliances were included. For each case, clustering was
performed using the latent space representations obtained during feature extraction,

and the silhouette method was used to automatically select the optimal number
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appliances and the corresponding K-means clustering results.
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Figure 5.7: Effect of increasing the number of appliances on the automatic selection of the
number of clusters.

of clusters. As shown in Figure 5.7, the clustering results accurately reflect the
growing number of appliances, with the correct number of clusters identified in each
scenario. Additionally, the clustering accuracy remained consistently high throughout
the experiment, achieving 100% accuracy with two and three appliances, followed
by 99.41% with four, 99.54% with five, 99.08% with six, and 99.22% with seven
appliances. The second experiment assessed the robustness of the automatic K selection
by analyzing all possible unique combinations of the seven appliances, resulting in
a total of 120 different tests. For each combination, the number of clusters was
automatically selected using the silhouette score. Figure 5.8 compares the actual
number of appliances present in each combination with the number of clusters identified
by the algorithm. The method successfully matched the correct number of clusters in
88% of the cases, demonstrating its strong ability to generalize and adapt to varying
appliance combinations.

Together, these experiments confirm the reliability of the clustering process and its
ability to automatically adapt to different scenarios, without requiring manual tuning

of the number of clusters.

5.6 Classification with Deep Learning Models

Using the previously generated dataset with the automatic clustering technique, the

models presented in Section 4.5 were tested to classify the ON and OFF events from
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Figure 5.9: Training behavior of the 1D-CNN model in terms of loss and accuracy.

the seven appliances. The results for the 1D-CNN model are discussed first, while the
performance of the remaining models will be addressed later in this subsection.

The 1D-CNN model, whose architecture is displayed in Figure 4.5, was trained
using an 80/20 training and test split. The training process lasted 90 epochs, and the
evolution of the loss and accuracy throughout the training is presented in Figure 5.9.
Specifically, Figure 5.9a shows the progressive reduction of the loss function over the
epochs, with rapid convergence during the initial phase and stabilization as training
progresses. Similarly, Figure 5.9b illustrates the accuracy trends, where both the
training and test datasets achieved stable performance above 95% after approximately
20 epochs, with minor fluctuations observed. Once the model was trained, its

classification effectiveness was evaluated. Figure 5.10a presents the confusion matrix,
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Figure 5.10: Classification performance of the 1D-CNN model

highlighting a high rate of correct classifications across nearly all appliance classes,
with only minimal misclassifications. Additionally, Figure 5.10b displays the Receiver
Operating Characteristic (ROC) curves for each class, showing that most appliance
classes achieved an Area Under the Curve (AUC) close to or equal to 1.0, reflecting
excellent classification performance.

The final evaluation metrics of the 1D-CNN model indicate a classification accuracy
of 99.23%, a precision of 98.72%, a recall of 99.06%, and an F1-score of 98.82%. These
results are summarized in Table 5.2, confirming the model’s capability to reliably
identify appliance events using the features extracted during the previous stages. The
next model evaluated is based on the LSTM architecture, as illustrated in Figure 4.7.
The training and testing were conducted using the same dataset obtained in the
clustering section, following an 80/20 split for training and testing, respectively.

Figure 5.11 shows the training behavior of the LSTM model. In Figure 5.11a,
the loss over epochs is presented, where a noticeable reduction is observed as training
progresses, though with certain oscillations due to the nature of recurrent architectures.
In parallel, Figure 5.11b illustrates the accuracy over epochs for both the training
and testing datasets. The model consistently achieved high accuracy throughout the
training process, with the test accuracy gradually stabilizing near its highest values.

The classification performance of the LSTM model is detailed in Figure 5.12.
The confusion matrix, displayed in Figure 5.12a, indicates a strong classification
performance across most classes, with only minor misclassifications in some appliance
categories. Additionally, the ROC curves for each class are shown in Figure 5.12b,
where most classes achieved an AUC of 1.00, except for classes 10 and 11 with slightly

lower values, which still demonstrate excellent separability.
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Quantitatively, the LSTM model achieved an accuracy of 98.97%, a precision of
99.21%, a recall of 98.90%, and an Fl-score of 99.02%, as reported in Table 5.2.

The performance of the WaveNet-based model, depicted in Figure 4.6, was also
assessed using the same dataset partition described earlier. The training dynamics
of this model are presented in Figure 5.13. The loss curve in Figure 5.13a highlights
a consistent decrease in the training loss, though periodic fluctuations were observed
throughout the process. Despite these fluctuations, the loss steadily approaches low
values. The accuracy plot in Figure 5.13b demonstrates that both training and testing
accuracies remained consistently high after the initial epochs, ultimately converging to
stable values near 100%.

The classification results are summarized in Figure 5.14. The confusion matrix in
Figure 5.14a shows that most appliance classes were correctly identified, with only a few

instances of misclassification concentrated in class 11. The ROC curves in Figure 5.14b
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Figure 5.13: Training behavior of the WaveNet model in terms of loss and accuracy.
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Figure 5.14: Classification performance of the WaveNet model

confirm the strong classification capability of the model, as most classes achieved an
AUC close to or equal to 1.00.

In terms of overall metrics, the WaveNet model attained an accuracy of 98.71%,

a precision of 99.10%, a recall of 98.44%, and an F1l-score of 98.65%, as summarized

in Table 5.2.

To further evaluate the generalization performance of the tested

models, a 5-fold cross-validation experiment was conducted. The results, presented in
Figure 5.15, compare the test accuracy of the LSTM, 1D-CNN, and WaveNet models

across all five folds. Despite some variation in individual fold performance, all models

Table 5.2: Classification performance of the tested models.

Model Accuracy (%) Precision (%) Recall (%) Fl-score (%)
1D-CNN 99.23 98.72 99.06 98.82
LSTM 98.97 99.21 98.90 99.02
WaveNet 98.71 99.10 98.44 98.65
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Figure 5.15: Comparison of LSTM, 1D-CNN, and WaveNet Models in a 5-Fold Cross-

Validation Test.

consistently achieved high accuracy levels. The 1D-CNN model demonstrated the most
stable performance, with an average accuracy of 98.53%. The WaveNet model followed
closely with 98.38%, while the LSTM model achieved 97.91%. These results confirm the
robustness of all three models and indicate that the proposed classification framework
generalizes well across different data partitions.

Also, an experiment was conducted to evaluate how the number of training samples
per class affects model performance. In this test, different subsets of the full dataset
were created by selecting increasing percentages of samples per class, ranging from 20%
to 90%. For each subset, the standard 70/30 training and testing split was maintained.
As shown in Figure 5.16, all models demonstrated noticeable improvements in accuracy
as more data became available. At lower data availability (20-30%), the 1D-CNN
performed more robustly than the LSTM and WaveNet models. However, starting at
around 40%, both LSTM and WaveNet models began to outperform the CNN, with
their accuracy converging near 99% when 60% or more of the total samples were used.
This indicates that while 1D-CNNs may be better suited for scenarios with limited
data, LSTM and WaveNet architectures benefit significantly from larger datasets and

exhibit superior generalization once a sufficient number of samples per class is available.
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of the 1D-CNN, LSTM, and WaveNet models.

5.7 Computational Performance

To provide a comprehensive comparison among the tested deep learning models,
computational efficiency was also evaluated. All experiments were conducted on a
machine equipped with an AMD Ryzen 9 6900HS processor and an NVIDIA GeForce
RTX 3060 Laptop GPU. Table 5.3 summarizes the computational characteristics of the
1D-CNN, LSTM, and WaveNet models. These insights, combined with the accuracy
results presented earlier, allow for a well-rounded analysis of each approach’s strengths
and limitations.

The 1D-CNN model demonstrated excellent classification performance, achieving
the highest accuracy (99.23%) and strong generalization, as confirmed by its average
cross-validation score of 98.53%. Additionally, it was the most efficient in terms of
training and inference times, completing training in just 27.14 seconds and performing
inference in 0.0026 milliseconds per sample. These features make it highly suitable for
real-time applications. However, its simplicity comes with a cost in model size: the
1D-CNN had the largest number of trainable parameters (over 2.2 million), resulting
in a memory footprint of 12.82 MB. The LSTM model, while slightly less accurate
(98.97%), offered the best balance between performance and efficiency. It achieved the
highest F1-score (99.02%) and had the smallest number of parameters (73,274), leading

to a compact memory size of just 8.97 MB. In terms of computational requirements,
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Table 5.3: Detailed comparison of the tested models.

Metric 1D-CNN LSTM WaveNet
Training time (s) 27.14 41.89 127.61
Model parameters 2,226,584 73,274 1,194,389
Inference time (batch, s) 0.001004  0.001014  0.005034
Inference time per sample (ms)  0.0026 0.0026 0.0194
Trainable params 2,226,584 73,274 1,194,389
Non-trainable params 0 0 0
Total mult-adds 46.04 MB 271.51 MB 2.36 GB
Input size (MB) 0.10 0.10 0.10
Fwd/back pass size (MB) 3.81 8.58 96.98
Params size (MB) 8.91 0.29 4.78
Estimated total size (MB) 12.82 8.97 101.85

it maintained a low inference time comparable to the 1D-CNN (0.0026 ms/sample),
although its training time was longer than the 1D-CNN model (41.89 seconds). These
characteristics make the LSTM particularly attractive for deployment in embedded
systems or low-power environments, especially when model size is a critical constraint.

In contrast, the WaveNet model—while competitive in accuracy (98.71%) and
cross-validation performance (98.38%)—was significantly more resource-intensive. Its
architecture, which includes dilated causal convolutions, provides a high capacity
for learning complex temporal dependencies, which is reflected in its near-perfect
ROC curves. However, this complexity results in substantial computational
overhead: training took 127.61 seconds, and inference was notably slower (0.0194
ms/sample). Furthermore, the model performed over 2.36 billion multiply—add (mult-
add) operations, a metric that quantifies the total number of multiplication and addition
steps required during computation. This high count, along with a memory footprint
of 101.85 MB, underscores the model’s demand for processing power and makes it less

practical for deployment in real-time or resource-limited scenarios.

5.8 Dataset Adaptability in Supervised Learning
Model

As discussed in Section 5.5, the self-adaptive capability of the k-means algorithm
with automatic centroid selection was evaluated by varying the number of appliances
and testing all possible appliance combinations. This experiment demonstrated how
effectively the method could infer the number of events present in an unlabeled dataset

under different configurations.
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Figure 5.17: Classification performance of the LSTM model across the 120 appliance
combinations.

To extend this adaptability analysis to a supervised DL model, all 120 possible
combinations of appliance presence (considering both ON and OFF events) were used
to retrain and evaluate an LSTM-based model. This particular architecture was
chosen given its balance between computational efficiency and classification accuracy,
as previously evidenced in Table 5.3.

The results of this experiment are presented in Figure 5.17. After applying a 70/30
train—test split across all combinations, the model depicted in Figure 5.12 achieved
overall performance scores of 98.80% accuracy, 98.87% precision, 98.90% recall, and
98.73% F1-score. Notably, only four appliance combinations resulted in an accuracy
below 90%. These findings highlight the robustness and adaptability of the LSTM-

based model when faced with diverse appliance configurations.

5.9 Cross-Household Generalization

To assess the robustness and generalization ability of the proposed NILM system, all
experiments were replicated in a second residential environment. The designed smart
meter was installed in House 2, which, as in House 1, uses a split-phase electrical
configuration. In House 2, seven distinct appliances—blender, grinder, induction oven,
microwave oven, toaster, and vacuum—were systematically switched ON and OFF 100
times each. During each cycle, appliances remained ON for 10 seconds and OFF for
10 seconds, ensuring that the event detection algorithm captured at least 5 seconds of

transient behavior in the RMS current as well as in the active and reactive power for
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Figure 5.18: ON events generated in House 2 for the seven appliances, corresponding to their
active and reactive power signatures.

every switching event. This procedure generated 200 events per appliance, as illustrated
in Figure 5.18.

All experiments were repeated from scratch: the event detection algorithm was
applied to extract ON and OFF switching events, followed by clustering with automatic
k selection to group similar signatures to create a tailored dataset, and finally appliance
classification using the LSTM model introduced in Figure 4.7, which had shown a
favorable balance between accuracy and computational efficiency in prior evaluations.

The clustering algorithm continued to perform exceptionally well in this new
environment. For OFF events, the clustering yielded perfect scores across all metrics,
achieving 100.00% accuracy, recall, precision, and Fl-score. For ON events, the
performance remained strong, with an accuracy of 99.71%, recall of 99.72%, precision
of 99.74%, and Fl-score of 99.73%. These results confirm that this clustering approach
is highly stable and reliable across different household conditions, which is further

illustrated by the clear cluster separation observed in the PCA projections of Fig. 5.19.

Moreover, the automatic estimation of the number of clusters (k) was re-assessed
over all 120 possible combinations of appliances, with the correct number of clusters

being identified in 90.83% of the cases. This outcome underscores the adaptability
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Figure 5.19: Clustering of ON and OFF events using k-means with automatic cluster selection,
visualized through a two-dimensional PCA projection.

Table 5.4: Clustering and classification results for House 2, including LSTM performance with
cross-validation and k-selection accuracy.

Experiment Accuracy (%) Precision (%) Recall (%) Fl-score (%)
Clustering OFF Events 100.00 100.00 100.00 100.00
Clustering ON Events 99.47 99.48 99.43 99.44
LSTM Classification 99.31 99.38 99.19 99.26

k Selection Accuracy (120 combinations): 90.83%

and robustness of the unsupervised k-selection mechanism when exposed to new
environments and varied appliance mixes.

For the final classification task, the LSTM model was evaluated on the complete
dataset, which combined the seven ON-event classes and the seven OFF-event classes,
resulting in a total of 14 classes. Using a cross-validation strategy, with five folds the
LSTM model achieved an overall accuracy of 99.47%, with a recall of 99.43%, precision
of 99.48%, and Fl-score of 99.44%. These results demonstrate the system’s capacity
to generalize effectively to unseen households, maintaining high performance in both
unsupervised and supervised stages. A summary of the key results is presented in
Table 5.4. To further validate the generalizability of the proposed NILM system, an
external benchmark was conducted using the public PLAID dataset. Despite inherent
challenges—such as variability in sampling setups and appliance location inconsistencies
across houses—the PLAID dataset provides a valuable reference since it contains
measurements from multiple locations and includes 17 different appliance classes. The
dataset consists of submetered ON events recorded over 42 cycles at a fundamental
frequency of 60 Hz, with raw current and voltage sampled at 30 kHz [112].

Since the LSTM model of Figure 4.7 was selected for deployment in the web
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Figure 5.20: Transient ON-event signatures computed from PLAID data after preprocessing
the raw voltage and current signals into RMS current, active power, and reactive power.

application, it was also tested on PLAID events. Specifically, the subset corresponding
to the CMU Lab location was chosen, as it provided the largest number of appliances
and recorded events per appliance compared to the other locations, offering a richer
and more balanced evaluation set. This subset includes 11 appliance classes: compact
fluorescent lamp, fridge, vacuum, coffee maker, incandescent light bulb, water kettle, fan,
air conditioner, hair iron, laptop, soldering iron and blender.

As the PLAID dataset provides raw current and voltage signals, pre-processing was
required to align with the model’s input representation. RMS current, active power,
and reactive power were computed from the 30 kHz waveforms, resulting in transient
ON-event signatures with a duration of approximately 0.7 seconds, as illustrated in
Figure 5.20. To ensure a fair evaluation, the blender appliance class was excluded
due to its extremely limited availability (only two events). The model was trained
and evaluated using a 70/30 train-test split, following the same methodology as in the
previous experiments. The proposed LSTM achieved an accuracy of 96.15%, recall
of 97.30%, precision of 97.16%, and Fl-score of 96.86%, confirming that it maintains
competitive performance even on external datasets with unseen appliances and different

acquisition conditions. A per-class performance breakdown is provided in the confusion
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Figure 5.21: Confusion matrix of the LSTM model evaluated on the PLAID dataset (CMU
Lab subset).

matrix of Figure 5.21, which highlights the classification capability across the diverse set
of appliance events. Additionally, the PLAID dataset with the LSTM model was also
tested with five-fold cross-validation, yielding mean values across the folds of 97.54%
test accuracy, 97.86% precision, 97.54% recall, and 97.49% F1-score.

5.10 Event Classification Web Response Time

To evaluate the latency between the detection of an electrical event by the smart meter
and its classification by the server, an experiment was conducted using the real-time
detection and classification infrastructure developed in this work. The smart meter was
configured to record the UTC timestamp at the moment an ON event was detected.
This timestamp was then transmitted through the IoT pipeline to the web server, where
the event was processed and classified.

The web application was deployed using the Heroku cloud platform, as detailed
in Chapter 3. Specifically, the application operated under the dyno General Purpose
4CPU-16GB configuration, which provides 16GB of RAM and 4x dedicated vCPUs.
These specifications allowed for consistent background processing of incoming MQTT
messages and near real-time classification of events through the DL learning model.

Table 5.5 presents 10 event samples from the experiment. Each row includes the

timestamp when the event was detected by the smart meter, the timestamp when the
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event was classified on the server, and the calculated delay At between these two points.

For the entire experiment, the calculated Mean At was 1.05 s.

Table 5.5: Event detection and classification response times.

Sample Detection Time (Smart Meter) Classification Time (Server) At (s)
1 03:54:14.800 03:54:15.876 1.08
2 03:54:24.870 03:54:25.935 1.07
3 03:54:34.180 03:54:35.260 1.08
4 03:54:44.970 03:54:46.002 1.03
5) 03:54:55.830 03:54:56.862 1.03
6 03:55:07.400 03:55:08.438 1.04
7 03:55:31.760 03:55:32.799 1.04
8 03:55:41.390 03:55:42.405 1.01
9 03:56:06.640 03:56:07.718 1.08
10 03:56:19.920 03:56:21.013 1.09




Chapter 6

Conclusions and Future Work

6.1 Conclusions

In this work, the design and implementation of an IoT-based Non-Intrusive Load
Monitoring system capable of real-time operation in real residential environments is
introduced. The proposed system integrates event detection for ON and OFF states,
unsupervised learning for automatic appliance dataset generation, and deep learning-
based classification for load classification. Additionally, a web-based interface was
developed to provide remote monitoring and event visualization, while the system’s
deployment in actual households demonstrated its adaptability to different electrical
consumption profiles.

Building upon this, the integration of a real-time event detection and disaggregation
algorithm within the smart meter enabled the precise identification of appliance
switching events from aggregated load signals. During the experiments, all the ON
and OFF events generated by the 14 monitored appliances (seven appliances in House
1 and seven appliances in House 2) were accurately detected. The processing at the
edge device reduced unnecessary data transmission while maintaining reliable detection
performance, which is essential for enabling responsive and scalable NILM systems.

The use of unsupervised learning techniques enabled the automatic creation of
a tailored appliance-specific dataset, avoiding the need to rely on public datasets
that, for real-world implementations, would require hundreds of different appliances
to encompass the diversity found in residential environments. Such extensive datasets
typically demand the use of highly complex deep learning models for training, increasing
computational requirements and reducing deployment practicality. By focusing on
the actual appliances present in the monitored households, the system reduced model

complexity while maintaining classification relevance. This strategy not only adapted to
114
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the unique load characteristics of each environment but also enhanced the replicability
of the project, allowing similar systems to be deployed in other settings with minimal
retraining effort.

Furthermore, the comparative evaluation of three deep learning architectures for
time series classification—namely, a 1D Convolutional Neural Network, a Long Short-
Term Memory network, and a WaveNet—showed that all models achieved accuracy,
precision, recall, and Fl-score values above 97%. Among them, the LSTM model
emerged as the most suitable option, offering a better balance between predictive
performance and computational efficiency. This advantage allowed the classification
module to operate effectively in both edge and cloud-based processing workflows
without compromising operational speed.

In addition, the development of a web application with an integrated classification
module provided a platform for visualizing detected events and their corresponding
classifications in real-time. The [oT architecture implemented enabled the processing
of streaming data such that, on average, an event could be classified in approximately
1.05 s from the moment the three signatures of the event were sent from the smart
meter to the point when the model inferred an output on the server. This capability
supported timely feedback to the user, enhancing the practicality of energy monitoring
and management applications.

Moreover, the deployment of the proposed NILM system in two different residential
environments demonstrated its robustness and adaptability. Across diverse electrical
usage patterns, the system maintained classification accuracy over 95% and stable
operation, confirming its applicability for real-world energy monitoring scenarios and
its potential for large-scale deployment.

Finally, the experimental results strongly validate the proposed hypothesis,
demonstrating that the developed IoT-based NILM system—integrating real-time event
detection and unsupervised learning to build a self-adaptive appliance dataset—can
achieve accurate and scalable appliance-level disaggregation in real residential
environments. The system surpassed the stated performance targets, achieving over
95 % accuracy in both event detection and classification, which sets a solid benchmark
for practical NILM implementations. Moreover, the average response time of only 1.05
s from event signature transmission to server-side inference is well below the 3-second
threshold defined in the objectives, ensuring that the system operates within real-time
requirements for IoT-based NILM in residential environments. These outcomes were
achieved without relying on public datasets or high-frequency parameters, confirming

the feasibility, efficiency, and robustness of the proposed approach across diverse real-
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world conditions.

6.2 Future Work

Future research could explore the
integration of non-intrinsic contextual parameters—defined as factors external to the
electrical signatures themselves that influence appliance usage—into the classification
process. Information such as the time of day when an appliance is switched on or off,
the number of times it operates within a given period, and seasonal or day-of-week
usage patterns could complement electrical signatures. Incorporating these parameters
into the deep learning models may improve robustness, particularly when distinguishing
between appliances with similar electrical characteristics. This assumption is based on
the rationale that additional contextual features provide supplementary information
that could help the model differentiate appliance usage patterns, potentially enhancing
detection accuracy through context-aware classification strategies.

Also, an important direction involves the development of a new smart meter
architecture capable of training and deploying deep learning models directly on the
device. This would require optimization techniques such as model quantization,
pruning, and on-device transfer learning to fit the constraints of embedded hardware.
By enabling the classification algorithm to operate entirely within the smart meter,
the system could reduce latency, enhance privacy, and maintain reliable operation in
environments with limited or intermittent connectivity.

Another area of interest is the extension of the system to handle complex appliances
with multi-phase operational cycles, such as washing machines or dishwashers. These
devices involve multiple subsystems that operate sequentially or simultaneously,
producing diverse electrical patterns over a single usage cycle. In addition, expanding
the event detection and classification framework to manage simultaneous events from
multiple appliances would improve performance in high-activity households and better
reflect real-world operating conditions.

Further advancements could also involve multi-label classification and sequence-to-
sequence modeling to address overlapping and interdependent appliance events. This
would allow the system to capture the dynamic interactions between multiple devices,
moving beyond isolated event recognition toward a more comprehensive understanding

of household energy usage.
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Appendix C

Smart Meter
C.1 PCB Design

KN

Figure C.1: Schematic diagram of the designed IoT smart meter.
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C.2 PCB Design
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Figure C.2: PCB of the designed IoT smart meter.

C.3 Firmware

https://github.com/omarmuoz-lab/Smart-

Meter/tree/main/Firmware


https://github.com/omarmuoz-lab/Smart-Meter/tree/main/Firmware
https://github.com/omarmuoz-lab/Smart-Meter/tree/main/Firmware
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