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Abstract

This thesis presents an integrated framework for demand- and supply-side

intelligence in smart-building Energy Management Systems (EMS) designed for

deployment on resource-constrained edge-computing platforms. The demand-side

research focuses on appliance load monitoring using the cost-efficient Non-Intrusive

Load Monitoring (NILM) approach. Current state-of-the-art NILM methods face

limitations, including poor generalization to domain shifts and high computational

requirements. Initially, a theoretical study of convolutional neural network-based

NILM architectures is conducted, quantifying performance degradation under do-

main shifts through a first-order Taylor expansion and identifying the primary

error sources that affect generalization. To solve this practical limitation, a novel

training-less NILM framework is developed, combining a probabilistic appliance

state model, dynamic programming for sequential updates, a lightweight base-load

estimation module, and a population-based incremental learning algorithm. The

proposed method operates in real-time, is robust to domain shifts, and eliminates

the need for abundant appliance-specific training data.

The supply-side research focuses on model-based PV diagnostics, with a par-

ticular emphasis on enhancing parameter identification under real-world operating

conditions. Current model-based methods for monitoring PV modules typically

rely on the single-diode model (SDM) or its variants, assuming uniform operating

conditions that are rarely achieved in real-world applications. When a PV mod-

ule operates under mismatching conditions, estimating SDM parameters under the

assumption of uniformity introduces errors that render the parameters unreliable

for diagnostic purposes. As a first step, a multi-objective optimization framework

is developed for the joint identification of parameters in static and dynamic PV

models, integrating current-voltage (I-V) curve data with impedance spectroscopy

(IS) measurements to produce physically meaningful parameter estimates. How-

ever, this approach is currently limited by its reliance on IS hardware, which is not

yet sufficiently mature for online PV applications. To overcome this limitation, a

self-adapting seven-parameter Double Single-Diode Model (D-SDM) is introduced,
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which estimates parameters using only I-V data. A robust error function is pro-

posed to isolate valid curve segments, and evolutionary algorithms are employed for

parameter fitting, ensuring stable and accurate estimation under real-world oper-

ating conditions, while reliably detecting degradation phenomena such as increases

in series resistance.

Finally, to demonstrate the practical feasibility of the technical advance-

ments developed in this thesis, the NILM and PV diagnostic frameworks are de-

ployed into a unified edge-computing platform capable of executing both tasks con-

currently. The system is tested on a Raspberry Pi 4 running Home Assistant, an

open-source platform widely used for home automation. All processing is performed

locally on the edge device, and results are delivered through a single, integrated

interface that ensures user privacy and ease of use. Experimental validation con-

firms that the platform maintains low latency, stable performance, and continuous

operation while providing real-time demand- and supply-side monitoring. Further-

more, to support large-scale deployment of edge-based energy monitoring solutions,

a commercialization strategy is proposed that combines local computation with op-

tional cloud-based services such as accurate appliance modeling, forecasting, and

automated insights. This strategy targets residential users, PV system owners, and

professional installers, offering a scalable and cost-effective solution for real-time

energy monitoring and management in smart buildings.

This thesis is conducted within the framework of the SMARTGYsum (SMART

Green energY Systems and bUsiness Models) research and training program. The

main objective of this Innovative Training Network (ITN) is to establish a mul-

tidisciplinary and innovative framework that integrates academic and industrial

expertise to train a new generation of Early Stage Researchers (ESRs) capable of

advancing the European Green Energy Economy. SMARTGYsum specifically fo-

cuses on equipping ESRs with essential knowledge, methodologies, and practical

skills across various disciplines related to the energy ecosystem. The program em-

phasizes the Renewable Electric Energy Systems (REES), aiming to support the

development and consolidation of business models that facilitate the integration of

renewable technologies into the energy system.
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1
Introduction

1.1 Smart-Building Energy Management in Con-

text

Buildings are responsible for more than one-third of total electricity con-

sumption and a comparable share of greenhouse gas emissions in developed coun-

tries [1]. This share continues to grow due to the increasing electrification of

heating, cooling, and mobility. To address this trend, energy policies are mov-

ing toward greater efficiency, decarbonization, and local generation. These goals

require Energy Management System (EMS) capable of supervising energy flows

with fine temporal resolution, allowing for dynamic optimization of demand and

supply under changing environmental and operational conditions [2, 3].

Modern EMS relies on data streams made available by smart grid infrastruc-

ture. Smart meters, sensors, and communication technologies provide continuous

information on building energy consumption. These capabilities enable several

energy services, including fault detection [4], short-term load forecasting [5], and

automated demand response [6]. However, most existing monitoring systems focus

on aggregate signals, which limit visibility of individual behaviors within the build-

ing and reduce the precision of optimization strategies. Furthermore, occupant

behavior introduces frequent and unpredictable variations that EMS must manage

in real-time [7].

On-site renewable energy production, particularly from Photovoltaic (PV)

3
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systems, introduces additional challenges. PV systems are affected by external

and dynamic environmental conditions such as irradiance, temperature, and shad-

ing. These factors directly impact the electrical characteristics of PV modules and

result in variations in energy production throughout the day. Phenomena like par-

tial shading, soiling, and ageing can alter the internal behavior of the modules in

non-uniform ways, degrading performance and making it difficult to estimate the

system’s state accurately [8]. Inconsistent or delayed detection of these conditions

can reduce yield, compromise system reliability, and lead to suboptimal control

decisions by the EMS [9].

To operate effectively, EMS must access detailed and reliable information

about both consumption and production. Cloud-based solutions have traditionally

been used to process such data, but they involve high latency, increased communi-

cation overhead, and raise privacy concerns [10,11]. Edge computing has emerged

as a viable alternative by enabling local data processing directly within the build-

ing environment [12]. This architecture reduces reliance on external servers and

enhances data privacy and responsiveness. However, the computational resources

of edge devices are limited, particularly in residential contexts where cost con-

straints favor low-power platforms. These constraints require the design of efficient

algorithms that can operate with minimal memory, processing power, and energy

consumption while still maintaining accurate and timely EMS operation [13].

The integration of real-time energy monitoring with edge-based EMS intro-

duces a complex set of requirements. On the demand side, systems must deliver

detailed and timely information on appliance-level consumption without relying

on intrusive sub-metering. Non-Intrusive Load Monitoring (NILM) offers a viable

solution but must operate efficiently on low-power edge devices while maintaining

robustness under noisy and dynamic household conditions [14]. Real-time feedback

from NILM is essential for enabling demand-response actions, detecting abnormal

consumption patterns, and optimizing control decisions at the appliance level.

On the supply side, EMS requires continuous and accurate diagnosis of PV

system performance to ensure reliable generation forecasts, fault detection, and

long-term system integrity. To maintain effective EMS operation, PV diagnosis

must identify changes in key electrical parameters, such as series resistance, with

high sensitivity and stability across varying irradiance levels. These estimations
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must be performed frequently to reflect real-time conditions and integrated into the

EMS without imposing excessive computational loads. This requirement becomes

even more stringent when diagnosis is implemented on edge devices. Consequently,

PV diagnostic algorithms must balance accuracy and robustness with efficiency, en-

suring they remain functional under hardware limitations while supporting critical

EMS tasks [15].

Combining these functions within the constraints of edge computing involves

balancing accuracy, speed, and hardware limitations. EMS must integrate ro-

bust NILM and PV diagnostic tools that function with minimal resources, while

still providing the precision and responsiveness needed for effective optimization.

These challenges define the operational context for future EMS, which must deliver

reliable, autonomous energy management within realistic smart-building environ-

ments.

1.2 NILM and Demand-Side Intelligence

EMS requires detailed knowledge of consumption patterns to perform fine-

grained control, detect inefficiencies, and respond to user behavior in real time.

However, most buildings are equipped only with a single electricity meter that pro-

vides the total active power consumption of all devices combined. This aggregated

signal hides the operation of individual appliances, making it difficult to optimize

energy use, detect faults, or provide feedback to occupants. While the installa-

tion of dedicated sub-meters can resolve this issue, it remains economically and

logistically impractical in most residential and small-commercial settings [16].

NILM addresses this problem by estimating the power consumption of indi-

vidual appliances from the aggregated signal, using algorithms that disaggregate

the total load into its constituent components [17]. Figure 1.1 presents a diagram

of load monitoring approaches, with the intrusive approach depicted on the left and

the non-intrusive approach on the right. Since its original formulation, NILM has

evolved from simple thresholding and rule-based techniques to advanced machine

learning approaches that model the temporal dynamics of appliances with increas-

ing accuracy [18]. In particular, deep learning architectures such as sequence-to-

point and sequence-to-sequence convolutional networks have demonstrated state-
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of-the-art performance on benchmark datasets [19]. These methods learn appliance

signatures directly from data and can infer the state and power consumption of each

device with high accuracy [20].

(a) Intrusive Load Monitoring (b) Non-Intrusive Load Monitoring

Figure 1.1: Load Monitoring Approaches

Despite this progress, several challenges limit the deployment of NILM in

real-world EMS. First, most high-accuracy models require large volumes of la-

beled data for training, which is rarely available in domestic settings. The need

for appliance-specific annotations complicates the use of supervised methods, es-

pecially when the appliance inventory changes over time or differs across house-

holds [16]. Second, these models tend to overfit to specific usage patterns and strug-

gle with domain transferability, showing significant performance degradation when

applied to new environments with unseen loads [18]. Third, deep learning meth-

ods are computationally intensive and memory demanding, which hinders their

implementation on edge devices that operate under strict resource constraints [14].

In summary, existing NILM approaches achieve high accuracy under con-

trolled conditions but fail to generalize in the presence of unseen appliances, lim-

ited training data, and constrained hardware. There is a growing need for NILM

methods that are robust, adaptive, and compatible with real-time edge processing.

These limitations define the research gap for practical NILM deployment and mo-

tivate the development of algorithms that can be integrated into edge-based EMS

without sacrificing performance or usability.
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1.3 PV diagnostic and Supply-Side Intelligence

EMS in smart buildings must monitor not only consumption but also local

energy generation. PV systems, now widely adopted in residential and commercial

buildings, are subject to environmental variability, ageing, and physical mismatches

that affect their performance over time. Reliable supply-side intelligence, therefore,

requires continuous diagnostic capabilities to detect faults, assess degradation, and

maintain efficient operation under real-world conditions [21].

Model-based diagnostic methods are commonly employed to monitor the

state of PV systems by fitting electrical models to measured data [22]. The SDM

and its extensions are widely used to characterize the current-voltage (I-V) behavior

of PV modules. By estimating parameters such as series resistance, shunt resis-

tance, photocurrent, and ideality factor, these methods allow for the detection of

performance issues and the tracking of degradation trends over time [23]. Because

these parameters reflect internal physical changes in the module, model-based di-

agnostics provide a deeper understanding than simple energy output comparisons

or power ratio metrics.

The practical application of this approach has become increasingly feasible

due to the evolution of inverter technology. Many commercial inverters now include

integrated I-V curve tracing capabilities that allow the system to perform voltage

sweeps on demand or at scheduled intervals [24]. These measurements, originally

intended for commissioning and performance verification, can now be used to sup-

port continuous monitoring. Furthermore, advanced inverter architectures such as

Module-Level Power Electronics (MLPE) and microinverters enable I-V curve trac-

ing at the level of individual PV modules [25]. This increased resolution improves

fault localization and allows for a more granular and accurate diagnosis of system

health. Figure 1.2 illustrates the considered PV monitoring architecture. The in-

verter sent I-V curve data to a local edge-processing device. This on-site processor

analyzes the I-V curve in real-time and wirelessly transmits the processed data to

user dashboards.

Despite these advancements, significant challenges remain. Traditional pa-

rameter extraction techniques are based on the assumption of uniform irradiance

and temperature across the PV array. In real installations, this assumption is often
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Figure 1.2: Residential PV Monitoring Architecture

violated due to partial shading, dirt accumulation, and mismatched components,

resulting in distorted or non-standard I-V curves that are difficult to interpret.

These conditions degrade the reliability of the parameter estimates and reduce

their diagnostic value. Additionally, to be suitable for real-time EMS integration,

diagnostic algorithms must operate with low computational overhead and high ro-

bustness, particularly when deployed on resource-constrained edge devices.

In summary, the ability of modern inverters to trace I-V curves, both at

the string and module level, makes model-based PV diagnostic a practical and

powerful tool for supply-side monitoring. However, accurate diagnosis under non-

uniform conditions, consistent parameter estimation over time, and computational

efficiency remain open challenges. Addressing these issues is essential to provide

EMS with reliable real-time insights into PV performance and to ensure optimal

energy management in smart buildings.

1.4 Thesis Contributions: Guided by the Smart-

GySum Project Objectives

This thesis is developed within the framework of the SmartGySum project, a

European initiative aimed at supporting decentralized, intelligent, and sustainable

energy systems. The work contributes directly to the goals of Work Package 4

(WP4), titled End User of Energy and Prosumers, which promotes the integration
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Figure 1.3: Considered Integrated Architecture

of advanced monitoring tools, behavioral engagement mechanisms, and flexible en-

ergy strategies to optimize local energy consumption and production. WP4 specif-

ically encourages the use of power converters and Information and Communication

Technologies (ICT) to reduce energy demand, improve user awareness, and support

the practical deployment of intelligent control solutions in real environments [26].

In this context, the thesis addresses the technical and operational challenges

of online diagnosis and optimization of renewable energy sources and electrical

loads in smart buildings, with the aim of improving the EMS. Figure 1.3 provides

an overview of the architecture considered in this work. It illustrates the inte-

grated monitoring platform developed in the thesis, where both NILM and PV

parameter identification tasks are performed by the same edge computing device.

The processed information is made available to users through an external inter-

face, enabling real-time, decentralized energy monitoring. Besides increasing user

awareness and enabling timely maintenance, this information can then be used

by the EMS to perform optimization tasks, such as scheduling controllable loads,

improving self-consumption, identifying abnormal behaviors, and adapting energy

usage strategies based on current and predicted conditions.

Based on the considered architecture, the contributions of the thesis are
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structured around three main axes:

The first contribution focuses on demand-side monitoring through the de-

velopment and evaluation of NILM algorithms suitable for deployment in edge

devices. The thesis presents a theoretical and experimental analysis of convolu-

tional neural network-based NILM architectures (Seq2Seq and Seq2Point), quan-

tifying their sensitivity to domain shifts caused by the presence of unknown appli-

ances in the aggregated signal. Using a first-order Taylor expansion, the analysis

identifies the sources of error that limit transferability, providing a foundation for

designing future architectures with improved robustness under zero-shot learning

scenarios. To address the limitation of existing solutions, a novel training-less

NILM framework is proposed, combining a probabilistic model for appliance state

transitions, a dynamic programming algorithm for sequential state updates, and a

lightweight base load estimation module. These components are integrated using a

Population-Based Incremental Learning algorithm, resulting in a computationally

efficient NILM method suitable for real-time operation on constrained hardware.

The framework’s robustness and accuracy are demonstrated using public datasets.

The second contribution focuses on supply-side intelligence through the de-

velopment of improved PV parameter identification methods for robust diagnostics

under real operating conditions. The work builds on a preliminary result where

a multi-objective optimization framework jointly identified parameters for static

and dynamic PV models using Impedance Spectroscopy (IS) and current–voltage

(I–V) data, producing coherent and physically meaningful estimates. However, its

deployment is limited by the need for IS hardware, the sensitivity of Pareto front

solution selection, and the reliance on the uniformity assumption. To address these

limitations, a self-adapting seven-parameter Double Single-Diode Model (D-SDM)

is proposed, capable of accurately representing PV modules under both uniform

and mismatched conditions. The methodology estimates parameters directly from

I–V curves using evolutionary algorithms. A robust error function is proposed to

isolate the portion of the I–V curve in which all cells operate at a positive voltage.

The approach is validated using experimental and simulated I–V curves under vari-

ous mismatch patterns. Its capability for detecting degradation phenomena such as

series resistance increases is demonstrated through comparisons with the standard

SDM and the dynamic Constant Phase Element (CPE) model. Results confirm the
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stability, adaptability, and practicality of the method, which operates using only

I–V data, enabling cost-effective deployment in field monitoring systems.

The third contribution is the practical integration of both NILM and PV

parameter identification frameworks into a single edge-based platform. The same

hardware unit executes both monitoring tasks concurrently, processes data locally,

and exposes the results through a unified user interface. This implementation

demonstrates the feasibility of combining demand- and supply-side intelligence

into a decentralized EMS that functions autonomously in real environments. It

confirms that high-resolution monitoring and optimization can be achieved using

cost-effective, low-power embedded systems without compromising privacy or per-

formance. In addition, a commercialization framework is proposed to support the

deployment of the developed methods as a viable service, highlighting the impor-

tance of aligning technical innovation with practical pathways for adoption and

large-scale impact.

1.5 Structure of the Dissertation

The remaining parts of the dissertation are structured to address the key

research contributions developed throughout this work:

Part II presents the contributions related to demand-side moni-

toring through NILM.

Chapter 2 introduces NILM, defining its problem formulation and the chal-

lenges of estimating appliance-level consumption from aggregated measurements.

It outlines practical design constraints such as low-frequency active power sam-

pling and computational efficiency for edge devices. The chapter presents REDD

and UK-DALE as standard datasets for reproducible evaluation and describes key

performance metrics. It also provides a critical overview of training-based and

training-less approaches, summarizing their strengths and limitations for practical

NILM adoption.

Chapter 3 analyses the performance degradation of convolutional neural

network architectures under domain shifts. The study focuses on Seq2Seq and

Seq2Point models and explores how the presence of unknown appliances in the ag-

gregated power data affects disaggregation accuracy. A theoretical analysis based
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on a first-order Taylor expansion is developed to identify the sources of additional

error introduced by unseen appliance signatures. Experimental tests are performed

using real-world datasets with increasing levels of noise to simulate domain mis-

matches. The results demonstrate a significant dependency on the structure of

the training domain and suggest that future methods should focus on appliance-

specific representations. The content of this chapter has been previously divulged

in Publication J3. [27].

Chapter 4 introduces a training-less NILM framework suitable for real-time

deployment on edge computing devices. The algorithm models appliances as finite

state machines and uses a probabilistic model to track state transitions, which

are updated only upon detection of significant power edges. A separate module

estimates the base load to enhance accuracy. These components are combined using

a Population-Based Incremental Learning algorithm that determines the most likely

appliance states at each time step. The system is evaluated against state-of-the-

art methods and shows strong performance in accuracy, robustness to unknown

appliances, and computational efficiency. The content of this chapter has been

previously divulged in Publication J1. [28].

Part III addresses the contributions related to supply-side intelli-

gence through improved PV parameter identification methods.

Chapter 5 introduces the fundamentals of PV characterization, focusing on

the SDM as a compact representation of module behavior for condition monitor-

ing and degradation analysis. It explains how common failure mechanisms affect

SDM parameters and reviews analytical, numerical, and hybrid estimation meth-

ods, noting their reliance on the uniformity assumption, which is often violated in

real conditions due to shading, soiling, or aging. The chapter demonstrates how

such mismatches can lead to inaccurate and non-physical parameter estimates and

presents IS as a complementary frequency-domain technique to enhance parameter

identification. Although IS provides valuable diagnostic insights, current hardware

limitations restrict its practical use to controlled environments.

Chapter 6 investigates the joint identification of parameters for static and

dynamic PV models using a multi-objective optimization framework. It integrates

frequency-domain IS data with static I–V characteristics, and exploits the shared

series resistance in the models to obtain coherent and physically meaningful pa-
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rameter sets. By selecting a tradeoff solution from the Pareto front, the approach

enhances the reliability, supporting the unification of static and dynamic PV di-

agnostics. However, its practical deployment is limited by the need for additional

IS hardware, the sensitivity of Pareto front solution selection to threshold tuning,

and the reliance on a uniformity assumption, which can limit the practical real-

world application. The content of this chapter has been previously divulged in

Publication C1. [29].

Chapter 7 presents a self-adapting seven-parameter PV model, the D-SDM,

which enhances the reliability of parameter estimation under both uniform and

mismatched conditions. The methodology includes a robust fitting error function

that automatically selects the valid region of the I–V curve and applies evolution-

ary algorithms for parameter estimation. The approach is validated using experi-

mental and simulated curves obtained under real outdoor conditions with diverse

mismatching patterns. The capability of D-SDM for detecting series resistance

degradation is evaluated and compared with SDM and the dynamic CPE model.

Measured I–V and impedance data from a commercial PV module under normal

and degraded conditions are employed in this evaluation. The results confirm the

stability and adaptability of the model, making it suitable for real-world PV moni-

toring. The content of this chapter has been previously divulged in Publications

J2., C2. and C3. [30–32].

Part IV presents the integration and validation of the proposed

NILM and PV methods on a shared edge-based platform, together with

an accompanying business model.

Chapter 8 describes the practical deployment of the O2RE-NILM and D-

SDM PV parameter identification methods within a unified edge-computing plat-

form based on a Raspberry Pi 4 running Home Assistant, which is an open-source

software widely used for home automation. The system enables concurrent real-

time appliance-level load disaggregation and PV parameter estimation, integrating

both functions into a user-friendly smart home environment with local processing,

privacy, and minimal installation effort. The NILM add-on was validated with

simulated and real sensors, providing responsive, real-time monitoring and histor-

ical visualization of appliance consumption. The D-SDM PV add-on, tested with

simulated inverter data, performed parameter estimation reliably within typical
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PV monitoring intervals. Performance evaluation over extended operation demon-

strated that both add-ons ran concurrently without overloading the device, con-

firming the feasibility of combining NILM and PV diagnostics in a single, low-cost

platform suitable for residential energy management.

Chapter 9 outlines a commercialization framework that enables the NILM

and PV diagnostic methods proposed in this thesis to be deployed as a viable

service. The approach uses a hybrid edge-cloud architecture, running the primary

NILM algorithm locally on user-owned hardware for privacy and low-latency perfor-

mance, while offering optional cloud services such as appliance embeddings, load

forecasting, AI-driven insights, and PV diagnostics. A free tier with unlimited

manually configured appliance models provides immediate entry, with pay-per-

appliance and subscription-based upgrades allowing scalable accuracy and func-

tionality. Market analysis identifies home automation users, PV system owners,

and installers as key segments, with the Lean Business Model Canvas illustrating

the alignment between architecture, value proposition, and revenue streams. Per-

formance, modularity, and privacy-oriented design position the system to close the

gap between underutilized smart meter data and practical, real-time residential

energy intelligence.

Part V concludes the dissertation and defines research lines for

future work.

Chapter 10 provides the general conclusions of the thesis and outlines fu-

ture research directions. The general conclusions summarize the main findings

of the thesis, highlighting the contributions to demand-side NILM and supply-

side PV diagnostics, as well as their integration into a unified, edge-deployable

platform. The proposed future work includes advancing NILM through the inte-

gration of auxiliary appliance parameters, incremental learning, and hybrid deep

learning approaches with the possible extension of these approaches to industrial

applications; extending D-SDM-based PV diagnostics for automated fault detec-

tion and validation across different PV technologies; and unifying demand- and

supply-side analysis within EMS to enable AI-driven insights, accurate forecasting,

and optimized energy flow for objectives such as cost reduction, self-consumption

maximization, and carbon footprint minimization.
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2
NILM Fundamentals

Using data collected from smart meters brings substantial benefits to grid

operation and maintenance [33]. These advantages include, but are not limited

to, fault detection [4], improved load forecasting [5], and more efficient demand

response [6]. Consequently, the availability of detailed consumption power data

is determined to play an important role in ensuring the success of smart grid

implementations [34].

In the field of energy monitoring, NILM empowers end-users and building

owners by allowing them to track the power consumption of a group of appliances.

This is achieved without the need for individual smart meters or sensors for each

device. Instead, NILM analyzes the combined consumption data from a single

smart meter, intending to provide an accurate estimation of power consumption at

the appliance level. This approach, first introduced by Hart [17], is also referred

to as load disaggregation or energy disaggregation.

2.1 Problem formulation

The goal of NILM is to produce accurate estimates [p̂1(t), . . . , p̂N (t)] to the

actual power consumption [p1(t), . . . , pN (t)] of N monitored appliances at each

time step t, using only the information of the power reading P (t) that comes from

the main meter in a household. The temporal interval between two successive

time steps, denoted as t and t + 1, defines the frequency at which data points are

recorded or observed. The reading P (t) is expected to aggregate the contribution

17
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of monitored appliances, additional not-monitored appliances that could exist in a

household, and measurement noise (Eq. (2.1)).

P (t) =
N∑

i=1
pi(t) + η(t) (2.1)

In (2.1), the residual term η(t) includes measurement noise and the contribu-

tion of other not-monitored appliances. A diagram illustrating the disaggregation

process is provided in Fig. 2.1. It is shown how, from one composite signal, the

distinct usage patterns of appliances can be extracted.
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Figure 2.1: Non-intrusive load monitoring decomposes the aggregate mains power trace

(left) into its appliance-level loads (right).

2.2 Critical Overview of state-of-the-art

Several approaches have been proposed to solve the NILM problem, with

training-based algorithms being popular. Hidden Markov Models (HMM) and their

extensions are training-based algorithms that build a probabilistic model of appli-

ance states over time and then use this model to infer the operating states of the

appliances [35, 36]. A practical limitation of this approach is its high computa-

tional complexity. To overcome this to some extent, researchers have introduced

procedures exploiting sparsity [35], employing Factorial Hidden Markov Model
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(FHMM) [36], additive FHMM (AFHMM) [37], Adaptive Density Peak Clustering

FHMM [38], and event-based classification combined with AFHMM [39]. However,

these HMM techniques require either abundant submetered data from the test do-

main or long periods of unsupervised training to build the probabilistic models,

thus limiting seamless practical integration.

Lastly, various deep learning approaches, based on Convolutional Neural

Networks (CNNs) [20, 40], Multilayer Momentum Contrast (MLMoCo) [41], self-

supervised learning (SSL) [42] and unsupervised domain adaptation (UDA) [43],

have been proposed in the literature. CNN-based architectures, in particular,

have demonstrated state-of-the-art performance due to the meaningful latent fea-

ture extraction for appliances [44]. Since the introduction of sequence-to-sequence

(Seq2Seq) and sequence-to-point (Seq2Point) CNN-based architectures [20], re-

searchers have highlighted their potential for advancing NILM [19,45].

However, three main drawbacks limit the seamless practical applicability of

these methods for real-time predictions. The first limitation concerns generaliz-

ability. It is reasonable to assume that submetered data may not be available in

real-world test environments. Therefore, improving their ability to generalize is

crucial for successful deployment. Recent studies [18, 46] have highlighted that

generalization to unseen sites remains a significant hurdle for state-of-the-art deep

learning-based NILM models. This challenge arises from the diverse load charac-

teristics and operating patterns across different locations, making it difficult for

these models to adapt and perform accurately in new environments.

The second limitation is related to the explainability of NILM models [18].

Deep learning algorithms are inherently complex, often making their operations

and decision-making processes difficult to interpret or replicate. Enhancing the

transparency of NILM approaches could lead to a better understanding of their

functionality, thus aiding in the refinement of models and identifying significant

data features that influence decisions [18].

The last drawback is associated with specific resource constraints. As the

variety of IoT services grows, multiple services running on the same hardware

through a common software framework may become usual. Hence, there is a need

to create lightweight and accurate models that can be seamlessly integrated into

edge-constrained devices. Although several studies propose reduced models by
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compression or reduced architectures of neural networks [14, 40, 47, 48], without

significantly impacting accuracy, the achieved model size can still be prohibitive

for constrained edge devices. Furthermore, the impact on the generalization ca-

pabilities of these lightweight models has not yet been thoroughly analyzed and

validated.

In this context, a training-less solution holds practical significance for de-

ploying NILM algorithms on edge devices. In this category, methods based on

Integer Programming (IP) [49, 50], Graph Signal Processing (GSP) [51, 52], sub-

tractive clustering [53], and the balanced window technique (BW) [54] have been

proposed. Training-Less NILM approaches are commonly divided into two main

groups: state-based algorithms and event-based algorithms [18]. State-based meth-

ods represent each appliance operation using a finite state machine (FSM) with

distinct state transitions. Inside this group, optimization-based algorithms search

for the global optimal state combination of appliances, either considering a time

window or a unique time step. The main practical limitation of window-based

optimization methods is their high computational complexity, especially at resolu-

tions of a few seconds, which restricts their use in low-power embedded systems.

They are also sensitive to the presence of unknown appliances, which can degrade

accuracy.

On the other hand, event-based methods work by detecting edges in the ag-

gregated power consumption and assigning each extracted feature to one appliance

state transition. Unlike optimization-based methods, event-based approaches are

less susceptible to the presence of unknown appliances. However, these methods

are vulnerable to measurement noise and outliers. Typically, these approaches dis-

aggregate appliances one at a time and often fail to verify whether the sum of the

disaggregated loads approaches the actual measured total [53, 55]. This oversight

can lead to significant load over/underestimation [56]. In the following chapters, a

more targeted review of the relevant literature will be presented, aligned with the

specific content of each chapter.
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2.3 Design Constraints for Widespread NILM

Adoption

Widespread adoption of NILM systems depends on designing algorithms

that align with the technical limitations of existing infrastructure and the practical

needs of real-world deployment. One key constraint is the sampling frequency.

High-frequency data capture detailed features such as transients, harmonics, and

voltage–current (V–I) trajectories, which can improve disaggregation accuracy [18,

46]. However, collecting such data requires advanced hardware, increasing cost, and

reducing scalability [46]. Standard smart meters typically operate at frequencies

below 100 Hz. To support near-real-time feedback and maintain compatibility with

widely deployed devices, we consider appropriate, a sampling interval of no more

than a few seconds.

We further restrict the monitored feature to active power. Smart meters

deployed in most residential settings typically provide active power readings, as

these are sufficient for billing purposes. Including additional features such as reac-

tive power, voltage, or current can improve classification in specific contexts, but it

also introduces some disadvantages. First, these features are often not accessible in

low-cost metering infrastructure and require more complex hardware installations

or privileged access to grid-level data. Second, using multiple features increases

the dimensionality of the input space, which complicates algorithm design.

Moreover, incorporating additional electrical features generally increases the

complexity of model configuration and fine-tuning. In real-world deployments,

users or installers may be required to adjust hyperparameters or interpret the in-

fluence of various signals on appliance detection. This is less feasible when multiple

correlated or noisy inputs are used. By focusing solely on active power, we reduce

both hardware dependencies and algorithmic complexity, which in turn simplifies

deployment, maintenance, and scalability. This design decision aligns with previ-

ous work that demonstrated the feasibility of active-power-only approaches under

practical constraints [41,42,57].

In line with widely accepted development guidelines for NILM algorithms

[58], Table 2.1 summarizes the key assumptions and functional requirements that

guide the design of our framework.



22 CHAPTER 2. NILM FUNDAMENTALS

Table 2.1: Functional requirements for the NILM algorithm.

# Requirement Key details

1 Monitored feature & sampling rate Active power measurements with a sampling interval

ranging from 0.125 to 1 Hz.

2 Minimal training effort Requires unsupervised or semi-supervised learning,

with minimal to no occupant involvement.

3 Near-real-time feedback The algorithm should be computationally efficient and

robust, providing feedback as close as possible to real

events.

4 Edge-device readiness Designed for online operation; handles a small stream

of power measurements efficiently.

Can be deployed on devices with limited processing

power and memory.

5 Robustness to appliance changes Performance must remain stable even when the set of

monitored or unmonitored appliances changes within

the building.

2.4 Publicy Available Datasets

Publicly available datasets are essential for evaluating NILM methods under

reproducible conditions. Two widely used datasets in the NILM community are

REDD [59] and UK-DALE [60]. REDD provides data from 10 houses in the United

States. It includes whole-home voltage and current waveforms sampled at 15 kHz,

up to 24 circuit-level measurements recorded at 0.5 Hz, and up to 20 plug-level

appliance channels recorded at 1 Hz. Each channel is labeled by appliance category,

supporting both supervised training and detailed disaggregation analysis.

UK-DALE contains data from five houses in the United Kingdom. It records

the active power of individual appliances and the whole-house apparent power every

six seconds. For three houses, it also provides whole-house voltage and current

waveforms sampled at 44.1 kHz and downsampled to 16 kHz. House 1 includes

54 appliance channels and was recorded over 655 days. The dataset also includes

active power, apparent power, and RMS voltage at 1 Hz, making it one of the most

detailed long-term datasets available for residential energy research.

These datasets are particularly well-suited for low-frequency NILM studies

because of their compatible sampling rates. They continue to serve as standard



2.5. PERFORMANCE METRICS 23

benchmarks in recent research, with several low-frequency NILM studies relying on

them for algorithm evaluation and comparison [41,42,61,62]. Importantly, REDD

and UK-DALE also broaden the evaluation scope geographically, supporting the

assessment of NILM algorithms under different household conditions and energy

usage behaviors in the United States and the United Kingdom.

2.5 Performance Metrics

In assessing the accuracy of NILM methods for individual appliances, we

employ two widely used performance metrics: Estimation Accuracy (EA) and F-

measure (FM). These metrics are defined by equations (2.2) and (2.3), respectively.

EAi = 1−
∑T

t=1 |pi(t)− p̂i(t)|
2

∑T
t=1 pi(t)

(2.2)

FMi = 2 · Pi · Ri

Pi + Ri
(2.3)

Where:

Pi = TPi

TPi + FPi
, Ri = TPi

TPi + FNi
(2.4)

Here, TP (true positive) represents the instances where an appliance is cor-

rectly detected as ON; FP (false positive) signifies instances where an appliance

is wrongly detected as ON; and FN (false negative) indicates instances where an

appliance is incorrectly identified as OFF.

The EA metric measures the proximity between actual energy consumption

and the predicted consumption in each time step. Meanwhile, the F-measure evalu-

ates the precision of algorithms in predicting the ON or OFF state of each appliance

at each time step. The optimal value for all these metrics is 1. Additionally, we

consider the Overall Estimation Accuracy (OEA) for all N monitored appliances,

defined as:

OEA = 1−
∑N

i=1
∑T

t=1 |pi(t)− p̂i(t)|
2

∑N
i=1

∑T
t=1 pi(t)

(2.5)

Furthermore, we include the Overall F-measure (OFM) by aggregating val-

ues over all appliances for TP, FP, and FN:
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OFM = 2 · Ptotal · Rtotal

Ptotal + Rtotal
(2.6)

Where:

Ptotal =
∑N

i=1 TPi∑N
i=1(TPi + FPi)

, Rtotal =
∑N

i=1 TPi∑N
i=1(TPi + FNi)

(2.7)

In addition to accuracy metrics, it is important to quantify the noise present

in the aggregate signal. Here, noise refers to the proportion of aggregate energy

that cannot be attributed to the ground truth consumption of the appliances se-

lected for disaggregation. Noise arises from unmonitored appliances, random power

fluctuations, etc. To capture this, we report the percent-noisy measure [63]:

%−NM =

∑T
t=1

∣∣∣P (t)−
∑N

i=1 pi(t)
∣∣∣∑T

t=1 P (t)
(2.8)

A value of 0% noise indicates a fully explained aggregate signal, which is

rarely achievable in practical settings. Using such artificially clean data can lead to

inflated performance statistics that do not reflect real-world disaggregation chal-

lenges. Reporting this measure ensures that algorithm evaluation accounts for

dataset imperfections and allows meaningful comparison across different studies.

2.6 Conclusion of the Chapter

This chapter establishes the fundamentals of NILM, introducing its formal

problem formulation, analyzing representative approaches, defining practical de-

sign constraints to guarantee widespread deployment, presenting publicly available

datasets for benchmarking, and outlining the key performance metrics used to

evaluate the accuracy of disaggregation methods.

We outlined representative NILM approaches, including training-based mod-

els such as probabilistic methods and deep neural networks, as well as training-less

techniques based on optimization and event detection. Each category offers dif-

ferent trade-offs in terms of accuracy, interpretability, and deployment complex-

ity. These foundations serve as a reference for developing methods that guarantee

widespread deployment.
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We defined practical design constraints to ensure that NILM solutions are

compatible with existing infrastructure. These constraints include limiting the

input to active power, using low-frequency sampling rates, and enabling execution

on devices with restricted processing and memory resources. This configuration

supports cost-effective deployment and minimizes the need for manual setup or

supervision.

REDD and UK-DALE were described as standard benchmarking datasets

due to their appliance-level detail, sampling compatibility, and diversity of house-

hold environments. They continue to provide a basis for performance comparisons

under consistent and reproducible conditions.

To evaluate disaggregation quality, the chapter introduced Estimation Ac-

curacy, F-measure, and their aggregate forms. The percent-noisy measure was also

included to represent unexplained components in the aggregate signal, allowing a

more realistic assessment of algorithm performance.





3
Transfer Capabilities of Seq2Seq

and Seq2Point CNN architectures

in Non-Intrusive Load Monitoring

with Unseen Appliances

3.1 Introduction

Several methods have been proposed to address the NILM problem. HMM-

based approaches and extensions have been a common choice among researchers

[35, 36]. However, the requirement of abundant submetered data from the test

domain or long periods of unsupervised training limits the practical application of

these HMM techniques. In contrast, training-less solutions have been proposed to

overcome the lack of abundant data in the test domain. However, these approaches

often require parameter tuning in the test domain and struggle with accurately

modeling complex load patterns. The reader is referred to Chapter 2, Section 2.2

for examples of training-less methods.

Lastly, several deep learning approaches have been proposed, gaining at-

tention for their higher disaggregation accuracy compared to traditional methods.

The reader is referred again to Chapter 2, Section 2.2 for examples of deep learning

methods. CNN-based architectures, in particular, have demonstrated state-of-the-

art performance due to the meaningful latent feature extraction for appliances [44].

27
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Since the introduction of Seq2Seq and Seq2Point CNN-based architectures [20], re-

searchers have highlighted their potential for advancing NILM [19,45].

However, the main drawback of these deep-learning-based methods is their

generalization across different domains [18], which is essential for real-world im-

plementation. In practical applications, the assumption of independent and identi-

cally distributed data between the training dataset from the source domain and the

test dataset is often unrealistic. Differences in grid conditions, appliance brands,

consumer electricity usage patterns, and the addition of new appliances create sig-

nificant variability. These differences result in poor performance across different

domains [64].

Therefore, analyzing performance drops due to domain shifts is essential for

developing future approaches with improved transfer capabilities. Here, transfer

capabilities refer to an algorithm’s ability to excel in a domain distinct from its

training domain. Given its practical significance, this chapter considers zero-shot

transfer learning, where the model is expected to generalize on the test domain

without additional training. Although some works evaluate the transferability of

some deep learning architectures [44,65], analyzing performance degradation under

an increasing noise domain is essential. This analysis is expected to provide insights

for developing future methods.

This chapter aims to analyze the performance drop of Seq2Seq and Seq2Point

CNN-based architectures when additional appliances, not present in the training

mains readings, are introduced. A theoretical analysis based on a first-order Tay-

lor expansion examines the variables contributing to the additional disaggregation

error. Furthermore, experimental tests are designed to simulate an increasingly

noisy domain by incorporating unknown appliances, using publicly available real-

world datasets. Finally, proposed directions toward practical deep-learning-based

NILM are stated. The content of this chapter has been previously divulged in the

Journal Publication J3. [27].

The rest of the chapter is organized as follows. Section 3.2 introduces the

architecture of the algorithms. Section 3.3 exposes a mathematical analysis of the

performance drop in the presence of unknown appliances. Section 3.4 details the

testing methodology, performance metrics, used datasets, selected appliances, and

algorithm settings. Section 3.5 presents and discusses the experimental results.



3.2. SEQ2SEQ AND SEQ2POINT MODELS 29

Input Layer

(W samples)

Conv. Layer

Filters: 30

Size: 10

Stride: 1

Activation: ReLU

Conv. Layer

Filters: 30

Size: 8

Stride: 1

Activation: ReLU

Conv. Layer

Filters: 40

Size: 6

Stride: 1

Activation: ReLU

Conv. Layer

Filters: 50

Size: 5

Stride: 1

Activation: ReLU

Conv. Layer

Filters: 50

Size: 5

Stride: 1

Activation: ReLU

Dense Layer

Units: 1024

Activation: ReLU

Seq2Point

Units: 1

Activation: Linear

Seq2Seq

Units: W

Activation: Linear

Figure 3.1: Architectures for sequence-to-point and sequence-to-sequence neural networks.

Section 3.6 states the proposed directions toward practical NILM and section 3.7

concludes the chapter.

3.2 Seq2Seq and Seq2Point models

In the NILM context, Seq2Seq and Seq2Point deep learning architectures

receive as input continuous and equal-length windows of mains aggregate readings

[P (t), P (t + 1), ..., P (t + W − 1)], where W is the length of the window. In the case

of Seq2Seq, the output is the predicted power at the same time steps [p̂i(t), p̂i(t +

1), ..., p̂i(t + W − 1)] for each target appliance i. Since there are several predictions

for pi, one for each sliding window that contains time step t, the average of all

the predicted values is reported as the final result. In contrast, the output of the

Seq2Point algorithm is only the prediction for the midpoint element of each window

pi(t + ⌊W/2⌋). This method assumes that the midpoint of the target appliance has

a strong correlation with the aggregated information before and after that time

step. The advantage of Seq2Point is that there is a single prediction for every t,

and thus, no average operation is required. The architectures for both algorithms

are shown in Fig. 3.1 as originally proposed in [20]. Typically, a separate model is

trained for each monitored appliance in the training domain, expecting that it will

generalize properly in the test domain.

3.3 Mathematical Analysis in the Presence of Un-

known Appliances

We formally defined the NILM problem through Eq. (2.1), which states that

the main meter reading aggregates the consumption of N monitored appliances



30 CHAPTER 3. CNN TRANSFER CAPABILITIES

{p1, . . . , pN} and a residual term η(t) that may include noise and not-monitored

loads. As mentioned before, one neural network is trained per appliance, aiming to

predict pi(t) from P (t) for each i. This section explores theoretically how introduc-

ing additional non-monitored appliances at test time can degrade the performance

of the analyzed models.

3.3.1 Single-Appliance Formulation

Let Dtrain be the training dataset comprising pairs of input windows and

corresponding appliance power values. For each integer time index t where sufficient

data exists, an input window

P[t, t+W −1] =
[
P (t), P (t + 1), . . . , P (t + W − 1)

]T ∈ RW . (3.1)

is extracted from the mains reading. We associate it with the ground-truth

power consumption of appliance i for either all time steps in the window (Seq2Seq)

or a single time step in the window (Seq2Point).

Formally, the training set for a single appliance i can thus be expressed as:

Dtrain =


{(

P[t, t+W −1], [ pi(t),. . . , pi(t + W − 1)
]
)
}

t∈Ttrain
(Seq2Seq){(

P[t, t+W −1], pi(t + ⌊W/2⌋)
)}

t∈Ttrain
(Seq2Point),

(3.2)

where Ttrain is the set of valid time indices in the training data.

Let uj(t) be the consumption of M new non-monitored appliances not present

in Dtrain. We define

U(t) =
M∑

j=1
uj(t). (3.3)

Then, at test time, the effective mains reading observed becomes:

P ′(t) = P (t) + U(t), (3.4)

Analogously to (3.1), the additional unknown load appearing at test time

can be used to form a W -dimensional vector over the same window,
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U[t, t+W −1] =
[
U(t), U(t + 1), . . . , U(t + W − 1)

]T ∈ RW . (3.5)

Then, the input to the model at test time becomes:

P′
[t, t+W −1] = P[t, t+W −1] + U[t, t+W −1]. (3.6)

Analogously to (3.2), the test set Dtest contains input windows from times

Ttest and their corresponding ground-truth appliance power values:

Dtest =


{(

P′
[t, t+W −1], [ pi(t),. . . , pi(t + W − 1)]

)}
t∈Ttest

(Seq2Seq){(
P′

[t, t+W −1], pi(t + ⌊W/2⌋)
)}

t∈Ttest
(Seq2Point),

(3.7)

For clarity of exposition, we focus on the Seq2Point setting in the subsequent

analysis. Concretely, each sample (P, pi) in the training set Dtrain refers to an input

window of length W and a single target value pi(t + ⌊W/2⌋).

The deep learning model fθi
, in the training phase, is optimized to minimize:

θ∗
i = arg min

θi

∑
(P, pi) ∈ Dtrain

(
fθi(P) − pi

)2
, (3.8)

where fθi
(P) returns the predicted midpoint power estimate of appliance i

given the W -length aggregate input P.

At test time, the trained model fθ∗
i

sees P′ instead of P, and thus, may

produce a different prediction p̂′
i:

p̂′
i = fθ∗

i

(
P′

)
. (3.9)

Since fθ∗
i

was trained without exposure to U, the presence of such previously

unseen loads alters the distribution of inputs and can degrade the predictive accu-

racy for pi. This may highlight the need for domain adaptation strategies, more

robust modeling, or extended training sets that simulate the influence of unknown

appliances.
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3.3.2 Sensitivity Analysis via First-Order Taylor Expansion

Let fθi
: RW → R denote the single-appliance model, which maps an input

window P ∈ RW to a predicted appliance power consumption. If an additional

unknown load introduces a perturbation U ∈ RW to the input, the perturbed

input becomes P + U. Assuming that U is sufficiently small, we can approximate

the new output via a first-order Taylor expansion around P:

fθi

(
P + U

)
≈ fθi

(
P

)
+ ∇fθi

(
P

)T U, (3.10)

where ∇fθi
(P) ∈ RW is the gradient evaluated at P.

Assuming that in the training domain, the model approximates the true

appliance power, i.e.,

fθi

(
P

)
≈ pi,

the prediction under the perturbed input is given by

p̂′
i = fθi

(
P + U

)
≈ pi + ∇fθi

(
P

)T U.

Thus, we can define the additional error introduced by the unknown load as:

∆pi = p̂′
i − pi ≈ ∇fθi

(
P

)T U, (3.11)

so that the corresponding additional squared error is:

ϵ2 =
(

∆pi

)2
≈

(
∇fθi(P)T U

)2
. (3.12)

Taking the expectation over the joint distribution of P and U at test time,

the expected additional squared error scales as

EP, U

[(
∇fθi

(P)T U
)2]

.

This expression shows that the error increase depends both on the magnitude

and variability of the unknown load U and on the model’s local sensitivity (as

measured by ∥∇fθi
(P)∥).

3.3.3 Influence of Appliance Characteristics

As mentioned before, each appliance i is modeled with its own Seq2Point

network fθi
, and its gradient ∇fθi

(P) captures the unique temporal signature and
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power contribution of the appliance within a window of length W . Based on the

previous sensitivity analysis, this characteristic behavior is expected to influence

how the model reacts to unknown loads U:

• High-Power Appliances: For appliances that dominate the aggregate read-

ing, the model is expected to quickly recognize their presence, resulting in

a relatively flat mapping. This is reflected in a lower gradient ∇fθi
(P), so

that even if additional loads U are present, the term ∇fθi(P)TU remains

moderate unless U is very large.

• Multi-State Appliances: Appliances with multiple operating states gen-

erate subtle, transient signatures. Capturing these nuances requires higher

model sensitivity, resulting in a steeper gradient. As a result, even moderate

perturbations U may cause significant errors.

• Lower-Power Appliances: For low-power appliances, the target signal is

weak and more prone to interference from background noise or additional

loads. Detecting these small signals requires higher model sensitivity, result-

ing in a larger gradient. Consequently, even small or moderate unknown loads

U can impact the prediction, increasing the squared error.

This analysis shows that unknown loads can shift the input P into regions

outside the training distribution, with the resulting error determined by both the

magnitude of U and the local sensitivity ∇fθi(P). Reducing the local sensitivity of

these networks (i.e., lowering ∥∇fθi
(·)∥) or augmenting training data to simulate

potential unknown load scenarios may help mitigate this domain-shift effect. As

real-world households frequently change their set of appliances or usage patterns,

developing NILM models with stronger domain adaptation or transfer capabilities

is essential. In the following, we evaluate the performance of Seq2Seq and Seq2Point

using real-world, publicly available datasets. This analysis provides further insights

into how unknown additional loads affect the performance of these methods for

common appliances.
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3.4 Experiments detail

To test the performance of Seq2Seq and Seq2Point CNN-based architectures

in the presence of additional appliances not included in the mains reading that was

used for training the algorithms, we created artificial aggregates as follows. First,

aggregating only monitored appliances PA,0(t) =
∑N

i=1 pi(t) we created the artifi-

cial mains that together with the ground truth pi(t) for each monitored appliance

were used to train all the algorithms.

Once trained, we created several test scenarios by adding other appliances

of the same dataset, once at a time, selected in decreasing order of their energy

consumption (PA,r(t) = PA,0(t) +
∑r

j=1 pj(t), 1 ≤ r ≤ K), where K is the number

of appliances from the same dataset not considered in the monitored appliances.

In this way, we created K + 1 different scenarios with an increasing level of noise

(Including the zero-noise scenario PA,0). Then we assessed the performance of each

method for each test scenario with the input PA,r(t); 0 ≤ r ≤ K that represents

the mains reading. For each scenario, the percent-noisy measure, defined in Eq.

2.8, is used to estimate the induced level of noise in the artificial aggregate.

3.4.1 Performance Metrics

In assessing the accuracy of the considered methods for individual appliances,

we employ the Estimation Accuracy and F-measure. These metrics were defined

by equations (2.2) and (2.3), respectively. Additionally, we consider the Overall

Estimation Accuracy, defined in Equation (2.5), and the Overall F-measure defined

in Equation (2.6).

3.4.2 Datasets and selected appliances

We tested the algorithms on REDD [59] and UK-DALE [60] datasets. Both

datasets provide a large number of submetered appliances, which allows us to create

complex scenarios with increasing levels of noise. We use house 1 from REDD

(REDD-1) and houses 2 (UKDALE-2) and 5 (UKDALE-5) from UK-DALE. We

selected commonly used appliances from each dataset, trying to choose the same

across the different datasets when possible. From UKDALE-2 we selected the

Fridge (F), Dishwasher (DW), Microwave (MW), Rice cooker (RC), Kettle (K),



3.4. EXPERIMENTS DETAIL 35

and Washing machine (WM). From UKDALE-5 we selected Fridge (F), Dishwasher

(DW), Microwave (MW), Electric Oven (EO), Kettle (K), and Washing machine

(WM). From REDD-1 we use the Fridge (F), Dishwasher (DW), microwave (MW),

Electric Oven (EO), and Washer Dryer (WD).

To facilitate the interpretation of the results, the pie charts in Figures 3.2a,

3.2b, and 3.2c illustrate the contribution of each household appliance to the total en-

ergy consumption recorded in the UKDALE-5, UKDALE-2, and REDD-1 datasets,

respectively. Although a substantial portion is categorized as ’Other’, correspond-

ing to non-monitored appliances, the monitored appliances account for a significant

share of the total energy consumption: approximately 45.6% in UKDALE-5, 52.5%

in UKDALE-2, and 52.1% in REDD-1. Figures 3.3a, 3.3b, and 3.3c present the

activation timelines of all submetered appliances in each dataset. A considerable

number of devices are individually monitored, accurately reflecting the complexity

and diversity of real-world households. The ’Other’ category (Figures 3.2a, 3.2b,

and 3.2c) mainly arises from the aggregation of several low-consumption appliances

or from always-on appliances, such as the server computer in Figure 3.3a, which

significantly contribute to the base load even though they do not produce visible

events in the mains signal.

3.4.3 Settings

For the UKDALE dataset, the sample period was set to 6 seconds, and for the

REDD dataset 3 seconds. These are the original sampling rates for the appliance’s

specific meters. Training and testing periods were selected based on measurement

continuity and consistent appliance-level activity. We used only uninterrupted

segments where most submetered appliances were active and fully metered. For

UKDALE-5 and UKDALE-2, which provide approximately two months of contin-

uous data that meet these criteria, we selected a five-week training period followed

by a fixed 15-day testing window, with a short gap between them. For the shorter

REDD-1 dataset, which is split into two uninterrupted segments, we used the first

segment for training and the second for testing. Specifically, we trained the algo-

rithms for UKDALE-5, UKDALE-2, and REDD-1 datasets respectively between

20/06/2014 and 27/07/2014, 20/06/2013 and 27/07/2013, and 18/04/2011 and

03/05/2011. Testing periods ranged from 10/08/2014 to 25/08/2014 for UKDALE-
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Figure 3.2: Breakdown of household appliance contributions to total energy levels for

UKDALE-5, UKDALE-2, and REDD-1 datasets. ’Other’ accounts for non-monitored

appliances.
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(a) UKDALE-5

(b) UKDALE-2

(c) REDD-1

Figure 3.3: Timeline of activation for all submetered appliances in the three datasets.
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5; 28/07/2013 to 12/08/2013 for UKDALE-2; and 10/05/2011 to 25/05/2011 for

REDD-1.

Based on previous literature [19, 44], both algorithms were trained for a

maximum of 50 epochs using a batch size of 1024. A random 15% of the training

data was set aside as a validation set, and the model achieving the lowest validation

loss was selected as the final model. Early stopping with a patience of 5 epochs

was employed to improve training efficiency and prevent overfitting, as in [44]. The

window length W was set to 99. The choice of the window length is important

as pointed out in [66], we decided to use 99 because it is the default value in the

NILMTK-CONTRIB implementation [19], and this value is also tested in [66] with

good results, in similar data frequencies. The implementation of the methods is

based on the NILMTK toolkit [19], where the ADAM optimizer algorithm [67] is

used for training.

3.5 Experimental Results

The Overall Estimation Accuracy and Overall F-measure are reported for

each method in Figures 3.4a and 3.4b for UKDALE-5 dataset, in Figures 3.5a and

3.5b for UKDALE-2 dataset, and in Figures 3.6a and 3.6b for REDD-1 dataset.

From the results, it can be concluded that in general, the performance of the

methods tends to decrease when the noise increases. For UKDALE-5 and REDD-

1 datasets, the drop in performance is significant, starting with almost a perfect

prediction in a zero noise domain, the accuracy goes down progressively as the

noise increases, ending with a mediocre prediction when the noise is greater than

55% for UKDALE-5 or 45% for REDD-1. For the UKDALE-2 dataset, the drop in

performance seems to be not significant, this is expected by the fact this dataset is

the least noisy from the considered, and the not-monitored appliances present in

this dataset either are rarely used or consume a low amount of power.

To analyze in detail the drop in performance, the Estimation Accuracy and

F-measure are reported for each monitored appliance and each algorithm in Figures

3.7, 3.8 and 3.9, corresponding to UKDALE-5, UKDALE-2 and REDD-1 datasets

respectively. Appliances with low-power states or complex patterns, such as the

Fridge (F), Dishwasher (DW), and Washing Machine (WM), exhibit significant
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Figure 3.4: Robustness to noise for the UKDALE-5 dataset: (a) OEA as percent-noisy

increases; (b) OFM as percent-noisy increases.

0 5 10 15 20 25 30 35

Percent-Noisy [%]

0.75

0.80

0.85

0.90

0.95

O
E

A

Seq2Seq

Seq2Point

(a)

0 5 10 15 20 25 30 35

Percent-Noisy [%]

0.825

0.850

0.875

0.900

0.925

0.950

0.975

O
F

M

Seq2Seq

Seq2Point

(b)

Figure 3.5: Robustness to noise for the UKDALE-2 dataset: (a) OEA as percent-noisy

increases; (b) OFM as percent-noisy increases.
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Figure 3.6: Robustness to noise for the REDD-1 dataset: (a) OEA as percent-noisy in-

creases; (b) OFM as percent-noisy increases.

performance deterioration, making the results unreliable. This is more evident in

the UKDALE-5 dataset Fig. 3.7, where there exist some appliances (not in the

monitored set) with low but consistent power consumption, that seem to affect

in particular, the performance of monitored appliances with low-power states or

complex patterns. Appliances with high power consumption and with predictable
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patterns like the Kettle (K) are less affected by increasing noise. This suggests

that both methods are highly sensitive to domain shifts, making it difficult to

transfer them across domains with varying consumption patterns without a domain

adaptation phase. This behavior also aligns with the theoretical results presented

in Section 3.3.

Although the performance drop in UKDALE-2 (Figure 3.8) appears small,

this is due to UKDALE-2 being the least noisy dataset among those considered.

However, the most affected appliance types are the same as in UKDALE-5: those

with low-power states or complex usage patterns (Fridge (F), Dishwasher (DW),

Rice cooker (RC)). Regarding the REDD-1 dataset (Figure 3.9), the most affected

appliances are the Fridge (F), Dishwasher (DW), and Microwave (MW), while the

most robust to the noise are the Electric Oven (EO) and Washer Dryer (WD). This

dataset originates from the USA, whereas UKDALE comes from the UK, leading to

differences in appliance signatures between the two. However, the overall behavior

is similar: appliances with low-power states and complex patterns are the most

affected, while those with high power consumption and predictable patterns are

more resilient. Although training in multiple domains can partially mitigate this

drawback, the main limitation is the difficulty of obtaining extensive training data

that captures most user patterns. Efforts have to be made to realize an effective

training strategy in such a way that the accuracy of the algorithm depends as

little as possible on consumption patterns. In that sense, methods focusing on

appliance signatures should be preferred over those relying heavily on aggregated

power patterns, as they are expected to improve transferability.

3.6 Proposed Directions Towards Practical NILM

Although multi-appliance models, domain adaptation, and data augmenta-

tion represent interesting solutions toward robust and practical NILM, they still

face practical limitations. Multi-appliance methods, for instance, demand higher

computational resources and continuous re-training to accommodate new devices;

domain adaptation techniques typically rely on unlabeled data from the new envi-

ronment, which might raise privacy concerns or be unavailable; and synthetic data

augmentation can lead to unrealistic load patterns.
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Figure 3.7: Appliance metrics as percent-noisy increases for UKDALE-5 dataset.
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Figure 3.8: Appliance metrics as percent-noisy increases for UKDALE-2 dataset.

Recent work has explored alternative approaches to learning robust, trans-

ferable representations for appliances. For instance, in [68], a contrastive learning

method combined with transfer learning is proposed to extract appliance-specific

features from power sequences. Similarly, in [69], a self-supervised contrastive

model based on temporal convolutional networks is developed to learn general-

izable load signatures from unlabeled data. These approaches show potential in

reducing the need for labeled data and in capturing useful representations across

domains. However, they are generally developed for a fixed set of appliance classes

and may require additional modules or retraining when used in new environments.

A promising alternative is to learn robust, appliance-specific signatures that
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Figure 3.9: Appliance metrics as percent-noisy increases for REDD-1 dataset.

remain identifiable even when additional unknown loads appear. Rather than re-

gressing directly from the aggregate signal to a power estimate, such methods focus

on extracting an invariant representation of the target appliance that captures its

unique power cycle or spectral fingerprint. In practice, an unseen signal is matched

against this signature via a suitable distance metric, allowing the algorithm to flag

the presence of that appliance even when novel loads perturb the overall mains

reading. It offers a more naturally portable strategy: once a robust signature is

learned, it can be deployed in new environments without exhaustive retraining.

Exploring these signature-based approaches represents a valuable future research

direction to bridge the gap between current NILM solutions and the constantly

changing appliance sets.

This perspective also suggests a more fundamental limitation in current deep

learning NILM architectures: both single-appliance and fixed multi-appliance mod-

els are based on static mappings from aggregated signals to appliance-level outputs,

which limits their capacity to generalize across domains and adapt to unseen de-

vices. A more flexible alternative is to structure the model around a shared feature

extractor that learns general-purpose, appliance-agnostic representations. These

representations can be trained using contrastive learning to encode invariant pat-

terns of appliance activity across different aggregate contexts.

To improve further adaptability, lightweight appliance-specific components

could be attached to the shared backbone and fine-tuned with limited supervision.
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Meta-learning or few-shot learning strategies can enable these modules to generalize

from only a few labeled examples, making it feasible to extend the system to

new appliance types without retraining the entire model. This shift from direct

regression to modular, representation-based learning supports better scalability and

generalization, and aligns more naturally with real-world NILM scenarios where

appliance sets and usage conditions vary across households.

3.7 Conclusion of the Chapter

This chapter critically analyzes and evaluates the performance of Seq2Seq

and Seq2Point NILM CNN-based architectures in the presence of additional appli-

ances not included in the mains reading used for training. Initially, a theoretical

analysis based on a first-order Taylor expansion suggests that the additional error

incurred depends on the magnitude of the unknown loads and the local sensitiv-

ity, which is highly dependent on the disaggregated appliance. In the second step,

the methods are tested with real-world datasets by creating artificial mains, first

aggregating only monitored appliances to train the algorithms, and then testing

them in several noisy scenarios by adding other appliances of the same dataset

to the mains reading. The results showed a decrease in the performance of the

methods when the noise increases, especially for scenarios with considerable levels

of noise and for appliances with low-power states or complex patterns. The re-

sults show agreement between theoretical and experimental findings and highlight

a strong dependence on the aggregated power pattern observed during training. To

enhance transferability, particularly in zero-shot learning, further research should

focus on methods that rely primarily on monitored appliance signatures rather

than aggregated power patterns.





4
Online Real-Time Robust Frame-

work for Non-Intrusive Load Moni-

toring in Constrained Edge Devices

4.1 Introduction

Real-time, appliance-level feedback on energy consumption improves energy

efficiency by allowing users to monitor individual devices and make immediate

adjustments. This feedback helps users identify inefficient devices and optimize

usage strategies, which can lead to significant energy savings [46]. Appliance-

specific data not only enables more effective load scheduling but also increases

user engagement, as users find this level of feedback more relevant and actionable

compared to household-level data [70]. Additionally, this feedback enhances grid

operations by providing granular data that improves load forecasting and demand-

side management [71].

As discussed in Chapter 2, Section 2.2, despite its recent popularity, deep

learning techniques have limitations related to generalization, interpretability, and

deployment complexity. Even when trained within the same environment used for

testing, these models fail to maintain robustness when the set of appliances in the

mains reading changes, as demonstrated in Chapter 3. This behavior contradicts

Requirement 5 in Table 2.1, which specifies that a practical and widely deployable

NILM algorithm must remain stable under variations in appliance composition.

45
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In this context, a training-less solution holds practical significance for deploying

NILM algorithms on edge devices.

4.1.1 Related research

Several approaches have been proposed for real-time NILM, with some fo-

cusing on high-frequency sampling [71–74], while others consider low-frequency

sampling [35,40,75–78]. High-frequency sampling methods typically require an of-

fline training phase, needing transient responses for each target appliance [71, 72].

Similarly, many low-frequency approaches necessitate extensive training data and

a pre-deployment training phase [35, 40, 75, 76]. In contrast, some low-frequency,

training-less methods assume prior knowledge of the average active power associ-

ated with each appliance state [77,78].

Training-Less NILM approaches are commonly divided into two main groups:

state-based algorithms and event-based algorithms [18]. State-based methods rep-

resent each appliance operation using a finite state machine (FSM) with distinct

state transitions. Inside this group, optimization-based algorithms, search for the

global optimal state combination of appliances, either considering a time window

or a unique time step.

Window-based optimization methods are often more accurate at the cost

of increasing the computational complexity. In this category, integer program-

ming (IP) solvers are a popular choice, and studies based on Aided Linear Integer

Programming (AILP) [49,79], Mixed Integer Linear Programming (MILP) [80] and

Mixed-Integer Nonlinear Programming [50,81] have been proposed in the literature.

These approaches formulate NILM as a constrained optimization problem where

the temporal linkage is preserved by imposing state transition constraints [50, 81]

or by a correction phase of the output of the IP solver [79]. The main practical

limitation of these methods is their high computational complexity, especially if a

resolution in the order of a few seconds is required, making its deployment diffi-

cult in an embedded system with low capabilities. Regarding unknown appliance’s

presence, a couple of papers [50,79] in this research group attempt to consider this

issue by minimizing the number of active appliances in each time step. Although

useful, this heuristic does not always hold [79], and a complement with an event

detection phase could improve its effectiveness in the presence of unknown loads.
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Those optimization methods considering a unique time step are often better

suited for real-time applications because of the lower-size optimization problem. In

[77], the authors propose a modified cross-entropy method to solve a penalty-based

optimization problem that considers dependency between measurements. In [78]

a multiobjective formulation is proposed and solved with the NSGA-II algorithm

that penalizes changes between consecutive events. Although these algorithms are

simple, online, and can be used in real-time, not relying on an event detection

phase makes them susceptible to unknown appliances. Moreover, the optimization

problem at hand is dynamic by nature. However, existing algorithms typically

restart the search from scratch for each timestep or time window, which may not

be optimal for real-time predictions. To the best of the authors’ knowledge, no

optimization-based algorithm has yet proposed a method to effectively address the

intrinsic dynamics of the problem by leveraging previous solutions. This approach

would allow the search to begin from a partially converged population, potentially

enhancing computational efficiency.

On the other hand, event-based methods work by detecting edges on the

aggregated power consumption and assigning each extracted feature to one appli-

ance state transition. In this research group, several methods have been proposed,

including those based on Graph Signal Processing (GSP) [51,52], subtractive clus-

tering [53], non-negative tensor factorization [56], and the balanced window tech-

nique (BW) [54]. Unlike optimization-based methods, event-based approaches are

less susceptible to the presence of unknown appliances. However, these methods

are vulnerable to measurement noise and outliers. Typically, these approaches dis-

aggregate appliances one at a time and often fail to verify whether the sum of the

disaggregated loads approaches the actual measured total [53, 55]. This oversight

can lead to significant load over/underestimation [56]. To overcome this, paper [55]

proposes a general post-processing optimization phase based on a regularization

term. However, the regularization term, used as a weight for the confidence in the

original output, relies heuristically on the mean power consumption of each appli-

ance [55]. This heuristically-based regularization term has the drawback that for

high consumption loads that are easy to disaggregate for an event-based method

(ex. Kettle), the algorithm will put more weight in the optimization-based term,

which can result in a wrong final prediction. In this sense, event-based algorithms
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that provide insights into the confidence of their output, are of interest, especially

for real-time applications.

4.1.2 Our contribution

This chapter introduces the O2RE framework: a novel Online, Real-time,

Robust, and Edge-driven NILM framework. The framework’s main focus is the

practical deployment of a real-time NILM algorithm at frequencies around 1Hz in

a constrained edge device. In this sense, we also consider the possible contribution

of unknown loads given in the form of FSM or constantly-on appliances. The

content of this chapter has been previously divulged in the Journal Publication

J1. [28].

The proposed framework evolves a dynamic structure SP , where SPi,j
de-

notes the probability that appliance i is in state j. SP is sequentially updated

upon detecting a significant edge (event-based) by a novel dynamic programming

algorithm. This way, SP efficiently preserves historical information and temporal

linkages in a compact storage format. Unlike existing algorithms [77, 78], which

assume the previous sample state is precisely known, our method does not rely on

this assumption, providing more accurate handling of temporal dependencies.

In addition, this architecture benefits from SP functioning as a discrete prob-

ability distribution, which, when sampled, is likely to yield high-quality solutions

with high probability. This characteristic enhances NILM state-based optimization

algorithms by initiating the search process from a partially converged population,

instead of restarting the search for each time step. Furthermore, as SP is the result

of evolving an event-based NILM method over time, by initiating the search in SP ,

the drawback of state-based algorithms associated with the possible presence of

unknown appliances is expected to be eliminated.

To determine the operating state of each appliance, SP is integrated into a

state-based optimization algorithm, specifically the Population-Based Incremental

Learning (PBIL) algorithm. This algorithm improves the efficiency of the optimiza-

tion process compared to traditional metaheuristics because it evolves a single prob-

ability vector. The probability vector is updated depending on the performance of

the sampled solutions, thus, eliminating the computational burden associated with

managing multiple individual solutions usually found in other metaheuristics like
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Genetic Algorithms.

To summarize, the specific contributions of this work are detailed in the

following:

1. A training-less probabilistic model for power state transitions in FSM appli-

ances is proposed. The model only depends on the average power of each

appliance state, and two setting parameters (σ2
∆P̃

and δ) common to all the

appliances. Parameter σ2
∆P̃

is related to the variance of state transitions and

δ is a robust parameter to account for the presence of unknown appliances

2. Building on the probabilistic model, we have developed a dynamic program-

ming algorithm that updates the state probability of each appliance sequen-

tially. This algorithm is designed to be lightweight, running only when a

significant edge is detected, enhancing efficiency in both storage and compu-

tation time

3. A lightweight online algorithm is proposed to estimate the total consumption

of always-on appliances (base load). By accurately characterizing the base

load, algorithms can effectively differentiate it from monitored appliance-

specific states, improving the overall performance of NILM systems. More-

over, the user must be aware of the global consumption of these constantly-on

devices

4. State probabilities and base load are integrated into a Population-Based In-

cremental Learning algorithm to determine the most likely state of each ap-

pliance at each time step. The idea is to profit from the advantages of com-

binatorial optimization-based approaches while accounting for the output of

event-based algorithms (in the form of state probabilities). Moreover, this ar-

chitecture enhances optimization algorithms by improving performance when

initiating searches from a partially converged population

5. Using publicly available datasets, the framework’s accuracy and robustness

are demonstrated by comparison with state-of-the-art training-less algorithms

To the best of our knowledge, no solution exists in NILM literature integrat-

ing into a unique framework the advantages of event-based and optimization-based
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approaches in a storage, time-efficient, and robust solution capable of handling real-

time frequencies of the order of 1Hz in constrained edge devices. The rest of the

chapter is organized as follows. In section 4.2 important definitions are established.

Section 4.3 presents the high-level architecture of the O2RE framework following a

modular structure. Section 4.4 outlines the theory, methods, and implementation

details for each framework module. Section 4.5 shows the performance evaluation

and comparison with other state-of-the-art algorithms, and section 4.6 concludes

the paper.

4.2 Preliminaries

In this chapter, we introduce a slight modification to the original problem

definition introduced in Equation 2.1 by explicitly including the base load in (4.1).

This adjustment will be useful for the analyses and methods presented in the re-

mainder of the chapter.

P (t) =
N∑

i=1
pi(t) + B(t) + η(t) (4.1)

In (4.1), the value of P (t) is composed of N appliance-level signals pi(t), the

base load B(t) (consistent power consumption contributed by unknown appliances

operating in a steady state), and a residual term η(t). The residual term comprises

(measurement) noise and other loads that are not considered in the N monitored

appliances. Here, we are going to consider appliances represented with a Finite

State Machine (FSM) model (Figure 4.1). In this formulation, each appliance is

modeled based on a set of discrete states, and a set of allowed state transitions.

Obtaining a complete FSM model (including statistical information) often requires

a previous training phase, but the minimum necessary information, that is the

average active power of each appliance state, only requires a few full operation

cycles of each appliance or information in the appliance user manual when available.

It is worth to note that a large number of appliances operate as FSM systems, thus

the proposed approach is widely exploitable.

If we define Pi,j as the nominal power of appliance i when it is working in

the state j (0 ≤ j ≤Mi) (Mi is the number of "On" states in appliance i), then the

estimated power p̂i(t) of appliance i at any moment takes one of the discrete values
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Off
P = 0W

Sp = 0.2

State 1
P = 100W

Sp = 0.6

State 2
P = 200W

Sp = 0.2

∆P = +100W

∆P = +100W

∆P = −100W

∆P = −100W

∆P = −200W

Figure 4.1: Finite State Machine Model. The diagram shows the power consumption for

each state (P ) and the probability (Sp) of being in that state at a given time t. Transitions

between states are labeled with power differences (∆P ).

{Pi0, Pi1, ..., PiMi}. In this way, the problem can be defined as finding the value of

the operating state indicator vector S that better represents the real behavior of

the appliances. Here Si,j is defined as follows:

Si,j =

1 if appliance i is operating in state j

0 otherwise
(4.2)

S.T:

Mi∑
j=0

Si,j = 1 for each appliance i (4.3)

Constraint (4.3) implies that any appliance always operates exactly in one

of the given states. Equation (4.1) can now be rewritten in terms of Si,j as follows:

P (t) =
N∑

i=1

Mi∑
j=0

Si,j(t)Pi,j + B(t) + e(t) (4.4)

Here e(t) is the error term that includes η(t) (Equation 4.1) plus an addi-

tional error due to the estimation of pi(t). A direct criterion for estimating Si,j is

the minimization of the absolute value of the error term |e(t)|:

|e(t)| = |P (t)−B(t)−
N∑

i=1

Mi∑
j=0

Si,jPi,j | (4.5)
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As stated in [17], this criterion for estimating Sij has several difficulties. The

first drawback is associated with the fact that if (4.5) is used in the presence of

unknown loads, it would attempt to describe their behavior as a combination of the

known appliance loads. Another problem is that the solution that (4.5) provides

can be very inappropriate since a small change in the measured P (t) would often be

associated with the change of state of many appliances at the same time [17]. This

behavior is against the Switch Continuity Principle [17], which states that in a very

small time interval, we expect the number of appliances that change state to be

usually zero or one, and very rarely more than one in a typical load. Researchers

commonly use minimization of (4.5) in combination with the Switch Continuity

principle to design their state-based algorithms [77,78].

An important discrimination feature for NILM algorithms using sampling

frequencies around 1Hz is the power difference between continuous steady states.

Let P curr represents the power value of the current steady state and P prev represents

the previous steady-state value. Then we define the edge E as:

E = P curr − P prev (4.6)

The frequency considered allows us to reasonably assume that the edge E

is caused by the change in the state of exactly one appliance. Based on this

assumption, E can be used as a discrimination feature. Due to transient spikes and

signal fluctuations, the reliability of this feature depends heavily on the steady-state

detection method employed.

4.3 Proposed framework: High-level architecture

The proposed framework evolves a dynamic structure SP , where SPi,j
de-

notes the probability that appliance i is in state j. Unlike a fixed-dimension matrix,

SP supports a variable number of states per appliance. SP is sequentially updated

upon detecting a significant edge (event-based) or inconsistencies with the total

aggregated power. After updating SP an appliance might still be associated with

multiple states with varying probabilities. To define a unique state for each appli-

ance, SP is integrated into a state-based optimization algorithm by employing the

total matching criterion and possibly other additional criteria.
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SP efficiently preserves historical information and temporal linkages in a

compact storage format. This also represents an advantage over existing algorithms

[77, 78], where the temporal linkage is based on the assumption that the previous

sample state is exactly known, and an incorrect prediction negatively impacts the

future predictions. In addition, this architecture benefits from SP functioning as

a discrete probability distribution, which, when sampled, is likely to yield high-

quality solutions with high probability. This characteristic enhances NILM state-

based optimization algorithms by initiating the search process from a partially

converged population, instead of restarting the search for each time step.

The framework optionally leverages information about the transition prob-

abilities. Transition probability is the probability of observing a transition from

state j to state k in appliance i at a given time t. Although the availability of tran-

sition probabilities is not required for the algorithm’s functioning, it is expected to

enhance its accuracy, especially for appliances with similar power levels. However,

this information requires a training phase or a general model of the monitored

appliances. In addition, the framework is robust to the presence of unknown appli-

ances. Each time an edge is detected it is considered the possibility of an unknown

load causing the edge. Based on its characteristics, Online, Real-time, Robust,

and Edge driven, we will refer to it as the O2RE framework. The proposed O2RE

framework (Alg. 1) comprises four principal modules:

Module 1: Edge Detection and Base Load Detection. This mod-

ule detects events and steady states from the aggregated power profile. It also

includes a base load detection procedure that identifies consistent power consump-

tion from appliances operating in a steady state. The detection of steady states

isolates periods with minimal power variation. Edge detection identifies significant

changes (edges) in the aggregated power profile, potentially indicating appliance

state changes (Section 4.4.1).

Module 2: State Probabilities Update. If a significant edge is de-

tected, the state probabilities SP are updated based on the edge’s value, and, if

available, additional information such as transition probabilities. However, it is

also important to consider that the detected edge could be caused by an unknown

load, which refers to a non-monitored appliance included in the aggregated power

(Section 4.4.2).
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Module 3: State Probabilities Tuning. In the tuning phase, the frame-

work ensures that the state probabilities are coherent with additional criteria like

the current aggregated power in a steady state. In this phase, the state proba-

bilities SP are updated to fulfill some constraints while minimizing the distance

between the initial and updated state probabilities (Section 4.4.3).

Module 4: States Prediction. In this phase, the framework combines

information on the state probabilities SP with the total matching criterion and

possibly other additional criteria, to predict the most likely state for each appliance.

This step involves a state-based optimization algorithm (Section 4.4.4).

4.4 Low level design

In this section, the architecture exposed above is explained in detail through

the framework modules.

4.4.1 Module 1: Edge Detection and Base Load Detection

Edge Detection

In practical scenarios, load meter measurements are prone to the presence of

sensor noise, transient spikes, and signal fluctuations around the mean operating

power of an appliance. The edge detection algorithm starts by identifying if the

system is likely to be in a steady state considering the power grid noise σ2
g variance.

For this task, we use the three-point method [53] which is simple and effective.

Consider the current aggregated sample P (t). The three-point method calculates

the local average power µP (t), and the local deviation σ2
P (t) around µP (t).

µP (t) =1
3

3∑
i=1

P (t− i∆t) (4.7)

σ2
P (t) =1

3

3∑
i=1

(P (t− i∆t)− µP (t))2
. (4.8)

If σP (t) < σg, then the power is likely to be in a steady state, and we update

the current and previous steady states: P prev = P curr; P curr = µP (t). This is the

basis of the function UpdateSteadyStates in Algorithm 1. Then, we identify
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Algorithm 1 O2RE NILM Framework: High-level Architecture
1: //Initialization

2: SP ← InitializeStateProb()

3: S ← None ▷ Operating state indicator vector (Eq. 4.2)

4: B ←∞ ▷ B represents the base load

5: for each t do

6: //Edge and Base load detection (Module 1)

7: P curr P prev ← UpdateSteadyStates() ▷ Eq. 4.7 and 4.8

8: E ← P curr − P prev

9: B ← UpdateBaseLoad()

10: //State Probabilities Update (Module 2)

11: state_prob_updated← False

12: if |E| > θ then

13: SP ← UpdateStateProb()

14: state_prob_updated← True

15: end if

16: E[P ]←
∑N

i=1
∑Mi

j=0 SPi,j · Pi,j ▷ Expected Value of predicted power

17: Pfluc ← max(P curr −B, 0)

18: //State Probabilities Tune (Module 3)

19: if E[P ] > Pfluc then

20: SP ← TuneStateProb()

21: state_prob_updated← True

22: end if

23: //States Prediction (Module 4)

24: if state_prob_updated == True or S is None then

25: S ← PredictStates()

26: end if

27: output S as the prediction for time t

28: end for
← : Assignation, //: Section comments, ▷ : Line Comments
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significant edges when Eq.(4.6) provides |E| > θ, where θ is a significance threshold

holding the condition θ ≥ σg.

Base load detection

Accurate estimation of the base load is also important for enhancing the ac-

curacy of NILM algorithms, particularly those employing state-based approaches.

The base load represents the consistent electrical consumption of appliances op-

erating in a steady state. By accurately characterizing the base load, algorithms

can effectively differentiate it from monitored appliance-specific states, improving

the overall performance of NILM systems. In this work, the base load is estimated

sequentially as shown in Algorithm 2.

Algorithm 2 Base Load Estimation: UpdateBaseLoad() function in Alg. 1
1: α← User-defined value ▷ Set a value in the range [0, 1]

2: if P (t) ≤ B then

3: B ← P (t)

4: else

5: λ← α ·
(

B
P (t)

)(1−α)

6: B ← B · (1− λ) + P (t) · λ

7: end if

8: return B

Algorithm 2 estimates the minimum value in a sliding window by using

only the current measurement and stored past information. Classical algorithms

for calculating exactly the minimum in a sliding window require space complexity

proportional to the window size in the worst case. We propose an O(1) space

complexity approximation algorithm. The algorithm receives a tunable parameter

α, which could be interpreted as α = 1
window_size , it lies in the range [0,1]. By

iteratively updating the base load estimation, the algorithm implicitly tracks the

minimum power consumption within the sliding window. The estimated base load

adapts to the fluctuations in power consumption and provides a dynamic estimate

of the minimum value observed within the recent history of measurements.

In each step, the algorithm updates the value of the base load depending on

the current power measurement P (t). When P (t) is less than or equal to the base
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load it is trivial to equal it to the current value of P (t). Otherwise, the value of the

base load is increased taking into account how far is the current measurement from

the base load, and the adjustable parameter α. Intuitively, if P (t) is much larger

than the base load, it is less probable that it becomes the minimum value in a win-

dow. On the other hand, when the window size is approaching 1 (α approaching 1)

the probability of P (t) becoming the next minimum increases. On the contrary, if

the window size is approaching infinity (α approaching 0), the algorithm provides

the minimum value found in all previous measurements. Setting the tunable pa-

rameter α involves balancing responsiveness to recent data against the smoothness

of the estimation over a longer period. Assuming that the constantly-on devices

remain the same for a long time and based on the experience of experimental tests,

we consider a good tradeoff the interval, 1 × 10−6 ≤ α ≤ 1 × 10−5, for sampling

frequencies around 1Hz.

4.4.2 Module 2: State Probabilities Update

In this section we present the basis of the function UpdateStateProb in

algorithm 1.

Probabilistic model for power state transitions in FSM appliances

The active power in each state of FSM appliances can not be considered con-

stant. Active power can fluctuate due to changes in supply voltage and variations

in load impedance [82]. Due to the large number of uncertainties, and provided

that the sources of uncertainty are independent with finite variance it is reasonable

to assume a Gaussian distribution for samples with large statistics. In [82], by

assuming a Gaussian distribution for the grid voltage and conductance, is found

a dependency of the active power variance with its expected value, and it is pro-

posed a log-transformation in order to represent the transformed active power with

a Gaussian distribution and remove this dependency. In this paper, we will consider

this transformation as follows. If the random fluctuations of the power transition

in load i from state j to state k is represented with the random variable ∆Pi,j,k,

we define the transformed random variable ∆P̃i,j,k as:
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∆P̃i,j,k = sgn(∆Pi,j,k) · ln(|∆Pi,j,k|) (4.9)

µ∆P̃i,j,k
= sgn(Pi,k − Pi,j) · ln(|Pi,k − Pi,j |) (4.10)

∆P̃i,j,k ∼ N (µ∆P̃i,j,k
, σ2

∆P̃
) (4.11)

Where sgn(.) is the sign of the given argument. Here we are assuming

∆P̃i,j,k to be normal distributed with mean µ∆P̃i,j,k
and variance σ2

∆P̃
. Please

note that the value of µ∆P̃i,j,k
only depends on the average power of the appliance

states. On the other hand, we consider a fixed value of the variance σ2
∆P̃

and

this is a tunable parameter of the algorithm. Is important to note that a variance

depending on the appliance may increase the accuracy of the method, but in order

to retain the simplicity of the algorithm we consider using a single fixed value

in our model. Details concerning the value of this parameter are provided in the

experimental section of this paper. Equations (4.9)-(4.11) are important to estimate

the likelihood of observing a detected edge E given a power transition in load i

from state j to state k.

Likelihood calculation given an appliance state transition

Once an edge E is detected, we are interested in assigning a likelihood value

L(E|Tijk) to each appliance state transition Tijk. Considering the model explained

before (4.9)-(4.11) and normalizing each distribution to the standard normal dis-

tribution N(0, 1) (x̃ = x−µ
σ ) we obtain:

xijk =
Ẽ − µ∆P̃ijk

σ∆P̃

(4.12)

Where:

Ẽ = sgn (E) ln(|E|) (4.13)

In this way, by evaluating xijk in the pdf function of the standard normal

distribution, we calculate the likelihoods:

L(E|Tijk) = 1√
2π

e−
x2

ijk
2 (4.14)
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Figure 4.2: Example of the likelihood for four possible state transitions. For the edge

E = 250W , the highest likelihood is associated with the appliance transition from 0

to 230W that, among the other possible state transitions and the unknown transition

reported in the figure, is the most likely to represent the power variation E.

Likelihood of unknown state transition

To be realistic, it is considered that unknown loads could exist in measured

aggregated power, and therefore, it could be the case that the change E is due to

an unknown state transition and not due to a transition in the state of any of the

N monitored appliances. To assign a likelihood of the unknown transition, this

work exploits the idea of an improper constant density over the whole Euclidean

(Eq. 4.15) which is often used in outliers clustering [83,84].

L(E|UnkTrans) = δ (4.15)

The constant δ > 0 is the improper constant density, and it is one of the

settable parameters of the algorithm. The idea of the method is that transitions

that lie in low-density areas (L(E|Tijk) < δ) are unlikely to explain the edge E.

In other words, if L(E|Tijk) < δ, is more likely that edge E be due to a different

transition. The reader is referred to Figure 4.2 for a visual example of the likelihood

calculation.

Conditional probability calculation

Once the likelihoods are calculated, we assign a probability to each possible

event conditioned on the value of the edge E. The events here are all the possible

state transitions plus the unknown transition event. Defining then, Pr(Tijk|E)
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as the probability that the state transition in the appliance i from the state j to

the state k is causing the edge E, Pr(UnkTrans|E) as the probability that an

unknown load causes the change E, and employing Bayes’ theorem we can write:

Pr(Tijk|E) = L(E|Tijk)Pr(Tijk)∑
∀i′j′k′

j′ ̸=k′

L(E|Ti′j′k′)Pr(Ti′j′k′) + UTT
(4.16)

Where UTT = L(E|UnkTrans) · Pr(UnkTrans) is the unknown transition

term and Pr(Tijk) and Pr(UnkTrans) are the prior probability terms. In (4.16)

the subscripts i′, j′, k′ move on all appliances, and for all the states transitions. It

can be noted that the denominator in (4.16) is a direct application of the Law of

Total Probability, since the state transitions and the unknown transition events

are jointly exhaustive and mutually exclusive. In sections 4.4.2 and 4.4.2 it is ex-

plained how to calculate the likelihoods, equations (4.14) and (4.15), the terms

L(E|Tijk) and L(E|UnkTrans) in (4.16) respectively. The prior probability terms

Pr(Tijk) and Pr(UnkTrans), which represent the unconditioned probabilities for

each state transition and the unknown state transition respectively, are important

to distinguish similar loads. In general, accurately estimating these terms requires

a prior training phase. Information about these terms is important to enhance the

accuracy of the algorithm for similar loads, but in case this information is not avail-

able, the terms Pr(Tijk) and Pr(UnkTrans) can be fixed to the central probability

vector. As a consequence, the starting values for Pr(Tijk) and Pr(UnkTrans) can

be set to 1
M+1 , where M is the number of possible state transitions in all the ap-

pliances. That means that initially, all the events are equally probable. From now

we will refer to this as the minimum information setting.

Updating sequentially the appliance state probabilities

We propose a recursive algorithm to update the probability of one appliance

being in one certain state. Before, we defined SPi,j as the probability of appliance i

operating in state j, then, after an edge is detected, these probabilities are updated

by using the conditional probabilities Pr(Tijk|E) previously calculated, assuming

that the edge E can only be caused by exactly one change in the appliance state

transition (Switch Continuity Principle) or it is caused by other unknown tran-

sition. The last cause implies that the appliance does not change state in the
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current time step. In (4.17) is shown the equation to calculate the updated state

probabilities.

S′
Pi,j

= [
∑
j ̸=k

Pr(Tikj |E) · SPi,k
]

+[(1−
∑
j ̸=k

Pr(Tijk|E)) · SPi,j
]

(4.17)

The first addend in equation (4.17) calculates the probability of a state

change in the appliance i to the state j from all possible state k. The second

addend of (4.17) calculates the probability of no change in the appliance i from the

state j. Then by simply setting SPi,j
to S′

Pi,j
we store in SPi,j

the updated state

probabilities.

4.4.3 Module 3: State Probabilities Tuning

Up to now, the state probabilities variable relies only on the edge detection

phase, thus, a considerable difference in a detected edge from its expected value

can negatively impact the accuracy of the method. As an example, consider that

the rising edge of an appliance is detected correctly but the corresponding falling

edge is detected with a significantly different value than expected. In that case, the

edge could be treated as coming from an unknown load, and the appliance would

wrongly remain in an on-state.

The tuning phase aims to maintain SP robust to anomalous cases as pre-

viously exposed. In this paper, we consider that SP needs to be tuned when the

expected value of power E[P ] is greater than the fluctuating power Pfluc. Here, we

define Pfluc, as the maximum between zero and the difference between the current

steady state P curr and the base load B. In other words, Pfluc is the part of the

total power that is not constant (fluctuating) and is expected to integrate all FSM

appliances.

As we are assuming that the appliances are independent, the expected value

of power can be defined as

E[P ] =
N∑

i=1

Mi∑
j=0

SPi,j · Pi,j (4.18)
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In that sense, if E[P ] > Pfluc, is an indication that we are overestimating the

power and some appliances can result wrongly in an on-state. Then we adjust SP

to ensure that E[P ] ≤ Pfluc while minimizing the distance to the original SP . As a

measure of distance, we consider the relative entropy [85] between the original and

updated SP . To solve the resultant convex-constrained optimization problem, the

CVXPY package is used [86,87]. Analyzing the opposite case, if a rising edge is not

correctly detected, the appliance would remain in an incorrect off state and we may

underestimate the power consumption. It could be reasonable to set a minimum

power Pmin and impose another constraint in the way E[P ] > Pmin. Considering

that the on-time of most consuming FSM appliances is rather short, and setting

a meaningful Pmin could be difficult, we decided not to use a constraint of this

type in this work. Another constraint considering a maximum on-time for each

appliance can also be used as a complement.

4.4.4 Module 4: States Prediction

After updating the probabilities of different appliance states, uncertainty

often persists, indicating that an appliance could still be associated with multiple

states, each with varying probabilities. This results in a higher entropy scenario,

where an exact operating state for some appliances remains less predictable. This

step aims to converge toward lower entropy state probabilities where each appliance

adopts a singular state with a probability near 1. It is also an opportunity to use

criteria not employed in the steps before, like the Total Matching Criterion. We

propose a modified Population-Based Incremental Learning algorithm (PBIL) [88]

for this step.

PBIL algorithm

PBIL algorithms, first introduced by Baluja [88] as an abstraction of ge-

netic algorithms (GAs), explicitly maintain the statistics contained in the popu-

lation [89]. Traditional GAs mimic natural evolution through selection, crossover,

and mutation operators applied to individual candidates. In contrast, PBIL evolves

a probability vector P⃗ r = [Pr1, ..., P rN ] (N is the length of the vector) to repre-

sent the likelihood of different traits contributing to high-quality solutions. The

standard PBIL algorithm was designed for binary vector encoding but can be ex-
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tended to consider integer vector encoding. In this case, the probability vector is

defined as: P⃗ r = [P⃗ r1, ..., ⃗PrN ], where P⃗ ri = [p1, ..., pMi
] (Mi is the length of the

vector P⃗ ri), and
∑Mi

j=1 pj = 1. PBIL is an iterative algorithm in which a set pop

of Sz solutions is sampled from the probability vector P⃗ r each iteration. Then,

the probability vector P⃗ r is learned toward the best sample B⃗ in pop, according

to the problem-specific fitness function. To maintain diversity, a mutation process

is carried out, learning the vector P⃗ ri towards a neutral vector M⃗i with a certain

probability p⃗m, and the cycle is repeated. As the iterations increase, each ele-

ment in P⃗ ri moves from their initial values towards either 0.0 or 1.0 (vector P⃗ ri

and as a consequence P⃗ r converge to a lower entropy vector). The search process

concludes when the fulfillment of a certain condition, such as reaching the prede-

fined maximum iteration count or achieving convergence of the probability vector

is reached.

PBIL for appliance states prediction

Here we consider the Total Matching Criterion and the state probabilities SP

as the bases for the fitness function. The first criterion considered is the minimiza-

tion of |e(t)| in (4.5). The second criterion is the maximization of the probability

of a given solution S. As we are assuming that appliances are independent, this

probability can be defined as Pr =
∏N

i=1 [
∑Mi

j=0 Si,j · SPi,j
]. An equivalent com-

putationally robust formulation of this criterion is the minimization of minus the

logarithm of the probability (4.19):

− ln(Pr) = −[
N∑

i=1
ln (

Mi∑
j=0

Si,j · SPi,j )] (4.19)

To choose the best sample from the population pop, we define two ranking

arrays based on separate criteria: rank_e and rank_p. Specifically,

• rank_e[i] denotes the rank of the i-th sample pop[i] when the population is

sorted by the first criterion in ascending order.

• rank_p[i] denotes the rank of pop[i] when sorted by the second criterion in

ascending order.

The best sample B⃗ from the population is identified by selecting the sample
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pop[i] that minimizes the maximum rank value between the two criteria for each

sample. Formally, this can be expressed as:

B⃗ = pop[i] where i = arg min
i

max(rank_e[i], rank_p[i]) (4.20)

Algorithm 3 presents the pseudocode for the state prediction module, which

represents the base of the function PredictStates in Algorithm 1. One significant

advantage of Algorithm 3 is initiating the search process from a partially converged

probability vector SP (Algorithm 3 line 2). This initialization strategy allows the

algorithm to bypass the initial exploratory phase required in random initialization.

Consequently, this approach reduces the number of generations required to achieve

convergence, enhancing the computational efficiency of state-based optimization

NILM algorithms. Moreover, as SP is the result of evolving an event-based NILM

method over time, by initiating the search in SP , the drawback of state-based

algorithms associated with the possible presence of unknown appliances is expected

to be eliminated.

The choice of PBIL improves the efficiency of the optimization process com-

pared to traditional metaheuristics because PBIL evolves a single probability vec-

tor. The probability vector is updated depending on the performance of the sam-

pled solutions, thus, eliminating the computational burden associated with manag-

ing multiple individual solutions usually found in other metaheuristics like Genetic

Algorithms. This makes PBIL particularly advantageous for scenarios requiring

efficient computation and scalability.

4.5 Experimental Results

This section presents the performance evaluation of our method in real-world

publicly-available datasets. We compare the proposed framework with state-of-

the-art approaches available in the literature and evaluate the robustness of our

approach in the presence of unmonitored appliances. We compare our method

with NILM algorithms proposed for real-time low-frequency data that only require

information on the average power for each appliance state.
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Algorithm 3 PBIL for appliance states prediction
1: Initialize: Sample size Sz, learning rate λ, mutation rate pm, maximum gen-

erations G

2: P⃗ ri ← [SPi,0 ; ...; SPi,Mi
], for each appliance i ▷ Initialization

3: for g ← 1 to G do

4: Generate a set pop of Sz samples from P⃗ r

5: Set B⃗ to the best sample in pop (See section 4.4.4 )

6: for i← 1 to N do ▷ Learn P⃗ r towards B⃗

7: P⃗ ri ← (1− λ) · P⃗ ri + λ · B⃗i

8: end for

9: for i← 1 to N do ▷ Mutate P⃗ r

10: if rand([0, 1]) < pm then

11: P⃗ ri ← (1− λ) · P⃗ ri + λ · M⃗i

12: end if

13: end for

14: end for

15: Si,j ← 0 for each appliance i and state j

16: selected_statei ← argmax(P⃗ ri) for each appliance i

17: Si,selected_statei
← 1 for each appliance i

18: return S
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4.5.1 Performance Metrics

In assessing the accuracy of the considered methods for individual appliances,

we employ the Estimation Accuracy and F-measure. These metrics were defined

by equations (2.2) and (2.3), respectively. Additionally, we consider the Overall

Estimation Accuracy, defined in Equation (2.5), and the Overall F-measure defined

in Equation (2.6).

4.5.2 Experimental Setup

The framework with the minimum information setting O2RE-MIN (assum-

ing only information on the average power for each appliance state), is tested on

REDD [59] and UK-DALE [60] datasets. We chose house 1 from REDD and houses

2 and 5 from UK-DALE. From each dataset, we selected five common FSM ap-

pliances. Appliances and their average power per on-state can be found in Table

4.1.

Test scenarios ranging from 72 to 720 hours are selected to test the methods

on different noise levels. The scenarios were designed to ensure activations across all

monitored appliances in the selected intervals. As a measure of noise, we consider

the percent-noisy measure defined in Eq. 2.8. We report the percent-noisy measure

and the test period for each scenario. The sampling rate was set to 3s for all

considered scenarios. Details of each scenario can be found in Table 4.2.

For benchmarking we compare with the MCE algorithm [77], MO-NILM [78],

and the Hart combinatorial optimization (CO) baseline algorithm [17]. We use two

versions of the CO algorithm, the traditional version and a custom version (CO-B)

that subtracts the estimated base load (Algorithm 2) from the aggregated power.

This custom version is introduced to evaluate the impact of the base load detection

on the performance of state-based algorithms. All algorithms are implemented to

be compatible with the widely adopted NILMTK toolkit [90]. These algorithms

are selected because they are designed to be real-time, can handle frequencies on

the order of 1Hz, use only the active power, disaggregate one reading at a time,

and only require the average power in each appliance state. This makes them ideal

for comparison with our proposed framework in a minimum information setting

(O2RE-MIN). All algorithms compared are implemented with the recommended
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Table 4.1: Appliance states used in simulation

Dataset Appliance (Acr.) On-States [W ]

REDD-1

fridge (F) 190, 230

dish washer (DW) 225, 1115

microwave (MW) 1520

electric oven (EO) 3350, 4090

washer dryer (WD) 450, 2700

UKDALE-2

fridge (F) 90

dish washer (DW) 100, 2000

microwave (MW) 1308

kettle (K) 2940

rice cooker (RC) 400

UKDALE-5

fridge (F) 108

dish washer (DW) 94, 1665

microwave (MW) 1505

electric oven (EO) 2120

kettle (K) 2900

Table 4.2: Test Scenarios Description

Scenario Dataset Test start Test hours Percent-Noisy

1 REDD-1 2011-05-14 96 44

2 UKDALE-2 2013-06-01 720 59

3 UKDALE-5 2014-08-20 72 72
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Table 4.3: Test Scenarios Settings (O2RE framework)

σg[W ] θ[W ] σ2
∆P̃

δ α λ pm Sz G

15 50 0.01 0.058 1× 10−6 0.025 0.01 30 50

settings as explained in their original papers. For the proposed O2RE framework,

we use the same settings for each scenario and each appliance. These settings were

chosen according to the number of appliances and by trial and error for calibration

of the most noisy scenario. The value of each required parameter is presented in

Table 4.3. Please refer to sections 4.4.1 and 4.4.4 for the definition of them.

4.5.3 Performance Results

Performance results for each scenario defined in Table 4.2 for each monitored

appliance are shown in Figures 4.3-4.5. We report the Estimation Accuracy and

the F-measure for each appliance, as well as its average value for each scenario.

From the figures is visible the superiority of the O2RE framework in all scenarios.

When considering the appliance-specific metrics, the dishwasher shows the lowest

accuracy. This is due to the fact that we are using only information on the average

power consumption and the minimum dishwasher on-state is similar to the fridge

on-state, causing some false positives in the dishwasher. For better discrimination

in these cases, additional information like the on-probability, transition probability,

etc; has to be fed to the framework. Is important to remark, that the low accuracy

of the microwave in UKDALE-5 is related to a continuous power consumption near

50W in this appliance, which only is present in this dataset.

In general, the O2RE framework is stable for each considered scenario, even

for the most noisy scenario 4, and reports high reliability for each considered ap-

pliance. Consider also, that we are using the main readings, and besides the con-

tribution of unmonitored appliances, data can contain Gaussian noise due to fluc-

tuations in sensor/ADC (analog-to-digital converter) precision [63]. Competitors’

algorithms show a lack of robustness, especially for the noisiest scenarios. Also is

interesting to note how the CO-B algorithm in some cases outperforms other more

sophisticated ones, especially when the base load is significant. This emphasizes

the importance of this estimation, especially for state-based approaches.
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Figure 4.3: Performance results Scenario 1 (REDD-1, 96h)
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Figure 4.4: Performance results Scenario 2 (UKDALE-2, 720h)
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Figure 4.5: Performance results Scenario 3 (UKDALE-5, 72h)

4.5.4 Robustness to Noise

Intending to test how resilient our approach is to the presence of unmoni-

tored appliances, we created artificial aggregates in the REDD-1 dataset. Start-

ing by summing monitored appliances (PA,0(t) =
∑N

i=1 pi(t)) we add other appli-

ances once at the time, selected in decreasing order of their energy consumption

(PA,r(t) = PA,0(t) +
∑r

j=1 pj(t), 1 ≤ r ≤ K), K is the number of appliances from
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the same dataset not considered in the monitored appliances. In this way, we cre-

ated K + 1 different scenarios with an increasing level of noise. Then, we compare

the Overall Estimation Accuracy (OEA) and the Overall F-measure (OFM) for

each considered algorithm.

Results are shown in Figures 4.6a and 4.6b. It can be appreciated how our

proposal is resilient to the presence of unmonitored appliances, reporting OEA

and OFM greater than 0.7 for all scenarios, even when the noise is greater than

40%. The opposite trend is appreciated for competing algorithms, where there is a

tendency to decrease performance as the noise increases. Also is interesting to note

how the CO-B algorithm performs better than other more sophisticated algorithms

for some noisy scenarios. This is because some always-on appliances are present

in the dataset, and by subtracting the base load from the aggregated signal, the

negative effect of these unknown appliances is alleviated.
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Figure 4.6: Robustness as the percent-noisy increases

4.5.5 Computational complexity and real-time capabilities

The dominant parts in the O2RE framework (Algorithm 1) are the complex-

ity associated with the dynamic programming algorithm implemented in Updat-

eStateProb() function and the complexity associated with the PBIL optimization

algorithm. The time and storage complexity of the dynamic programming algo-

rithm is O(N × M2) since the function updates the state probabilities for each

appliance considering each possible state transition. Here, N represents the num-

ber of appliances, and M is the maximum number of states in the appliances.

The time complexity of the PBIL algorithm is O(G × N × Sz ×M). This

complexity arises from operations across G generations, drawing populations of
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size Sz, evaluating fitness, and updating state probabilities. Instead, the storage

complexity of this part is O(Sz × N), which comes from storing the states of all

appliances for each individual in the population.

As an example, if we assume 32-bit floating-point numbers for all calculations

and consider a scenario involving 10 appliances (each with 3 states), a population

size of 50, and 100 generations in the PBIL algorithm. The RAM usage includes

approximately 360 bytes for the dynamic programming method (10×32 transitions

× 4 bytes each), 2000 bytes for the PBIL algorithm (50 population size × 10 ap-

pliances × 4 bytes each), and additional 10 KB if we consider this value to account

for typical overhead in embedded systems programming. This brings the total

RAM requirement to about 12.36 KB, which is well within the memory capacity

of constrained devices.

In terms of CPU workload, the dynamic programming method requires 90

operations (10 appliances ×32 transitions), while the PBIL algorithm involves

150,000 operations (100 generations × 10 appliances × 50 population size × 3

states). These requirements are modest and fall well within the capabilities of con-

strained edge devices. For instance, the Itron Riva meter [91], equipped with an

ARM Cortex-A8 MPU and 128 MB of memory [91], easily meets these demands.

Our framework, which requires 12.36 KB of RAM and manageable computational

operations, is suitable for deployment on such devices.

4.6 Conclusion of the chapter

This chapter presents an online real-time NILM framework for frequencies

in the order of 1 Hz. By sequentially detecting edges and base load from the

measured aggregated power, the probability of an appliance being in a given state

is updated, taking into account the possibility of the presence of unknown loads.

Using the information of the state probabilities, a modified PBIL algorithm is pro-

posed to estimate the power consumption of each appliance. Experimentation with

real-world publicly available datasets demonstrated its accuracy and robustness in

the presence of unknown appliances. Benchmarking with online state-of-the-art

algorithms using only information on the average power for each state results in

higher accuracy for overall and appliance-specific metrics. The framework can also
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be enhanced with additional information like the on-probabilities, the expected on-

time, tuned algorithm parameters, etc; that are important to increase the accuracy

for appliances with very similar power consumption. Investigation into how to ob-

tain this information without involving significant occupant efforts for algorithm

training is a research topic for future work.
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5
PV Characterization Fundamentals

In real-world applications, monitoring the condition of PV modules, quanti-

fying degradation, and diagnosis are often evaluated using model-based parameter

identification methods [22, 92]. These approaches involve fitting the electrical be-

havior of the module to an equivalent electric circuit, or model, which requires

identifying a set of parameters. By analyzing the behavior of these parameters

over time, it is possible to detect performance degradation or faults [93]. In ad-

dition to PV modules, PV submodules can be used for a more detailed diagnosis,

representing a set of PV cells connected in series with a bypass diode in antiparal-

lel [94].

Different approaches are used to describe the characteristics of PV panels

in terms of their electrical and material characteristics. PVs are modeled using

time-domain methods for describing their electrical features through static models

such as the single-diode model (SDM). On the other hand, inside the frequency

domain, solar cells are fundamentally considered as p–n junctions modeled through

resistances, capacitances, and inductances using equivalent small-signal dynamic

circuits.

5.1 SDM of a PV cell and module

The basic constructive element of a PV module is a cell, which can be rep-

resented by the SDM shown in Fig. 5.1. The relation between the cell’s current

(Ic) and voltage (Vc) is introduced in (5.1), where Iph-c is the photo-induced cur-

75
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rent, Is-c is the inverse saturation current, ηc is the diode ideality factor, Rs-c is

the series resistance, and Rsh-c is the parallel resistance. Moreover, Vth-c is the

thermal voltage, which can be defined as a function of the cell temperature (Tc),

the Boltzmann constant k, and the electron charge q as follows: Vth-c = kT/q.

Iph-c Is-c ηc Rsh-c

Rs-c Ic

+

−
Vc

Figure 5.1: Single diode model for a single solar cell.

Ic =Iph-c − Is-c

(
exp

(
Vc+IcRs-c

ηcVth-c

)
−1

)
− Vc+IcRs-c

Rsh-c
(5.1)

The SDM parameters depend on the cell’s irradiance (Gc) and temperature

(Tc); therefore, they cannot be assumed to be constants. Instead, the typical proce-

dure proposed to identify the parameters for a given Gc and Tc is to calculate a set

of reference SDM parameters (I∗
ph-c, I∗

s-c, η∗
c , R∗

s-c, R∗
sh-c) for a reference irradiance

(G∗) and temperature (T ∗), e.g. standard test conditions. Then, the reference

parameters are used to correct their values for a given Gc and Tc by using explicit

equations [95–98]. Often, these explicit equations include additional intrinsic coef-

ficients that are provided by the manufacturer, fitted from experimental data, or

generic values for each PV technology can be taken from the literature.

Although experimental studies in the literature do not provide a consensus

on the behavior of each model parameter under varying temperature or irradi-

ance levels [99], some assumptions are widely accepted. The saturation current

is typically assumed to depend only on temperature [100, 101], while the parallel

resistance is generally considered to depend only on irradiance [101,102]. The ide-

ality factor is assumed to be independent of irradiance, while some studies suggest

it may depend on temperature [100, 102]. The series resistance is often treated

as independent of both irradiance and temperature [101], although some research

reports a linear variation of Rs with temperature [103].

The SDM can be scaled to represent a PV module consisting of Ns cells

connected in series, provided that all Ns cells are identical and operate under

uniform conditions. In that case, it is possible to use the same structure of (5.1)

but scaling the parameters as shown in (5.2)-(5.7), where subindex m is used to
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indicate the parameters of the entire module.

Vth-m = Ns · Vth-c (5.2)

Iph-m = Iph-c (5.3)

Is-m = Is-c (5.4)

ηm = ηc (5.5)

Rs-m = Ns ·Rs-c (5.6)

Rsh-m = Ns ·Rsh-c (5.7)

5.2 PV degradation impact on the SDM parame-

ters

This section examines how common degradation mechanisms in PV modules

are reflected in variations of the SDM parameters, using the simulated I–V curves

in Figure 5.2 as reference, and relates these variations to field-observed failures

reported by the International Energy Agency (IEA) Photovoltaic Power Systems

Programme (PVPS) Task 13 group [104].

Photoinduced current (Iph) decreases when light transmission is reduced

due to optical degradation. In the simulation, a 40% reduction in Iph leads to a

41.4% drop in Maximum power point (MPP). This pattern reflects losses caused by

encapsulant browning, ethylene-vinyl acetate (EVA) yellowing, or glass corrosion,

which reduce photon access to the cell surface.

Saturation current (Is) increases when junction leakage or enhanced recom-

bination occurs. A 50-fold increase in Is results in a 26.3% reduction in MPP,

mainly due to a decrease in open-circuit voltage (Voc) while short-circuit current

(Isc) remains largely unchanged. This behavior is typically associated with degra-

dation mechanisms such as potential-induced degradation (PID) and environmental

stress.

Ideality factor (η) decreases when the number of electrically active cells in

the module is reduced due to disconnection or physical damage. A lower η shifts the

I–V curve to the left without altering the slope near Voc. Common causes include

broken interconnects and cell cracks induced by thermal cycling or mechanical load.

Series resistance (Rs) increases when internal current paths deteriorate due
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to corrosion, delamination, or contact degradation. In the simulation, a 200%

increase in Rs results in a 6.8% loss in MPP. This parameter directly influences

the slope of the I–V curve near Voc and strongly affects the fill factor (FF). Among

all SDM parameters, Rs is one of the most sensitive to degradation. It represents

losses along metallic pathways and interfaces, and its increase is commonly linked

to failed solder joints, broken ribbons, and other conductive failures documented

in field-exposed modules.

Shunt resistance (Rsh) decreases when parasitic paths form across the p-n

junction. In the simulation, a 50-fold reduction in Rsh causes a 21.0% drop in MPP,

primarily due to increased leakage currents that lower the module voltage. Mois-

ture ingress, encapsulant corrosion, or localized damage can lead to such behavior,

particularly in modules operating in humid or coastal environments.

5.3 Overview of SDM parameter estimation meth-

ods

The problem of estimating the parameters of the SDM can be defined as

follows: Given an experimental current–voltage (I–V ) characteristic of a photo-

voltaic (PV) system, determine the set of parameters that best fit the measured

data. This task differs from the forward simulation problem, where the objective

is to compute the I–V curve from a known set of parameters. The simulation

problem is typically less demanding, as it involves solving a system of non-linear

equations and can be completed with moderate computational resources and high

accuracy. In contrast, parameter estimation requires iterative optimization proce-

dures to converge to an accurate solution. As a result, detailed modeling aspects,

such as cell-level behavior and the effect of bypass diodes, are often omitted to

reduce computational complexity.

Extensive research has been conducted on methods for identifying the pa-

rameters of the SDM. These methods can generally be classified into two categories:

analytical and numerical approaches [105, 106]. Analytical methods simplify the

PV model by focusing on key points of its current vs. voltage (I–V ) characteris-

tic [105]. In contrast, numerical methods utilize the entire I–V characteristic, or a

portion of it, to determine a set of parameters that provides an optimal fitting [107].
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Figure 5.2: Impact of SDM parameter variations on the I −V characteristics of a PV

module. The legend shows the effect of varying one parameter while keeping the others at

nominal values. It indicates the specific parameter change and the corresponding relative

loss in maximum power point ∆Pmpp.

The study in [108] proposes an iterative method based on the Levenberg-

Marquardt algorithm and simultaneous determination of PV module temperature

and irradiance, eliminating explicit equations. A numerical method is introduced

in [109], employing a genetic algorithm (GA) that relies on only five I-V curve

points. The work in [110] presents an analytical method using explicit equa-

tions based on the Lambert W function for parameter identification from datasheet

values. Similarly, [111] describes an integral-based analytical approach that em-

ploys linear least squares to enhance accuracy. In [112], a metaheuristic numerical

method is presented, using Particle Swarm Optimization (PSO) and incorporating

temperature-dependent series resistance.

A hybrid analytical-numerical technique is detailed in [113], combining PSO
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with temperature modeling for improved results. In [114], a method combining an-

alytical and iterative techniques is described through explicit equations and step-

based refinement. The work in [29] proposes a multi-objective evolutionary algo-

rithm designed to optimize static and dynamic model parameters simultaneously to

achieve consistency across environmental conditions. The study in [115] introduces

a deterministic numerical approach using derivative-based optimization, improving

accuracy with minimal computation. Lastly, [116] presents a metaheuristic method

based on Diversity Improvement-Oriented Differential Evolution (DIODE), which

enhances population diversity to prevent premature convergence.

However, all the previous approaches assume that the cells within a PV mod-

ule are identical and operate under uniform irradiance and temperature conditions.

As a result, the model produces I–V curves with the same shape and curvature

as those of a single cell, scaled according to the number of series-connected (Ns)

and parallel-connected (Nsh) cells. This strong assumption is difficult to fulfill

in real applications since the cells in a PV module or string, mismatch due to

different causes. Some of the most common causes are partial shading due to sur-

rounding objects (temporary or permanent), soiling, uneven aging of the PV cells,

early degradation, and differences in the manufacturing process [31, 117]. The

same assumption is adopted when using other models in the literature, such as the

double-diode model (DDM) and triple-diode (TDM) model, which are applied to

model PV generators with cells from various technologies [96].

5.4 Limits of the Uniformity Assumption in SDM

Parameter Estimation

In realistic scenarios, each PV cell operates under unique irradiance and

temperature conditions, influenced by partial shading, soiling, or manufacturing

variability. These mismatches lead to electrical imbalances among cells in a se-

ries string, causing deviations from the behavior expected under the uniformity

assumption commonly applied when estimating SDM parameters. Even when the

global I–V curve does not show visible distortion, the underlying non-uniform con-

ditions can severely compromise the accuracy and physical validity of the fitted

parameters.
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SDM fitting under mismatched conditions tends to redistribute the error

across parameters in non-physical ways. Figure 5.3 illustrates this effect through

simulations where one cell in a 32-cell module (two 16-cell submodules) is pro-

gressively shaded. Each cell is modeled using the following set of parameters:

I∗
ph-c = 6 A, I∗

s-c = 1 × 10−7 A, η∗
c = 1.3, R∗

s-c = 0.003 Ω, and R∗
sh-c = 20 Ω. To

simulate the shading, the parameter Iph-c of the shaded cell is reduced proportion-

ally to the shading level, while the other parameters are considered constants. The

bypass diode effect in each 16-cell submodule is also modeled in this exercise.

The left panel of Figure 5.3 displays the simulated I–V curves under five

shading levels, ranging from 0% to 20%. The right panel presents the correspond-

ing fitted curve and the relative error in each parameter, assuming uniform con-

ditions across all cells. Although the visual changes in the I–V curves are subtle,

particularly at lower shading levels, the estimated parameters in the right panel

deviate significantly from the reference values.

Already at 5% shading, the saturation current (Is) is reduced by a factor of

13.7, the shunt resistance (Rsh) drops by a factor of 7.3, and the series resistance

(Rs) increases by 25.3%. These changes do not reflect physical alterations in the

module but are artifacts of the fitting process, attempting to replicate a non-

uniform behavior using a uniform model. As the shading level increases to 10%,

15%, and 20%, the deviations become even more pronounced. For example, at

10% shading, Is drops by a factor of 231.3, while Rs increases by 38.1% and Rsh

decreases by a factor of 15.2. These parameter shifts are disproportionate to the

actual physical disturbance and illustrate the inadequacy of assuming homogeneity

under mismatching.

It is important to recognize that some parameters, such as the saturation

current (Is), have well-established dependencies on environmental conditions, par-

ticularly temperature. Therefore, care must be taken to distinguish between varia-

tions caused by normal operating conditions and those resulting from degradation

or poor model assumptions. The deviations in fitted parameters shown in Fig-

ure 5.3 are not related to changes in the operating conditions. Instead, they reflect

the model’s attempt to compensate for cell-to-cell mismatches using a uniform pa-

rameter set, making it difficult to separate actual aging or fault effects from errors

introduced by oversimplified modeling.
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These results highlight that the uniformity assumption is fragile. Even low

levels of mismatch that do not produce obvious visual distortions in the I–V curve

can lead to unphysical SDM parameter estimates. Such discrepancies reduce the

reliability of degradation diagnostics, fault detection, and performance modeling

when using SDM-based monitoring tools under field conditions.
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Figure 5.3: Effect of progressively shading a single solar cell in a 32-cell series string

(2 × 16-cell sub-modules). The left panel shows simulated IV-curves for five shading levels

(0–20 % in 5 % steps). The right panel shows curves obtained by fitting a SDM to each

simulation. Legend entries on the right combine the shading percentage with the relative

change of key SDM parameters with respect to the unshaded baseline: Is and Rsh as

multiplicative factors (× or /), and Iph, Rs and η as signed percentage changes.

5.5 Frequency Domain Analysis as a Complement

One way to improve the robustness of SDM parameter estimation under

mismatching conditions is to incorporate complementary diagnostic methods that

capture different physical properties of the photovoltaic device. Frequency-domain

analysis, particularly through small-signal perturbation techniques, offers access to

internal dynamic behavior that static current-voltage characterization cannot re-

solve. This additional layer of information can constrain the parameter estimation

process and reduce sensitivity to external distortions.

5.5.1 IS Technique

IS is a non-invasive technique originally developed for characterizing electro-

chemical systems, including batteries and fuel cells. It operates by applying a small
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sinusoidal perturbation to the voltage or current of a system and measuring the re-

sulting response over a range of frequencies. The method assumes a linear response

due to the low amplitude of the excitation, allowing the impedance spectrum to be

interpreted in terms of distinct physical processes.

In photovoltaic applications, IS enables the identification of resistive, ca-

pacitive, and diffusion-related effects within the device. High-frequency behavior

is generally associated with fast processes such as contact resistance and carrier

collection, while low-frequency behavior reflects slower mechanisms such as recom-

bination, leakage paths, or charge accumulation at interfaces. These dynamic sig-

natures provide insight into the internal structure of the device, including junction

quality, interfacial integrity, and material degradation.

By integrating frequency-domain information into the estimation framework,

it becomes possible to decouple phenomena that are otherwise indistinguishable in

a static curve. The data obtained through IS can serve as physical constraints

or validation references during model fitting, especially under conditions where

mismatches or local defects distort the global device response. Since the technique

operates with minimal perturbation, it is suitable for online diagnostics and long-

term monitoring in real operating environments.

5.5.2 Frequency domain modeling with a CPE

The frequency-dependent information provided by IS can be interpreted us-

ing equivalent circuit models that represent the internal structure and dynamic

processes of PV devices. These models translate the impedance spectrum into

electrical elements such as resistors, capacitors, inductors, and more general com-

ponents. A well-defined model helps quantify how different physical mechanisms

contribute across frequency ranges and supports accurate fitting of measured data.

Solar cells often show deviations from ideal capacitive behavior, especially

in the presence of imperfections at junctions or interfaces. These deviations result

in impedance spectra that do not form perfect semicircles in the complex plane.

To capture this non-ideal behavior, the constant phase element (CPE) is intro-

duced. The CPE extends the standard capacitor model and enables a better fit of

experimental data, particularly for silicon-based technologies.

The dynamic model that includes the CPE is presented in Fig. 5.4, and its
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corresponding impedance expression is given in Eq. (5.8) [118]. This formulation

captures both the resistive and capacitive effects across the junction, as well as

inductive behavior at high frequencies.

L R0

CPE

R1

Figure 5.4: Dynamic equivalent circuit including a constant phase element (CPE).

Zeq(ω) = jωL + R0 + R1

[(jω)βQR1 + 1] (5.8)

In Eq. (5.8), L represents the parasitic inductance, R0 the series resistance,

and R1 the resistance across the junction. The CPE models the non-ideal capacitive

behavior through the parameters β and Q [119].

Fig. 5.5 shows the expected impedance response in the complex plane based

on the CPE model. The high-frequency region appears on the left side of the plot,

where the inductive effect from L is visible as a deviation into the negative imagi-

nary axis, labeled as “L effect.” As the frequency decreases, the impedance response

traces a single arc, which results from the combined influence of the junction resis-

tance R1 and the CPE. At the lowest frequencies, the curve flattens and approaches

the total resistance R0 + R1 along the real axis. The figure includes visual markers

for R0, R1, and the inductive effect, clearly illustrating the contribution of each

element to the overall impedance shape. This impedance profile resembles typical

experimental data of PV modules.

5.5.3 Practical Limitations of IS Technique

Implementing IS on PV panels under real-world conditions presents sub-

stantial hardware challenges. The technique requires precise injection of small AC

perturbations and synchronized measurement of the voltage and current response

over a broad frequency range. In outdoor applications, fluctuations in irradiance

and temperature during the measurement window can alter the operating point,

introducing instability and distortion in the impedance data. To address this, the



5.5. FREQUENCY DOMAIN ANALYSIS AS A COMPLEMENT 85

0.25 0.50 0.75 1.00 1.25 1.50 1.75
real(Z) [ ]

2.0

1.5

1.0

0.5

0.0

0.5

im
ag

(Z
) [

]

0

R0

L effect

R1

Figure 5.5: Impedance response in the complex plane based on the CPE model. The arc

reflects the non-ideal capacitive behavior of the junction.

hardware must acquire complete spectra rapidly while maintaining tight control

over the system’s electrical state, which significantly increases circuit complexity.

In addition, the wide impedance variation across frequencies demands highly

sensitive and low-noise analog front ends capable of maintaining resolution at both

high and low impedance values. Long cable runs in PV installations introduce

parasitic effects that further complicate accurate measurement, particularly at high

frequencies where inductive and capacitive coupling become significant.

At present, these technical requirements, combined with the need for ro-

bustness, safety, and low cost, limit the practical deployment of IS to laboratory or

highly controlled environments. The technique is not yet mature for routine field

application. However, the richness of the physical information accessible through

IS justifies continued study of its models and measurement strategies, to enable

reliable integration into PV diagnostics in the future.
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5.6 Conclusion of the Chapter

This chapter presented the fundamentals of electrical characterization in

PV systems, focusing on the use of the SDM to describe the electrical behavior

of modules through a compact set of physically meaningful parameters. These

parameters are commonly used for condition monitoring and degradation analysis.

However, the assumption of uniform operating conditions across all cells within a

module is difficult to satisfy in practice. Mismatches caused by shading, soiling, or

aging introduce distortions that can lead to inaccurate and non-physical parameter

estimates, even when the overall I–V curve appears undistorted.

The analysis of parameter behavior under mismatch conditions highlights

the limitations of standard SDM fitting procedures. Errors introduced by the uni-

formity assumption are distributed across parameters in unpredictable ways, re-

ducing the diagnostic value of the fitted model. To complement the SDM analysis,

this chapter introduced IS as a technique capable of revealing additional informa-

tion about the internal dynamics of PV devices. Although still not mature as a

practical solution for PV systems, IS provides additional insights that can sup-

port the interpretation of I–V-based models. Despite current practical limitations

in measurement hardware, its integration with time-domain analysis represents a

promising direction for improving model robustness.

The following chapter examines how IS measurements can be integrated

with the SDM to improve the accuracy and stability of parameter identification

by incorporating complementary frequency-domain information. This integration

demonstrates the added value of using dynamic electrical behavior to reinforce

static model fitting. In contrast, the subsequent chapter proposes a more practical

approach based solely on I–V curve data, without requiring additional hardware.

By increasing the flexibility of the modeling structure and refining the parame-

ter estimation strategy, this method offers a solution better suited for widespread

deployment in real PV systems using existing measurement capabilities.



6
Multi-Objective Optimization for

Identifying SDM and CPE Model

Parameters

6.1 Introduction

Building on the limitations identified in Chapter 5, this chapter investigates

how frequency-domain data obtained through IS can be integrated into the iden-

tification process of SDM parameters. While conventional methods rely solely on

fitting the static I–V characteristics, incorporating complementary dynamic mea-

surements offers an opportunity to improve the stability and consistency of the

parameter estimates. The approach developed here formulates a multi-objective

optimization problem that leverages both the static and dynamic representations

of photovoltaic modules to obtain more coherent and physically meaningful param-

eter sets. The content of this chapter has been previously divulged in Publication

C1. [29].

Several techniques have been developed to estimate optimal parameter sets

that align photovoltaic models with experimental measurements. Analytical, iter-

ative, and metaheuristic methods are commonly used to approximate solutions to

this estimation problem [120]. However, beyond the choice of optimization method,

the accuracy and reliability of the results are strongly influenced by factors such as

measurement noise, the distribution of observation points, initialization strategies,

87
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and the structure of the objective function. More importantly, as highlighted in

Chapter 5, the presence of non-uniform operating conditions across cells in a mod-

ule can distort the fitting process and lead to non-physical parameter estimates.

These limitations highlight the need to incorporate additional physical information

to enhance the identification of model parameters.

Static and dynamic models have some common points corresponding to the

inherent material and electrical PV solar cell characteristics. In [121], it is shown

that the Rmpp (that is the differential resistance of the PV panel at its Maximum

Power Point) and the PV series resistance, appearing in both SDM and dynamic

model, could be calculated using each model independently. Moreover, [121] com-

pares the performance of the two models for estimating the series resistance when

PV panels are affected by the series resistance degradation phenomenon. By as-

suming the series resistance as a common parameter for the two models, the param-

eter identification task can be formulated as a multi-objective problem. The joint

parameters estimation seeks more reliable and stable parameters across different

environmental conditions, as shown in the following.

This approach relies on two complementary representations of PV behavior.

The static characteristics are modeled using the SDM, previously defined in Chap-

ter 5 (Eq. 5.1), which relates current and voltage through five physical parameters.

The dynamic behavior is captured by the impedance model introduced in Chap-

ter 5 (Eq. 5.8), which incorporates a CPE to model non-ideal capacitive dispersion

observed in practical IS measurements. Together, these models form the basis for

the joint parameter identification process proposed in this work.

The rest of the Chapter is organized as follows: section 6.2 introduces some

concepts related to multi-objective optimization and provides the complete math-

ematical formulation and methodology; section 6.3 presents the results achieved

and the discussion, and section 6.4 presents the conclusions of the investigation.
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6.2 Multi-objective formulation and validation

A multi-objective optimization problem (MOP) is a mathematical optimiza-

tion problem that can be formulated as follows:

minimize F (x) = (f1(x), f2 (x) , . . . , fm (x))T

subject to x ∈ Ω ⊆ Rn
(6.1)

where Ω is the decision space or feasible region, F : Ω → Rm consists of

m real-valued objective functions and Rm is the objective space. In a MOP the

objectives often conflict with each other, making it impossible to find a single

solution that optimizes all objectives simultaneously. As a result, the search for a

solution involves finding a set of optimal trade-off solutions, where improvement in

one objective cannot be achieved without negatively impacting at least one of the

other objectives. The best tradeoffs among the objectives can be defined in terms

of Pareto optimality.

Given two solutions x, y ∈ Ω, x is said to dominate y (x ≺ y) if and only

if fi(x) ≤ fi(y) for all i = 1, 2, ..., m, and f(x) ̸= f(y). A point x∗ ∈ Ω is Pareto

optimal if and only if there is no point x ∈ Ω such that F (x) ≺ F (x∗). The set of

all Pareto optimal points forms the so-called Pareto set (PS), while the set of all

corresponding Pareto optimal objective vectors constitutes the Pareto Front (PF).

In many practical situations, a decision-maker needs an approximation of

the PF to choose the preferred solution from. Often, computing the complete PF

can be impractical due to the large number of Pareto optimal solutions that the

MOP may have. To address this issue, multiobjective optimization algorithms aim

to find a smaller set of Pareto optimal solutions, that are evenly distributed along

the PF and thus provide a good representative of the entire PF.

6.2.1 SDM fitting error calculation

The first objective function is defined as the root mean squared error be-

tween the experimental (Ii,exp) and calculated (Ii,cal) current for each of the N

experimental voltage values. Ii,cal is evaluated by using eq. (5.1).

f1 =

√√√√ 1
N

N∑
i=1

(Ii,exp − Ii,cal)2 (6.2)
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6.2.2 CPE fitting error calculation

The second objective function should measure the difference between the

experimental and calculated impedances. Eq.(5.8) is used to evaluate the real

(Z ′

i,cal) and the imaginary (Z ′′

i,cal) parts of the PV impedance. In this case, the

model parameters are selected to minimize the sum of weighted square differences

between the experimental and calculated impedances.

f2 =
M∑

i=1
{

(
Z

′

i,exp − Z
′

i,cal

)2

√
Z

′2
i,cal + Z

′′2
i,cal

+

(
Z

′′

i,exp − Z
′′

i,cal

)2

√
Z

′2
i,cal + Z

′′2
i,cal

} (6.3)

In equation (6.3), the summation runs over all impedance values measured

at M frequencies available in experiments. Equation (6.3) implements the modulus

weighting approach. In this approach, the small and large impedances contribute

in a similar way to the sum of squares [122].

6.2.3 Decision variables analysis

The multi-objective formulation involves 9 decision variables in total (Iph,

Is, η, Rsh, Rs, R1, L, β, Q). Involved in the calculation of (6.2) are Iph, Is, η, Rsh,

Rs; and involved in the calculation of (6.3) are R0 = Rs, R1, L, β and Q. It is

important to analyze how the decision variables influence the conflicting objectives,

in order to possibly decompose a high-dimensional problem into a set of simpler

and low-dimensional subproblems [123].

In our formulation, the variable Rs controls the diversity of solutions as well

as the convergence of the population. The rest of the variables only control the

convergence of the population. That is to say, for a fixed Rs, it is possible to

optimize (6.2) and (6.3) in an independent way. With this in mind, it is possible

to decompose the variables into two groups and exploit this to efficiently solve the

problem. More details of the decomposition will be given in the next sections.

6.2.4 Normalization method

Objective space normalization is important when the objectives are in differ-

ent scales. Without normalization, multi-objective evolutionary algorithms (MOEAs)

may fail to give equal emphasis to each objective, which can deteriorate their ca-
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pabilities to obtain uniformly distributed and well-converged solutions [124]. Ob-

jective space normalization can be achieved using the ideal and nadir points. An

approximation for the ideal point can be found by minimizing each objective func-

tion individually over the decision space. Unfortunately, the nadir point is much

more difficult to estimate because it requires the knowledge of the PF [124].

In this work, the estimation of the ideal point is found to minimize f1 and f2

independently. The estimation of the nadir point is found as follows. Let us define

Rid
s and Rid

0 as the resistances obtained for the ideal solutions. The nadir point is

then estimated by minimizing f1 with Rs fixed to Rid
0 and minimizing f2 with R0

fixed to Rid
s (see Algorithm 4 for more details). In (6.4), the normalization formula

is shown.

f̃i (x) = fi (x)− (ideali − ϵ)
nadiri − (ideali − ϵ) (6.4)

The small constant ϵ is introduced to remedy the diversity deterioration

caused by inaccurately estimated ideal and nadir points. As in the early gen-

erations, the population is far away from the PF, the use of normalization with

estimated ideal and nadir points can deteriorate the performance of the algorithm.

In this work, this drawback is considered by applying the normalization procedure

only when we have a converged population (see Algorithm 4 for more details).

6.2.5 Proposed Algorithm

In MOPs, some decision variables influence the convergence of the obtained

solutions, while some decision variables determine the diversity of the solutions

[125]. Inspired by the algorithm introduced in [123], we propose a multi-objective

evolutionary algorithm that, in the early stages of evolution, fixes the values of

the diverse variables (only Rs in our case), and evolve the distance variables only

(variables controlling only the convergence, in our case the rest of variables). This

is intended to improve the convergence speed of the population.

Different from a single objective optimization problem, MOP needs to op-

timize all objective functions together. Therefore, in the second part of the algo-

rithm, we optimize all the decision variables as a whole. This is to improve the

uniformity of the Pareto front and to take into account the effect of Rs in the

convergence of the population. For this optimization task, we use the nondomi-
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nated sorting genetic algorithm (NSGA)-II [126]. The MOEA/D algorithm [127]

was also tested, but an improvement in the diversity of solutions was found with

NSGA-II. Simulated binary crossover (probability = 0.9, η = 15) and polynomial

mutation (probability = 1/chromosome_length, η = 20) were the operators used

in NSGA-II. The algorithm was implemented in the pymoo framework [128].

Algorithm 4 Proposed algorithm for jointly SDM and CPE optimization

Require: Vi,exp, Ii,exp, Z
′

j,exp, Z
′′

j,exp, pop_size; 1 ≤ i ≤ N ; 1 ≤ j ≤M

Ensure: pop

1: // Calculation of ideal and nadir points

2: xid
1 = Iid

ph, Iid
s , nid, Rid

sh, Rid
s ← arg min(f1)

3: xid
2 = Rid

0 , Rid
1 , Lid, βid, Qid ← arg min(f2)

4: xna
1 = Ina

ph , Ina
s , nna, Rna

sh , Rid
0 ← arg min(f1 | Rs = Rid

0 )

5: xna
2 = Rid

s , Rna
1 , Lna, βna, Qna ← arg min(f2 | R0 = Rid

s )

6: ideal← [f1(xid
1 ), f2(xid

2 )]

7: nadir ← [f1(xna
1 ), f2(xna

2 )]

8: // Early stages of evolution

9: pop← ∅

10: Set R to pop_size random uniform numbers in the possible Rs interval

11: for all r ∈ R do

12: x1 ← arg min(f1 | Rs = r)

13: x2 ← arg min(f2 | R0 = r)

14: x← x1 ∪ x2

15: Insert x into pop

16: end for

17: // Optimize all decision variables: Late stages of evolution

18: Use NSGA-II to evolve pop, normalizing with ideal and nadir using Eq. (6.4)

19: return pop

6.2.6 Temperature dependence of reverse saturation current

for parameters validation

The reverse saturation current Is measures the leakage (or recombination) of

minority carriers across the p–n junction in reverse bias; its value can be expressed
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in terms of temperature and bandgap energy [129] as follows:

Is = CT 3 exp
(
−qEg(T )

kT

)
(6.5)

In (6.5), the constant C includes doping and the material parameters of solar

cells [129], which implies that its value should remain almost constant for the same

solar module in different environmental conditions. The remaining parameters of

(6.5) include the elementary charge q, the Boltzmann constant k, the temperature

of the cell in Kelvin T , and the bandgap energy Eg(T ) at the given temperature. A

relation of the variation of Eg with temperature is proposed in [130], the equation

is as follows:

Eg(T ) = Eg(0)− αT 2

(T + β) (6.6)

Where Eg(0) is the band gap of the semiconductor at T = 0K, and α and

β are constants for the material. In [130], the values of the constants for different

materials are also given. In the case of the Si, the values reported in [130] are

Eg(0) = 1.1557eV , α = 7.021 × 10−4eV K−1 and β = 1108K. In this work, C is

calculated for each estimated Is in each experiment considered. The consistency

of C is then validated across experiments, as it is expected to remain similar.

6.3 Results on experimental data

6.3.1 Experimental data

The method proposed in this chapter is evaluated using data obtained from

the experimental campaign developed within the framework of [121]. All the mea-

surements have been done over a commercial PV module manufactured by Solbian

with reference Flex–SP50L [131] (its specifications under STC are given in Ta-

ble 6.1). Here, the IS data is acquired in outdoor conditions at the MPP point.

The corresponding I-V curve is also measured. The experiments account for op-

erating states at different environmental conditions varying from medium to high

irradiance. The reader can refer to [121] for more details on the experimental data.
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Table 6.1: Specifications of the photovoltaic module

General features

Manufacturer Solbian

Model FLEX SP50–L

Technology Single–crystalline silicon

Back–contact

Cell manufacturer SunPower™

Cells in series 16

Strings in parallel 1

Dimensions 1109 × 292 × 2 mm

Weight 0.8 kg

Main electrical parameters (under STC)

Maximum power PM 51 W ± 5%

Short–circuit current ISC 6 A

Open–circuit voltage VOC 10.9 V

Current at MPP IM 5.7 A

Voltage at MPP VM 9.0 V

Temperature coefficients (under STC)

ISC temperature coefficient (α) +0.05 %/◦C

VOC temperature coefficient (β) −0.27 %/◦C

PM temperature coefficient (γ) −0.38 %/◦C

6.3.2 Fitting models independently

In the first step, f1 and f2 were optimized independently. That is to say, we

search for the values of the parameters Iph, Is, η, Rsh, Rs, that minimize f1, thus

fitting I-V curve. In the same way, we are looking for the parameters R0, R1, L, β, Q

that minimize f2, thus fitting the IS spectrum. The comparison of the experimental

with the fitting is shown in Fig. 6.1 for both models.

Table 6.2 shows the values corresponding to the best fitting results. Three

important observations can be made. First, the values of Rs differ significantly from

those of R0, indicating that these parameter sets, despite minimizing fitting error,

do not accurately represent the PV module behavior. Second, in some experiments,
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Figure 6.1: Independently optimization [29]
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Table 6.2: Parameters for independent optimization
Condition SDM

(
Mean Fitting Error : 0.85× 10−2)

CPE (Mean Fitting Error : 0.05)

T [◦C] G[W/m2] Iph[A] Is[A] η Rs[Ω] Rsh[Ω] C[A/K3] L0[H] R0[Ω] R1[Ω] Q1 β

30.67 535.39 2.83 0.22× 10−8 1.17 0.13 1× 104 199.32 0.22× 10−5 0.17 3.04 0.19× 10−3 0.90

33.74 600.96 3.21 0.71× 10−7 1.37 0.08 1× 104 3985.18 0.20× 10−5 0.16 2.75 0.37× 10−3 0.82

32.24 692.70 3.75 0.24× 10−6 1.48 0.06 190.02 1.70× 104 0.19× 10−5 0.15 2.36 0.33× 10−3 0.86

33.71 758.06 4.16 0.36× 10−6 1.50 0.06 274.91 2.02× 104 0.20× 10−5 0.15 2.06 0.37× 10−3 0.85

36.49 876.71 4.84 0.11× 10−5 1.57 0.06 1× 104 3.92× 104 0.19× 10−5 0.14 1.68 0.25× 10−3 0.93

Rsh approaches the upper bound of the search interval, suggesting inconsistency

when compared across different environmental conditions. Third, the constant C

varies considerably between experiments, even though it should remain relatively

stable since it refers to the same PV panel.

To understand the effect of the variation between Rs and R0, Fig. 6.2a

shows the results of the optimization of f1 with Rs fixed to the R0 obtained in the

previous optimization of f2 (see the value in Table 6.2). Also, Fig. 6.2b shows the

results of the optimization of f2 with R0 fixed to the Rs obtained in the previous

optimization of f1 (see the value in Table 6.2).

Figure 6.2 shows that the fitting quality of the SDM and CPE models is

highly sensitive to the values of Rs and R0, respectively. This suggests that ob-

taining reliable parameters for evaluating the state of the photovoltaic module

requires finding a tradeoff between the f1 and f2 fitting errors.

6.3.3 Multi-objective optimization results

To provide the decision-maker with a set of optimal tradeoff solutions, from

which to choose the preferred solution, the functions f1 and f2 are optimized in

a multi-objective fashion subject to the physical constraint of Rs = R0. It is

important to note that the aim of this work is not to obtain an ideal algorithm for

this task, but to evidence the impact of tradeoff solutions on reliable parameter

identification. The resultant Pareto front is shown in Fig. 6.3 for one experiment.

It can be appreciated from Fig. 6.3 the uniformity of solutions obtained

along the objective domain. This behavior is very important for the decision-

maker because it provides a visual representation of the trade-offs between different

objectives. Knowing the real shape of the PF can also guide an intensification of

the search in the preferred regions.



6.3. RESULTS ON EXPERIMENTAL DATA 97

0 2 4 6 8 10

V [V ]

0

1

2

3

4

5

I
[A

]

T = 36.49◦C,G = 876.71 W/m2

Experimental

Fitting

(a) Experimental vs. Fitting (SDM)

0.0 0.5 1.0 1.5 2.0

Z
′

−0.50

−0.25

0.00

0.25

0.50

0.75

Z
′′

T = 36.49◦C,G = 876.71 W/m2

Experimental

Fitting

(b) Experimental vs. Fitting (CPE)

Figure 6.2: Effect of the difference between Rs and R0 [29]

0.0 0.2 0.4 0.6 0.8 1.0

f̃1

0.0

0.2

0.4

0.6

0.8

1.0

f̃
2

T = 36.49◦C,G = 876.71 W/m2

Figure 6.3: Normalized Pareto front [29]



98 CHAPTER 6. MULTI-OBJECTIVE PARAMETER IDENTIFICATION

Table 6.3: Parameters for tradeoff solutions
Condition SDM (Mean Fitting Error : 0.03) CPE (Mean Fitting Error : 0.06)

T [◦C] G[W/m2] Iph[A] Is[A] η Rs[Ω] Rsh[Ω] C[A/K3] L0[H] R0[Ω] R1[Ω] Q1 β

30.67 535.39 2.83 0.17× 10−9 1.04 0.16 993.53 15.79 0.22× 10−5 0.16 3.04 0.19× 10−3 0.90

33.74 600.96 3.24 0.35× 10−9 1.06 0.15 99.92 19.97 0.20× 10−5 0.15 2.77 0.39× 10−3 0.82

32.24 692.70 3.83 0.19× 10−9 1.04 0.14 35.74 13.65 0.19× 10−5 0.14 2.38 0.36× 10−3 0.84

33.71 758.06 4.23 0.38× 10−9 1.06 0.14 40.53 21.45 0.21× 10−5 0.14 2.10 0.44× 10−3 0.83

36.49 876.71 4.96 0.50× 10−9 1.05 0.13 31.32 18.21 0.19× 10−5 0.13 1.74 0.35× 10−3 0.89

6.3.4 Impact of tradeoff solutions in the model’s parameters

Obtaining a well-defined Pareto front is only part of the problem; selecting a

single preferred Pareto-optimal solution is equally important and challenging. Al-

though this paper does not focus on decision-making, we implement a straightfor-

ward approach to demonstrate how tradeoff solutions influence the model parame-

ters. To select a single solution from the Pareto front, we use the goal programming

method [132]. This method requires the decision-maker to define target values for

each objective and then identifies the solution that either meets these targets or

minimizes deviations from them. In this study, we set the aspiration values for f1

and f2 to 0.018 and 0.07, respectively, to reflect acceptable levels of fitting quality.

Aspiration levels in this context represent the maximum acceptable error values

for the fitting objectives, meaning that solutions closer to or below these values are

considered satisfactory. Table 6.3 reports the model parameters corresponding to

each selected solution for the analyzed experimental cases.

Table 6.3 shows that the limitations observed in the independent fitting

across different environmental conditions are significantly reduced. The values of

Rsh are no longer constrained to the boundary of the interval, and the parameters C

and η exhibit greater stability across experiments, as expected. Figure 6.4 presents

the visual fitting for the experiment analyzed in this study. Although the selected

solution does not provide the best fit for either model individually, it achieves a

satisfactory compromise, yielding good agreement for both models simultaneously.

6.4 Conclusion of the Chapter

This chapter presents and evaluates a multi-objective formulation for param-

eter identification in photovoltaic modules. Independent fitting of parameters for
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the static (SDM) and dynamic (CPE) models revealed inconsistencies across differ-

ent environmental conditions. To address this, the fitting problem is reformulated

as a multi-objective optimization task that exploits the shared series resistance be-

tween the models and is solved using evolutionary algorithms. A decision variable

analysis guided the design of an algorithm to approximate the Pareto front. Select-

ing a tradeoff solution from the Pareto front using a goal programming approach

yields more coherent parameter sets for each experimental condition.



7
Self-Adaptive Single-Diode Model

Parameter Identification Under

Real-World Operating Conditions

7.1 Introduction

While the integration of static and dynamic models through multi-objective

optimization improves the coherence of parameter identification, the approach in-

troduced in the previous chapter (Chapter 6) presents practical limitations for

deployment in real-world systems. The use of Electrochemical Impedance Spec-

troscopy (EIS) requires additional hardware that is not yet mature for routine

field applications, and selecting a tradeoff solution from the Pareto front involves

threshold tuning that may not generalize across operating conditions. Moreover,

the underlying uniformity assumption remains a critical source of inaccuracy. This

chapter proposes an alternative methodology that operates solely on I–V curve

data, aiming to increase the flexibility of the modeling structure and refine the

parameter identification procedure. The resulting approach offers a more practical

and scalable solution for integration into standard PV monitoring systems. The

content of this chapter has been previously divulged in Publications J2., C2.

and C3. [30–32].

When a PV module or string is under non-uniform conditions, estimating the

SDM parameters from an experimental I-V curve will lead to unrealistic values. The

101
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reader is referred to Chapter 5, where some simulated examples showing this issue

are provided. Non-uniform conditions produce distorted I-V curves that generate

unrealistic parameters even if the distortion is difficult to identify with the naked

eye [31,117]. For example, some authors have shown that mismatching conditions

generate an I-V curve with a sharper curvature around the maximum power point

[133]. In that case, the uniformity assumption provides unrealistic parameters for

the SDM due to the lack of the necessary degrees of freedom to account for the

underlying physical structure. Moreover, the unrealistic SDM parameters may lead

to wrong diagnostics or degradation quantification of the monitored system.

One approach to consider realistic mismatching conditions of the cells form-

ing a PV module or string is to increase the model granularity by representing

each cell with the Bishop equivalent circuit [134], which requires eight parameters.

This approach has been used to simulate different PV generators operating under

mismatching conditions, assuming as known the parameters of the cells [135]. Nev-

ertheless, the parameter identification of a model with this granularity significantly

increases the complexity and computational burden of the model, since in a mod-

ule or string with Ns cells, the number of parameters to identify would be 8Ns.

Additionally, in a PV module, measuring the voltage of each cell is not possible,

making it even more difficult to identify the parameters of the Bishop model.

Submodule-level simulations, where each submodule includes a group of cells

protected by a single bypass diode, reduce computational complexity. In [136],

a submodule-based modeling approach is proposed for series-parallel PV arrays

under mismatching conditions, using the bisection method instead of Jacobian-

based methods. In [137], a model is introduced to predict the performance of large

PV systems, focusing on submodule-level mismatch calculations and explicit I–V

curve evaluation. In [138], submodule-level simulations are compared to finer cell

granularity methods, such as the cell-by-cell method, achieving similar accuracy,

especially when the submodule is uniformly shaded. Although these approaches

are sufficiently accurate for simulation studies, they all assume uniform operating

conditions across the submodule. This assumption limits their applicability for

reliable parameter identification from experimental I–V curves, as demonstrated

in [31].

Another approach to model PV strings operating under mismatching con-
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ditions is to represent each module with the SDM [105,139], DDM [140], or TDM

[141]. Then, the modules are connected in series to form an equivalent circuit that

represents the string. A methodology proposed in [139] focuses on detecting voltage

inflection points and knees in the I–V curve. In this approach, the SDM is first fit-

ted under various uniform operating conditions to derive a functional relationship

between the parameters and the operating conditions. However, these approaches

also assume that all the cells in each module are equal and operate under uniform

conditions, which is not realistic, as explained before.

A model-based online diagnostic tool may rely on mismatch detection algo-

rithms to run parameter identification procedures when operating conditions are

near uniform. However, in the presence of small mismatches, such as minor soil-

ing or manufacturing differences, uniformity may be incorrectly assumed, resulting

in significant errors in parameter estimation. These errors can obscure the SDM

parameters trends, complicating the identification of early signs of malfunctions

or degradation. Relying solely on mismatch detection to decide when to perform

parameter identification, assumes that uniform conditions are always necessary,

which is unrealistic in real-world PV systems. Many small mismatches occur fre-

quently that can distort critical parameters if not accounted for. To fill this gap,

this chapter introduces a novel parameter identification procedure that remains

robust to non-ideal operating conditions. Consequently, this work seeks to improve

the practical applicability of parameter identification methods, enabling their use

in online diagnostic tasks under real operating conditions.

This chapter proposes a procedure to estimate the SDM parameters that

is robust to mismatched conditions. The self-adaptive nature of the procedure

allows it to adjust its parameters in response to varying shading patterns, ensuring

consistent performance across different scenarios, and making it applicable in both

uniform and mismatched conditions.

In summary, the main contributions of this work are:

• A 7-parameter self-adapting SDM-based model, denominated Double Single-

Diode Model (D-SDM), is proposed to enhance the accuracy and reliability

of parameter identification in PV modules under mismatched conditions

• A robust methodology based on evolutionary algorithms is introduced to

estimate the parameters of the proposed D-SDM model
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• The advantages of the proposed model and methodology are demonstrated

using experimental and simulated I–V curves across various real partial shad-

ing patterns

• The capability of the D-SDM procedure to detect series resistance degra-

dation is evaluated and compared with the SDM model and the dynamic

CPE model to identify the advantages and disadvantages of each parameter

identification method

The rest of the chapter is organized as follows. Section 7.2 revisits the lim-

itations of the SDM model when uniform conditions are assumed. Section 7.3

outlines the foundations of the proposed D-SDM model, including the circuit de-

sign, underlying assumptions, and relevant equations. Section 7.4 describes the

methodology to extract the parameters of the D-SDM model. Section 7.5 validates

the model and methods by using experimental and simulated I–V curves, Section

7.6 evaluates the capability of the D-SDM to detect series resistance degradation

in comparison with the SDM and the dynamic CPE model, and section 7.7 closes

the chapter with the conclusions.

7.2 Limitations of the Uniformity Assumption Re-

visited

The SDM is widely used to represent a PV module consisting of Ns series-

connected cells and protected by bypass diodes connected in antiparallel [94]. How-

ever, this approach assumes that all the cells are the same and operate under the

same irradiance and temperature conditions, which is difficult to guarantee in real

applications. This section highlights the limitations of the uniformity assumption

when the PV module is under mismatching conditions.

In realistic scenarios, each PV cell operates under unique irradiance and

temperature conditions, influenced by factors such as shading or manufacturing

differences, which can result in mismatches among the cells. Even when the mis-

match level is small enough that the deformation of the I-V curve is not visually

noticeable, fitting the SDM to such a curve will fail to identify the parameters ac-

curately. The five parameters adjusted during the curve-fitting process often reach
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Figure 7.1: Uniform assumption limitations. A. Experimental data; B. SDM fitting using

the full experimental points, C. SDM fitting using only the points with voltages between

Vmpp − 0.2Vmpp to Voc

unrealistic values. In Chapter 5, some simulated examples showing this issue are

provided. In this section, we will provide an additional example that highlights the

limitation of SDM under the uniformity assumption, coming from a commercial

PV module in outdoor conditions.

Consider the experimental curve shown in Fig. 7.1. It refers to the PV string

shown in Fig. 7.6, Case I, where two modules connected in series seem under the

same irradiance conditions, but there is a small mismatch possibly caused by the

reflexes on the surface of the module. In these conditions, bypass diodes are not

active and the I-V curve is expected to be well fitted with the SDM. Neverthe-

less, when attempting to fit the SDM to the experimental curve from 0 to VOC ,

the optimization algorithm tends to prioritize solutions that fit a larger number of

points, which compromises the accuracy near the MPP (as seen in Fig. 7.1, curve

B). One potential solution to improve the fitting around the MPP is to focus on

a portion of the curve near this point. Figure 7.1, curve C illustrates the fitting

when using data points from voltages slightly below the MPP to VOC . As seen

in Table 7.1, this modification results in significantly different estimated parame-

ters. The series resistance Rs decreases notably, while the parallel resistance Rsh

increases dramatically, converging to the upper bound of the search interval. These

inconsistencies between the two fittings, when similar values might be expected,

highlight the limitations of the uniformity assumption, even when the mismatching

conditions are not immediately visible.



106 CHAPTER 7. D-SDM FOR PV CHARACTERIZATION

Table 7.1: Uniform assumption limitations. B. SDM fitting using the full experimental

points, C. SDM fitting using only the points with voltages between Vmpp −0.2Vmpp to Voc

Fitting Iph[A] Is[A] η Rs[Ω] Rsh[Ω]

B 5.6029 4.8474e-06 1.4934 0.17562 93.121

C 5.6089 9.5054e-05 1.8901 0.090265 ∞

7.3 Adaptive Double-SDM of a PV module

To consider the mismatching conditions in a PV module, it is proposed to di-

vide the Ns module cells into two groups, i.e. group a and group b, considering that

the module cells operate under two main irradiance levels: shaded and unshaded.

This approach increments the freedom degrees without significantly increasing the

model complexity, the number of parameters to identify, and the computational

burden, as occurs in the case of using a dedicated model for each cell. In realistic

scenarios, each PV cell operates under unique irradiance and temperature condi-

tions. However, in cases of small mismatches, where the difference in irradiance is

not significant, the conditions of the affected cells are often similar. As a result, the

two-irradiance levels assumption becomes a reasonable approximation. Figure 7.2

presents a schema of the two-irradiance levels assumption for a PV module with

Ns cells in series, where Ns-a and Ns-b are the number of cells in each group and

Ns = Ns-a + Ns-b.

Vshaded

Module Voltage 

Vunshaded
Module 
Current

Ns-a  cells Ns-b cells  

Figure 7.2: Two-irradiance levels assumption for a PV module with Ns cells in series

Small mismatch scenarios are of particular interest, as these are more chal-

lenging to detect from I-V curve analysis and are highly relevant for robust pa-

rameter identification. In this case, the operating conditions differ only slightly,

making the deviations in the I-V curve less pronounced and more difficult to iden-

tify. Significant mismatch scenarios, in contrast, typically result in clearly notice-
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able deviations in the I-V curve. In such cases, running a parameter identification

method may not be meaningful, as these mismatches are often transient conditions

caused by factors such as clouds.

In the proposed approach, each group is represented by an SDM as illus-

trated in Fig. 7.3. It is important to note that the modeling strategy focuses on

estimating the number of affected cells within the module rather than identifying

their exact locations. By categorizing cells into shaded and unshaded groups, the

model achieves a more accurate representation of the electrical behavior of the

module under non-uniform conditions, without the complexity of modeling each

cell individually. The parameters Ns-a and Ns-b dynamically adjust themselves to

the operating conditions, allowing the model to adapt itself to various scenarios.

This adaptability makes the model more general, as it can handle uniform and

non-uniform operating conditions. Hence, the circuit model shown in Fig. 7.3 is

denominated as Double SDM (D-SDM).

Iph-b Is-b ηb

Rs-b

Iph-a Is-a ηa Rsh-a

Rs-a Im

+

−

Va

+

−

Vb

+

Vm

−

...

...

Gb

Gb

Ga

Ga

Ns-b

Ns-a

Figure 7.3: D-SDM model representing groups a and b in series.

This modeling strategy aims to maintain the critical parameters of the SDM

(Is-c, ηc, Rs-c, Rsh-c) independent from mismatching patterns. This approach

prevents distortions in the I-V curve caused by mismatch issues from resulting in

incorrect parameter estimation intended to fit the curve. Instead, any distortion in

the I-V curve is expected to be captured by the introduced parameters Ns-a, Ns-b,

Iph-a, and Iph-b.
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Ga 

Gb 
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Figure 7.4: Simulink block of the schema shown in Figure 7.2
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Figure 7.5: Operating voltage of Cell versus PV module voltage in different mismatched

scenarios for a 2% difference in irradiance conditions (Ga = 0.98Gb).

Assuming the cells of groups a and b operate under irradiances Ga and Gb,

respectively, and Gb > Ga without loss of generality, it is possible to analyze the

section of the I–V curve where all the cells operate at positive voltages. The

validity of the SDM is limited to positive voltages, so it is important to consider

only the part of the I–V curve where all cells are operating within this range.

As widely discussed in the literature, shaded cells in a PV string may operate in



7.3. ADAPTIVE DOUBLE-SDM OF A PV MODULE 109

reversed mode depending on the number of shaded cells, the shading effect level,

and the PV module operating voltage. In the presence of a significant mismatch

level, as for the example discussed in [142], the shading effect introduces a visible

deformation of the I-V curve by reducing the delivered power and with the risk of

triggering hot-spots in the cells operating with negative voltage. On the other side,

if the level of mismatch is small, the effect is not visible on the global I-V curve,

nevertheless it may introduce a difference in the operating voltage of each cell.

To explain this effect, a Simulink block reproducing the scheme of Figure 7.2

has been simulated to evaluate the voltage across the shaded and unshaded cells as

a function of the PV output voltage for three cases: 1 shaded cell, 18 shaded cells,

and 35 shaded cells in a PV module composed of 36 series connected cells. A 2%

difference in irradiance conditions between the cells in each block (Ga = 0.98Gb)

is analyzed for each simulation. The Solar Cell Simulink embedded block [143] is

used with its default parameter values, as shown in Figure 7.4. Details on the Solar

Cell block and its integration with a variable electric load for I-V curve tracing are

available on the MATLAB webpage [143]. As it is evident from the plots on the

left side of Figure 7.5 the voltage of each cell changes significantly as a function of

the number of shaded cells even if the I-V curve of the PV module remains almost

unchanged (right plots of Figure 7.5). Hence, the key idea of having a self-adapting

number of shaded/unshaded cells helps to tune the D-SDM also in the presence of

small mismatching conditions, when the I-V curves seem almost uniform; moreover,

this model automatically converges to the SDM in the presence of really uniform

conditions.

It is worth noting that Rsh−b ≈ ∞ Ω in the model presented in Fig. 7.3

for the group of unshaded cells. This approximation is performed considering that

Rsh−b has a negligible impact on the output current of group b (i.e. in the I-

V curve of group b) for high voltages; since in this section the output current

principally depends on the current of the diode, which increases exponentially and

is much larger than Rsh−b current. Moreover, the section of the module I-V curve

where shaded and unshaded cells operate at positive voltages corresponds to high

voltages for the I-V curve of group b (unshaded cells). Numerical validation of this

simplification is provided in section 7.5.4.

It is worth noting that the cell temperature is assumed to be the same
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across the module Ta = Tb = Tc. In steady-state conditions, the cell temperature

Tc can be estimated as a function of the ambient temperature Tamb and the in-

cident irradiance GT through (7.1) [144], where TNOCT is the Nominal Operating

Cell Temperature (NOCT), typically 45◦C; Tamb,NOCT is the ambient temperature

under NOCT conditions, typically 20◦C; and GNOCT is the solar irradiance under

NOCT conditions, typically 800 W/m2.

Tc = Tamb +
(

TNOCT − Tamb,NOCT

GNOCT

)
GT (7.1)

The difference in cell temperature ∆Tc = Tb − Ta due to a difference in

irradiance ∆G = Gb − Ga in a PV module can be derived by manipulating (7.1)

as:

∆Tc =
(

TNOCT − Tamb,NOCT

GNOCT

)
∆G (7.2)

For typical values (TNOCT = 45◦C, Tamb,NOCT = 20◦C, GNOCT = 800 W/m2),

the proportionality constant is approximately 0.03. Thus, a difference in irradiance

of 100 W/m2 corresponds to a cell temperature variation of approximately 3◦C.

Given that the proposed approach focuses on small mismatches and the minimal

effect of irradiance variation on temperature changes, temperature variations are

not included in the model proposed in this paper to improve the computational

efficiency. However, it is important to note that such variations can be included

in the D-SDM model by increasing the number of parameters to identify, which

would consequently raise the computational complexity.

In real applications, measuring the temperatures of all the cells is not prac-

tical. Therefore, it is assumed that the temperature can be approximated either as

the average of the available temperature sensors in the module [145] or, as discussed

earlier, estimated using ambient temperature and irradiance data [144,146].

From the circuit shown in Fig. 7.3, it is possible to write (7.3) and (7.4),

where the voltage and the current of the module are represented by Vm and Im

respectively. In those equations, the SDM parameters of each group are identified

by subscripts a and b: Iph-a, Is-a, ηa, Rs-a, Rsh-a for group a, and Iph-b, Is-b, ηb,

and Rs-b for group b. It can be observed that the currents of groups a and b are

equal to the module current, i.e. Im = Ia = Ib; while the relation between Vm and

the voltages of groups a (Va) and b (Vb) is given in (7.5).
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Ia =Iph-a−Is-a

(
exp

(
Va+IaRs-a

ηaVth-a

)
−1

)
− Va+IaRs-a

Rsh-a
(7.3)

Ib =Iph-b−Is-b

(
exp

(
Vb+IbRs-b

ηbVth-b

)
−1

)
(7.4)

Vm = Va + Vb (7.5)

The inverse saturation current and ideality factor do not depend on the

number of cells in each group, according to (5.4) and (5.5); hence, they have the

same values for groups a and b (see (7.6) and (7.7)). The inverse saturation current

is well known to depend on the temperature, but the assumption of the same

temperature for all the cells justifies the use of (7.6). Furthermore, the series

resistances, parallel resistance, and the thermal voltages of groups a and b depend

on the number of cells in each group as introduced in (7.8), (7.9), and (7.10) since

those parameters are directly proportional to the number of cells connected in series

in each group.

Is-c = Is-a = Is-b (7.6)

ηc = ηa = ηb (7.7)

Rs-c = Rs-a

Ns-a
= Rs-b

Ns-b
(7.8)

Rsh-c = Rsh-a

Ns-a
(7.9)

Vth-a = Ns-a ·
k Tc

q Vth-b = Ns-b ·
k Tc

q (7.10)

Equations (7.6)–(7.9) incorporate certain assumptions regarding the depen-

dence of parameters on irradiance and temperature. Although experimental studies

in the literature do not provide a consensus on the behavior of each model param-

eter under varying temperature or irradiance levels [99], some assumptions are

widely accepted. The saturation current is typically assumed to depend only on

temperature [100, 101], while the parallel resistance is generally considered to de-

pend only on irradiance [101,102]. The ideality factor is assumed to be independent

of irradiance, while some studies suggest it may depend on temperature [100,102].
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The series resistance is often treated as independent of both irradiance and tem-

perature [101], although some research reports a linear variation of Rs with tem-

perature [103].

Consistent with these prior studies, this work assumes that the saturation

current, the ideality factor, and the series resistance are independent of irradiance,

a widely supported assumption in the literature [147]. Although these assumptions

are adopted here with good results, the proposed D-SDM model could incorporate

alternative dependency relationships between the two blocks, which, depending

on the PV technology, may lead to improved accuracy. Finally, the parameters

Iph-a and Iph-b depend on Ga and Gb, respectively. In summary, the D-SDM is

represented in Fig. 7.3 and described by (7.3)-(7.5). Considering equations (7.6)-

(7.10), the parameters to identify can be deduced:

• Replacing Ns-b = Ns −Ns-a in (7.10)

• Replacing (7.6)-(7.10) in (7.3) and (7.4)

Performing these steps, the D-SDM has seven (7) parameters to be identified

that can be defined as follows:

P⃗ = [Ns-a, Iph-a, Iph-b, Is-c, ηc, Rs-c, Rsh-c] (7.11)

It is important to note that the identified parameters correspond to one cell;

therefore, they can be scaled to represent groups a and b by using (5.2)-(5.7) but

replacing Ns with Ns-a and Ns-b, respectively.

7.4 Proposed method to identify the D-SDM pa-

rameters

The identification of P⃗ can be formulated as an optimization problem by fit-

ting the equations (7.3)-(7.5) to the experimental I-V curves. As widely discussed

in the literature, different approaches can be considered for fitting the SDM pa-

rameters to experimental data [31,116]. One way is to use the experimental voltage

values (Vm = Vexp) in the model and determine the parameters P⃗ that best fit the

calculated current (Im) with the experimental current values (Iexp), thus requiring



7.4. METHOD TO IDENTIFY THE D-SDM PARAMETERS 113

the current to be expressed as a function of voltage. A complementary approach

is given if the experimental current values are used in the model (Im = Iexp) and

parameters are optimized to fit the calculated voltage (Vm) with the corresponding

experimental values (Vexp). It should be noted that equations (7.3)-(7.4) have an

implicit form; therefore, they cannot be directly used to determine the module cur-

rent (Im) for a given voltage (Vm) or vice versa, which is a key step in calculating

the error between the model and the experimental I-V curve.

As a consequence, the first step is to express the implicit equation (7.3) as an

explicit equation by using the Lambert-W function [148]. That explicit equation is

introduced in (7.12), where W(·) indicates the principal branch of the Lambert-W

function. In contrast, Vb can be expressed explicitly from (7.4), as shown in (7.15),

thanks to the parallel resistance simplification of group b.

Va = −Im (Rs-a + Rsh-a) (7.12)

+Rsh-a (Iph-a + Is-a)− ηaVth-a La

La =W
{

Is-a Rsh-a exp (Sa)
ηa Vth-a

}
(7.13)

Sa = Rsh-a(−Im + Iph-a + Is-a)
ηaVth-a

(7.14)

Vb = ηbVth-b ln
(

Iph-b − Im

Is-b
+ 1

)
− ImRs-b (7.15)

Using Equations (7.12) and (7.15), Va and Vb can be calculated for a given

Im, followed by the calculation of Vm using (7.5). Hence, it could be possible to

fit an I-V curve by defining the fitness function of the optimization problem as

a function of the module voltage; in other words, using Im as the independent

variable and Vm as the dependent one. Nevertheless, this fitting approach tends

to produce more errors near the short-circuit current of any subblock (i.e., at low

voltages) because small errors or variations in Im lead to significant variations in

Vm.

To increase the robustness of the fitting process, a binary search procedure

is proposed to determine Im for a given Vm, with a defined accuracy ϵ. For each

experimental voltage point, Algorithm 5 estimates the corresponding current using

an iterative approach that leverages the monotonicity of the I-V curve. The inputs
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of this algorithm are Vexp(i), Iexp(i), ϵ, τ , and the parameters of the D-SDM model

(P⃗ ), where Vexp(i) and Iexp(i) describe the i-th experimental point of the I-V curve,

and τ is a constant greater than 1 that defines the maximum value of Im for the

initial search range. The output of Algorithm 5 is Im(i), which is the calculated

current of the PV module corresponding to Vm(i) = Vexp(i); a brief description of

how it works is reported below.

The algorithm begins by defining an initial search range, i.e. Imin < Im <

Imax, where Imax = τIexp. Then, it calculates the midpoint between Imin and

Imax (Imid), which is used to determine Va and Vb for Im = Imid by using (7.12)

and (7.15) as well as Vm by evaluating (7.5). After, Vm > Vexp(i) means that

Imid > Iexp(i); then, the search range of Im(i) can be reduced by setting Imin =

Imid; otherwise, the search range can be restricted by making Imax = Imid. It

is important to note that this algorithm is valid because the I–V curve is always

decreasing.

Algorithm 5 D-SDM: Binary search for finding Im(i)

1: Inputs: Vexp(i), Iexp(i), ϵ, τ , and P⃗

2: Output: Im(i)

3: for i=1:N do

4: Imin = 0, Imax = τIexp[i]

5: while Imax − Imin > ϵ do

6: Imid = Imax+Imin

2

7: Calculate Va and Vb for Imid using (7.12) and (7.15)

8: Vm = Va + Vb

9: if Vm > Vexp(i) then

10: Imin = Imid

11: else

12: Imax = Imid

13: end if

14: end while

15: Im(i) = Imax+Imin

2

16: end for
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7.4.1 Error calculation

At this point, it is possible to calculate the currents of an experimental

I-V curve with N points by using D-SDM for a given set of parameters P⃗ . The

experimental I-V curve is described by Vexp(i) and Iexp(i) with i ∈ [1, · · · , N ]; then,

the D-SDM currents (Im(i)) are calculated by executing Algorithm 5 for each value

of Vexp(i).

To enhance the robustness of the error calculation for a given set of param-

eters P⃗ , only experimental points where the validity of the D-SDM is satisfied are

considered; i.e. all the cells operate at positive voltages. In other words, the error

calculation only considers the section of the I-V curve where Va and Vb are posi-

tive. More formally, if the experimental I-V points are sorted in decreasing order

by their voltage values:

Vexp(i) > Vexp(i + 1) for i ∈ [1, . . . , N − 1],

then, the error calculation considers M points, where M is the maximum index

such that the point Vexp(M + 1) fails to meet the validity criteria Va > 0 V and

Vb > 0 V .

Given this rule for selecting valid points on the I-V curve, the error function

must be carefully defined. It should prioritize including as many points as possible

from the I-V curve while minimizing the discrepancies between the experimental

and calculated curves. Then, the error function is defined based on the relative

area between these two curves. The error is computed using the trapezoidal rule,

where the voltage difference between consecutive points is defined as:

∆V (i) = Vexp(i + 1)− Vexp(i)

The error, denoted by E , is then calculated as the ratio of the area between

the experimental and estimated curves to the area under the experimental curve:

E =

∑M−1
i=1

[
|Iexp(i)−Im(i)|+|Iexp(i+1)−Im(i+1)|

2

]
∆V (i)∑M−1

i=1

[
Iexp(i)+Iexp(i+1)

2

]
∆V (i)

(7.16)

It is worth noting that M must be identified each time (7.16) is evaluated

since it depends on the parameters defined in P⃗ (7.11).
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7.4.2 Optimization method

Differential evolution algorithm (DE) [149] is selected to find the values of P⃗

that minimizes E . Particularly, the implemented variant is DE/best/1/bin using the

Python framework Pymoo [128]. Moreover, the algorithm parameters are selected

by attending the guidelines given in [150]: scale factor F = 0.8, and crossover rate

Cr = 0.9, which helps to optimize non-separable functions.

Given the integer nature of the parameter Ns-a, this paper evaluates two

variants of the optimization method. The first, named D-SDM, treats Ns-a as

a real parameter, while the second, named D-SDM-I considers it as an integer

value. DE is inherently a global optimization algorithm for real-encoded variables

[149]; therefore, additional customization is required to handle integer variables.

In the first methodology, where Ns-a is treated as a real variable, the standard

DE is employed with a population size of NP = 40, running the algorithm until

convergence.

In the second methodology, where Ns-a is treated as an integer parameter, a

population of NP = 40 individuals evolves until convergence, with Ns-a considered

as a real parameter, as described previously. After convergence, the final population

is expanded by adding 5 random individuals, resulting in a new population of

NP = 45. This expanded population then evolves again until convergence, but this

time an integer repair operator is applied to each individual in every generation

before evaluation. The idea behind this approach is to enhance exploration in

the early stages of evolution by allowing Ns-a to vary without constraints. Once

the initial population has converged, diversity is increased by introducing random

solutions. The subsequent evolution with the integer constraint on Ns-a ensures

that the final optimal solution includes Ns-a as an integer.

7.5 Validation Results

The validation of the proposed identification procedure considers the two

variants introduced before D-SDM and D-SDM-I. The traditional SDM under

uniform assumption is used as a baseline comparison model (see (5.1)-(5.7)). From

this point forward, this parameter identification approach will be referred to as

SDM. For a fair comparison with SDM, it is necessary to calculate the minimum
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voltage Vlow, where Vlow < Vmpp, in such a way that the portion of the experimental

curve from Vlow to Voc does not contain any activation of the bypass diode. Such

activation is reflected in a drastic change in the first derivative of the I-V curve,

which would lead to larger errors in the SDM parameters estimation. Then, the

experimental points are considered from Vlow to Voc used for the fittings.

In summary, for each experimental I-V curve, the best-fitting parameters

are determined using the compared procedures (D-SDM, D-SDM-I, and SDM).

Section 7.4 provides details on the implementation of the D-SDM and D-SDM-

I parameter identification procedures. The traditional SDM procedure follows

the model equations (5.1)-(5.7) and employs the same optimization algorithm to

compute the best-fitting parameters. The estimated parameters are then compared

based on metrics such as stability under similar operating conditions to assess

the practical relevance of each procedure. Additionally, the D-SDM procedure is

evaluated for its accuracy in identifying the true model parameters using artificially

generated I–V curves designed to represent a wide range of PV technologies.

7.5.1 Experimental campaign

The experimental campaign was designed to test the identification proce-

dures under common mismatching phenomena that may occur in real applications

in outdoor conditions. All experimental I–V curves were measured on a com-

mercial PV module manufactured by Solbian with reference Flex–SP50L [131] (its

specifications under STC are given in Table 6.1). It comprises 16 pseudo square

back–contact mono–crystalline Silicon cells, all connected in series, and a bypass

diode. A configuration of two Flex–SP50L series-connected modules is considered

in our experimental campaign with three Pt100 RTD sensors attached to each

module to measure the average temperature. A solarimeter LM1-10V PRO [151]

was used for measuring the irradiance G[W/m2] on the plane of each solar mod-

ule. The temperature and irradiance sensors were connected to ADAM 6015 and

ADAM 6017 [152] to save the data in a computer.

Four common mismatch cases are analyzed as illustrated in Fig. 7.6, which

are described below:

• Case (I) closely resembles a scenario with uniform conditions. In this case,

the primary cause of mismatch is the non-uniform radiation caused by the
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reflexes on the surface of the module. While the I–V curve shows only minor

deviations from the uniform condition, these deviations impact the accuracy

of parameter identification in models that assume fully uniform conditions

(see Fig. 7.1 and Fig. 7.7 (Case I)).

• Case (II) represents partial shading caused by surrounding objects. In this

scenario, the deformation of the I–V curve is noticeable, as shown in Fig. 7.7

(Case II). Fitting only the rightmost portion of the curve from Vlow to Voc

(see definition of Vlow at the beginning of Section 7.5), using a model that

assumes uniform conditions will not be accurate. This is due to the increased

curvature around Vmpp, which requires the model to have more degrees of

freedom to capture the shape effectively [133].

• Case (III) simulates the mismatch effect caused by bird droppings. A small

deviation from the uniform condition is evident in the I–V curve, as shown

in Fig. 7.7 (Case III), which is sufficient to challenge traditional parameter

identification procedures.

• Case (IV) represents scenarios where dust accumulates and rain redistributes

it across the module surface, creating a non-uniform shading pattern. The

deformation in the I–V curve is evident, as shown in Fig. 7.7 (Case IV),

but may not be easily noticeable if only the rightmost portion of the curve is

considered.

Several I–V curves were measured for each representative mismatch scenario

under outdoor conditions. The objective is to assess the capabilities of the proposed

identification procedures to obtain consistent parameter estimates under various

mismatching conditions, which are introduced in Table 7.2. This table also includes

the fitting error for each case obtained with (7.16).

7.5.2 Overview of D-SDM parameter estimates

Section 7.2 highlighted the limitations of the uniformity assumption to fit

an I-V curve of a PV module under mismatching conditions. Figure 7.8 extends

Fig. 7.1 by including the fitting of the D-SDM for the I-V curve under study and

considering two cases for the SDM (under uniformity assumptions), the first one
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(I) (II) (III) (IV)

Figure 7.6: Mismatching cases analyzed. (I). Clean panel without shadows but with

non-uniform radiation produced by the reflexes on the surface; (II). Partial shading by

surrounding objects; (III). Partial shading by bird droppings; (IV). Partial shading by

soiling.
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Figure 7.7: Example of fitting results for experimental I–V curves. I. Uniform Conditions;

II. Partial shading by surrounding objects; III. Partial shading by bird droppings; I–V .

Partial shading by soiling
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Figure 7.8: Uniform assumption limitations. A. Experimental data; B. SDM fitting using

all the experimental points, C. SDM fitting using only the points with voltages between

Vmpp − 0.2Vmpp to Voc, D. D-SDM fitting using all the experimental points.

using all the experimental data (line B in Fig. 7.8) and the second one considering

the experimental points from Vlow = Vmpp − 0.2Vmpp to Voc (line C in Fig. 7.8).

In the first case, the SDM parameters fail to fit the I-V curve around the MPP,

while in the second case, the parameters fail to fit the I-V curve for low voltages.

In contrast, the D-SDM effectively follows the I-V curve around the MPP and for

high voltages.

Regarding the results shown in Fig. 7.7 and Table 7.2, it can be observed

that the two variants proposed fit significantly better than the SDM. The fitting

quality is further supported by the data in Table 7.2, where the D-SDM-based

identification procedures consistently exhibit errors with one or two orders of mag-

nitude lower than the ones of the SDM for all the mismatching cases. Additionally,

the proposed identification procedure automatically identifies the range where all

the cells operate at positive voltages for the fitting process.

Table 7.2 also confirms the stability of the estimated series resistance across

different mismatching patterns. It is well-known that the series resistance is a cru-

cial parameter in determining aging and potential faults in the modules; thus, a

reliable parameter estimation method should be able to detect stable and accu-

rate, variations in this parameter. In contrast, SDM predictions vary significantly

from Case I to Case II, III, and IV. Another key parameter representing losses is

the parallel resistance. The SDM was unable to estimate this parameter in the

mismatching cases analyzed, as Rsh-c consistently converged to the upper bound
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Table 7.2: Best fitting parameters of a single cell for D-SDM, D-SDM-I, and SDM

Parameter
Case I Case II Case III Case IV

D-SDM D-SDM-I SDM D-SDM D-SDM-I SDM D-SDM D-SDM-I SDM D-SDM D-SDM-I SDM

Iph-a[A] 5.44 5.48 5.61 4.31 4.31 4.39 5.22 5.22 5.35 4.88 4.87 4.98

Is-c[A] 1.41× 10−4 1.56× 10−4 9.51× 10−5 8.88× 10−5 5.64× 10−5 2.69× 10−9 1.30× 10−4 1.25× 10−4 3.16× 10−6 5.84× 10−5 5.40× 10−5 1.59× 10−7

ηc[−] 1.96 1.98 1.89 1.93 1.85 1.00 1.92 1.92 1.43 1.84 1.83 1.22

Rs-c[Ω] 0.0024 0.0023 0.0028 0.0025 0.0028 0.0068 0.0025 0.0026 0.0055 0.0029 0.0029 0.0069

Rsh-c[Ω] 6.66 11.40 ∞ 27.81 30.34 ∞ 16.11 17.55 ∞ 6.53 7.06 ∞

Iph-b[A] 5.65 5.69 - 5.31 5.26 - 5.65 5.64 - 5.36 5.34 -

Ns-a[−] 1.00 4 - 1.00 1 - 1.00 1 - 1.18 1 -

Error E 2.12× 10−4 2.21× 10−4 1.01× 10−3 2.96× 10−4 2.85× 10−4 1.36× 10−2 2.48× 10−4 2.48× 10−4 6.18× 10−3 1.88× 10−4 2.04× 10−4 5.99× 10−3

of the search interval. In contrast, both D-SDM and D-SDM-I provided reason-

able estimations for this parameter across all mismatching cases. It is important

to note that the resistance values in the results are scaled to a single cell. It is also

important to note, that the results show minimal differences in general between

the parameters estimated by D-SDM and D-SDM-I.

7.5.3 Assessing the Stability of Parameter Estimates

This section evaluates the ability to obtain stable and reliable parameters

for different partial shading patterns across the compared procedures. Since the

SDM parameters are known to fluctuate based on operating conditions, I-V curves

measured under similar conditions for each shading pattern are selected (See Fig.

7.6). In this study, similar conditions are defined as those where the irradiance

varies by no more than 15W/m2 and the temperature by no more than 5 K across

all curves. It is important to note that the I-V curves were measured in outdoor

conditions, making this approximation necessary.

Figure 7.9 compares the coefficient of variation (CV) for the estimated se-

ries resistance Rs and the parallel resistance Rsh across the compared models and

shading patterns. The coefficient of variation is a standardized measure of disper-

sion, defined as the ratio of the standard deviation σ to the mean value µ, that is

CV = σ
µ . This dimensionless metric allows for evaluating the relative variability of

model parameters regardless of their scale or units. A consistent and reliable identi-

fication procedure should yield similar parameter estimates under similar operating

conditions, resulting in a low CV.

Figure 7.9 highlights the advantages of the proposed identification proce-

dures over SDM. For the series resistance Rs, SDM achieves a lower coefficient

of variation (CV) only in the first mismatching pattern, which closely resembles
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Figure 7.9: Comparison of coefficient of variation for Rs and Rsh

uniform conditions. However, SDM struggles to estimate the parallel resistance

Rsh accurately. In all mismatching cases, SDM estimation of Rsh converges to the

boundary of the search interval, which is consistent with the limitations previously

illustrated in Fig. 7.1.

Figure 7.10 presents the CV for the saturation current Is and the ideality

factor η across various mismatching cases. The proposed identification procedures

consistently yield a significantly lower CV for both parameters, particularly in

shading scenarios from cases II to IV. Notably, the accuracy of the SDM estima-

tions deteriorates for the more complex mismatching patterns, which is evident in

cases II through IV. A comparison of the two procedures proposed in this paper

shows that D-SDM-I generally achieves a slightly lower CV than D-SDM (see

Figures 7.9 and 7.10). However, the computational cost for obtaining the param-

eters with D-SDM-I is nearly twice higher than for D-SDM (see Section 7.4.2).

Therefore, the choice of a procedure for practical applications will depend on the

computational resources available on the hardware in use.

7.5.4 Validation through simulated I–V curves

This section aims to validate the identification procedure by using artificially

created I–V curves that are expected to cover a wide range of PV technologies under

a wide range of partial shading conditions. To numerically validate the proposed

simplification of neglecting the parallel resistance of the group at higher irradiance



7.5. VALIDATION RESULTS 123

I II III IV

0

25

50

75

100

125

150

175

200

C
V

(%
)(
I
s
)

I II III IV

0

5

10

15

20

25

30

C
V

(%
)(
η
)

Shadow Case

D-SDM D-SDM-I SDM

Figure 7.10: Comparison of coefficient of variation for Is and η

(group b), the effect of this parallel resistance is incorporated into the simulated

curves. This allowed us to evaluate the ability of the model to estimate the parallel

resistance for the low irradiance block (group a).

To simulate the effect of partial shading conditions, the Bishop model [134]

is used to replicate the behavior of the cells when working in the first and second

quadrants of the I-V curve. According to this model, Ic is calculated by using

(7.17), where a and mBi are fitting parameters and Vbr is the reverse breakdown

voltage of the cell.

Ic = Iph-c − Id − Ish

Id = Is-c

(
exp

(
Vc + IcRs-c

ηcVth-c

)
− 1

)
Ish = Vc + IcRs-c

Rsh

[
1 + a

(
1− Vc + IcRs-c

Vbr

)−mBi
] (7.17)

In the simulation, the I-V curve of the cell at low irradiance is calculated

from (7.17), then it is scaled by Ns-a to obtain the I-V curve of group a and a similar

procedure is performed for group b. Then, the module I-V curve is obtained by

calculating Va and Vb for the same values of Im, and finally, Vm is just the sum of

Va and Vb as defined in (7.5).

The parallel resistance behavior exhibits an exponential trend as described

in (7.18) [31], which shows that Rsh-b can be defined in terms of Rsh-a and ν. In a

previous work [97], the authors showed that ν varies from 0.7 to 1.31 for different

PV technologies.
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Rsh-b = Rsh-a ·
(

Ns-b

Ns-a

)
·
(

Iph-b

Iph-a

)−ν

(7.18)

Considering this, a summary of the range defined for each parameter to

generate the simulated curves is shown in Table 7.3. The set of parameters for

each curve is generated randomly from a uniform distribution. For each simulated

curve, the parameters of the D-SDM procedure are estimated and compared with

the true parameters used for its generation.

Table 7.3: Used ranges for generating simulated curves

Parameter Lower Limit Upper Limit

Ns[−] 16 120

Ns-a[−] 1 Ns

Iph-b[A] 2 12

Iph-a[A] 2 Iph-b

Is-c[A] 10−12 10−5

ηc[−] 1 2

Rs-c[Ω] 0.001 0.01

Rsh-c[Ω] 10 50

ν[−] 0.7 1.31

Tc[K] 273 343

a[−] 2× 10−3 15× 10−3

mBi[−] 2 6

Vbr[V ] -40 -20

Figure 7.11 compares the true series resistance with the estimated values

from the proposed procedure on the left and the true parallel resistance with the

calculated values on the right. In both comparisons, the high R2 coefficients demon-

strate the method’s effectiveness in accurately determining the series and parallel

resistances. Additionally, these results confirm that simplifying the model by ne-

glecting the parallel resistance at high irradiance does not compromise the accu-

racy of the estimated parallel resistance at low irradiance. This numerical evidence

supports the model simplification, which reduces the number of parameters while

maintaining high accuracy.

Figure 7.12 assesses the proposed method’s ability to detect mismatch levels.
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Figure 7.11: True value versus estimation for Rs-c (left) and Rsh-c (right)
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The left panel compares the ratio of shaded cells to the total number of cells. In

contrast, the right panel compares the ratio of the photogenerated current at low

irradiance to that at high irradiance. In this case, the high R2 coefficient further

demonstrates the effectiveness of the model in detecting mismatch levels.

7.6 Detection of series resistance degradation

The aging of PV modules is typically reflected in an increase in series re-

sistance [153], making it a crucial parameter for PV diagnosis [154]. This section

aims to evaluate the capability of the D-SDM parameter identification procedure

to detect series resistance degradation. We compare the results with the traditional

SDM model ((5.2)-(5.7)) and the dynamic CPE model (Eq. (5.8)) to identify the

advantages and disadvantages of each parameter identification method. Although

the meaning of the series resistance appearing in the static and dynamic models

is not exactly equivalent, both refer to ohmic losses and therefore can be used to

detect degradation phenomena [121].

7.6.1 Parameter estimation of the SDM

To estimate the parameters of the SDM, the error function is defined as the

root mean squared error between the experimental (Iexp(i)) and calculated (Ic(i))

current for each of the N experimental voltage values (Eq. 6.2). An optimization

problem is formulated to minimize the error in (6.2). The parameters are estimated

using the DE optimization algorithm [149]. Specifically, the implemented variant is

DE/best/1/bin, executed using the Python framework Pymoo [128]. The algorithm

parameters are chosen based on the guidelines in [150], with a scale factor of F = 0.8

and a crossover rate of Cr = 0.9, which enhance the optimization of non-separable

functions.

7.6.2 Parameter estimation of the CPE model

In this case, the error function measures the difference between the exper-

imental and calculated impedances. Equation (5.8) is used to evaluate the real

(Z ′

i,cal) and the imaginary (Z ′′

i,cal) parts of the PV impedance. Then the model pa-

rameters are selected to minimize the sum of weighted square differences between
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the experimental and calculated impedances (Eq. 6.3). In equation (6.3), the sum-

mation includes all impedance values measured at L frequencies in the experiments.

This equation follows the modulus weighting approach, ensuring that both small

and large impedance values contribute equally to the sum of squares [122]. The

optimization method is specified as DE/best/1/bin with F = 0.8 and Cr = 0.9 to

maintain a fair comparison.

7.6.3 Experimental Campaign

All experimental I–V curves were measured on a commercial PV module,

the Flex–SP50L, manufactured by Solbian [131]. Its specifications under STC are

provided in [31]. The module consists of 16 pseudo-square back-contact monocrys-

talline silicon cells connected in series, along with a bypass diode.

A series-connected resistor of nominal value ∆Rs-m = 0.175 is used to sim-

ulate series resistance degradation. The experimental data spans a range of irradi-

ance levels, from low to high, under uniform irradiance and temperature conditions.

Two datasets with similar operating conditions are analyzed: the first corresponds

to the non-degraded state without the additional resistor, while the second repre-

sents the degraded state with the additional resistor.

7.6.4 Overview of the fitting for each analyzed model

The fitting overview analyzes the performance of each model in estimating

the series resistance (Rs-m) under 3 selected cases at low, medium, and high irradi-

ance. Table 7.4 presents the temperature (T ) and irradiance (G) for each analyzed

case, while Table 7.5 provides the obtained resistance values and the associated

fitting error (E) for the compared methods.

Table 7.4: Operating Conditions for Each Selected Case

Case T [K] G[W/m2]

I 302.08 482.05

II 305.39 692.70

III 309.64 876.71

The results indicate differences in the estimated series resistance values

among the models. The SDM consistently provides higher Rs-m values compared
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Table 7.5: Series Resistance and Fitting Error for Each Model

Case SDM D-SDM CPE

Rs-m E Rs-m E Rs-m E

I 0.157 0.0107 0.0394 0.0002 0.1654 0.0173

II 0.0607 0.0087 0.0364 0.0006 0.1542 0.0565

III 0.056 0.0082 0.0395 0.0002 0.1441 0.0183
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Figure 7.13: Fitting results for the Single Diode Model (SDM) [32].

to the D-SDM, with values decreasing as irradiance increases. This trend suggests

that SDM may overestimate resistive losses at lower irradiance levels. The CPE

model also yields higher resistance values than D-SDM, with values decreasing as

irradiance increases.

The D-SDM estimates the lowest series resistance in all cases, with values

ranging from 0.0389 Ω to 0.0391 Ω, which remain relatively stable despite variations

in operating conditions. This stability suggests that the D-SDM provides a more

consistent estimation of the internal resistance.

Since the fitting error values (E) are obtained from different models and

methodologies, they are not directly comparable. However, Figure 7.13 shows the

fitting results for the SDM. While the model provides a reasonable approximation

of the experimental data, a larger error is observed around the Maximum Power

Point (MPP) for each case. This result is consistent with the results presented

in [30].

The results for the D-SDM are presented in Figure 7.14. The figure demon-

strates a strong agreement between the modeled and measured data, with an excel-
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Figure 7.14: Fitting results for the Double Single Diode Model (D-SDM) [32].
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Figure 7.15: Fitting results for the Constant Phase Element (CPE) model [32].

lent match in the region where the model detects that all cells operate at positive

voltages [30].

Figure 7.15 illustrates the fitting results for the CPE model. Similar to

the D-SDM, the CPE model exhibits a good agreement with the experimental

impedance data. This suggests that the CPE model can effectively characterize

the system’s behavior.

7.6.5 Estimation of the degradation

Figure 7.16 shows the series resistance identified by the SDM, D-SDM, and

CPE models across a range of irradiance values. The SDM model starts with the

highest series resistance at low irradiance levels but shows a significant decrease as

irradiance increases. This suggests a strong dependence of its resistance estimation

on irradiance, making it less stable.
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Figure 7.16: Estimation of series resistance degradation by the SDM, D-SDM, and CPE

models as a function of irradiance [32].

The D-SDM model estimates the lowest series resistance and exhibits a more

stable trend, with resistance values always decreasing with irradiance but at a lower

rate. The CPE model follows an intermediate behavior, capturing degradation

effects but showing a different dependence on irradiance. Despite these differences,

all three models detect an increase in resistance when the additional resistor is

introduced. However, the way they interpret this degradation varies, with SDM

exhibiting stronger fluctuations, while D-SDM remains the most stable across the

irradiance range.

Figure 7.17 presents the relative error in estimating ∆Rs. The SDM model

exhibits the highest fluctuations, with errors reaching up to 15%, particularly at

lower irradiance levels. It transitions from overestimation at low irradiance to

underestimation at high irradiance, making its degradation estimation less reliable.

The D-SDM model maintains lower error values, remaining stable across

the entire irradiance range, with a small underestimation at lower irradiance levels

and an overestimation at higher irradiance levels. The CPE model also shows

low error values and follows a transition from overestimation at low irradiance to

underestimation at high irradiance, similar to SDM but with a more stable trend.

Unlike SDM, both D-SDM and CPE do not exhibit drastic fluctuations and provide

a more balanced estimation of degradation.

7.7 Conclusion of the Chapter

This study presents a 7-parameter self-adapting Double Single-Diode Model

(D-SDM) designed to improve the reliability of PV module parameter identification
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Figure 7.17: Relative error in the estimation of ∆Rs for the SDM, D-SDM, and CPE

models as a function of irradiance [32].

under mismatching conditions. A methodology for extracting the parameters of

the D-SDM using the Differential Evolution Algorithm and Binary Search is also

proposed. This approach reformulates the fitting problem as a function of voltage,

enhancing the overall accuracy of the parameter estimation process. A robust

error function was defined, considering only the experimental points where all cells

operate at positive voltages.

Two variants of the D-SDM were validated, the first treating the number of

shaded cells as a real parameter, while the second considering it an integer param-

eter. Experimental and simulated I–V curves under several mismatching patterns

were used to evaluate the two proposed variants. The experimental results revealed

that the D-SDM-based methods offer greater stability and reliability in parame-

ter estimation compared to the standard SDM under uniform operating conditions

assumption. Additionally, simulated I–V curves highlighted the methodology’s

effectiveness in accurately determining the true values of the model parameters.

The proposed D-SDM was compared with the standard SDM and with the

CPE dynamic model to assess their ability to detect series resistance degradation

in PV modules under uniform conditions. To simulate aging, an additional resistor

was introduced during the experimental campaign, and each method was evaluated

for its ability to detect this change. All three methods identified an increase in

resistance, but their performance differed. The SDM showed significant fluctuations

in resistance estimation across different irradiance levels, reducing its reliability for

long-term monitoring. In contrast, the D-SDM and the CPE model provided more

reliable estimations across operating conditions.
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8
Practical deployment of O2RE-

NILM and D-SDM PV parameter

identification in a Unified Platform

8.1 Introduction

This chapter presents the practical implementation of the two novel frame-

works developed in this thesis: O2RE-NILM, introduced in Chapter 4, and D-SDM

PV parameter identification introduced in Chapter 7. Both methods are integrated

into a unified embedded system based on a Raspberry Pi 4 running a home automa-

tion framework named "Home Assistant". The implementation aims to validate the

real-time operation of the proposed methods in a realistic residential environment,

demonstrate their compatibility within a unified architecture, highlight the simplic-

ity of installation, configuration, and use, and evaluate their performance under the

computational limitations of low-cost embedded hardware.

A home automation platform is selected as the testing environment to pro-

vide a practical and user-oriented interface for deploying and evaluating the pro-

posed NILM and PV parameter identification methods. This environment enables

continuous system operation, real-time data processing, and immediate visualiza-

tion of results, which are crucial for evaluating the feasibility and usability of the

developed solutions. Integrating the methods into a platform already familiar to

residential users enhances the realism of the testing scenario and aligns the imple-

135
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mentation with real-world conditions.

Home Assistant (https://www.home-assistant.io/) is chosen as the

software platform due to its open-source nature, wide compatibility with smart

home devices, and strong community support. It enables seamless integration of

custom modules through its modular architecture, allowing the NILM and PV

components developed in this work to operate as part of a cohesive home energy

management system. Home Assistant supports structured visualization of outputs

through dashboards and virtual sensors, which facilitates monitoring and interpre-

tation of the algorithms’ results. Its interface can be accessed through any web

browser, providing a flexible and accessible control layer for users.

The decision to use Home Assistant also reflects a broader aim of reducing the

barriers to adoption for advanced energy monitoring tools. Users who already have

Home Assistant deployed in their homes can integrate the NILM and PV methods

without additional hardware. This compatibility is significant, as it minimizes

installation effort and cost, making the system more accessible. Moreover, Home

Assistant’s emphasis on privacy and local processing ensures that all data remains

within the household network, avoiding dependence on external cloud services and

improving system autonomy.

The hardware platform selected for this implementation is the Raspberry

Pi, specifically the 4 model, chosen for its balance of affordability, performance,

and compatibility with Home Assistant. These devices offer sufficient processing

capacity to support real-time execution of the NILM and PV parameter identifi-

cation methods while maintaining low energy consumption. Their use reflects the

practical constraints of residential settings, where cost and space considerations

make high-performance or dedicated hardware impractical.

The Raspberry Pi’s built-in networking capabilities, general-purpose input/out-

put interfaces, and compatibility with Linux-based systems make it an ideal choice

for embedded energy monitoring applications. Hosting Home Assistant directly on

the Raspberry Pi simplifies the system architecture and avoids the need for external

servers or infrastructure. This integration ensures that all operations, from data

acquisition to result visualization, are performed locally, which enhances system

responsiveness and privacy.

Although this work focuses on the Raspberry Pi 4 model, the architecture

https://www.home-assistant.io/
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is not limited to these specific devices. The modularity and portability of the soft-

ware components allow deployment on any computing unit supported by Home

Assistant, offering flexibility for users with different hardware preferences or per-

formance requirements. This adaptability broadens the relevance of the system

across a range of household configurations and user needs.

Running both NILM and PV parameter identification on the same embedded

system highlights the potential for a consolidated, decentralized energy manage-

ment solution. Sharing the hardware and software infrastructure reduces overall

system complexity and cost. The unified setup demonstrates how the two methods

can operate concurrently within the same home automation environment, making

the approach suitable for integration into existing smart home systems. Moreover,

the modular design also enables future expansion, allowing additional diagnostic,

control, and optimization algorithms to be incorporated within the same system

framework.

8.2 Home Assistant Installation and Initial Setup

The initial step to replicate our experimental prototype is selecting and in-

stalling the appropriate operating system for your hardware. Figure 8.1 illustrates

the Raspberry Pi Imager utility, a user-friendly tool designed to simplify the in-

stallation of different operating systems on a Raspberry Pi. Highlighted within

this tool is the option to install Home Assistant. Whether you are configuring a

Raspberry Pi 4 or a Raspberry Pi 3, the Imager provides a straightforward path to

embedding Home Assistant into your hardware. We then connected the Raspberry

Pi to a router (Figure 8.2), allowing us to connect devices such as phones, tablets,

and laptops to the Wi-Fi created by the router. This enables us to visualize and

control the Home Assistant running environment.

Add-ons Installation in Home Assistant

Home Assistant supports a streamlined process for installing add-ons directly

from custom or official repositories. To install an add-on, users simply need to

add the repository URL to the Home Assistant Supervisor interface. Once the

repository is added, available add-ons appear in the interface and can be installed
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Figure 8.1: Installation of Home Assistant OS for a Raspberry Pi

Figure 8.2: Raspberry Pi unit connected to a router, serving as a central hub for smart

home automation and energy monitoring tasks.
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Figure 8.3: Non-Intrusive Load Monitoring (NILM) Process: From Aggregated Power to

Appliance-Level Disaggregation

with a single click. This process requires no manual configuration or advanced

technical knowledge, making it accessible to most users. After installation, each

add-on provides its own configuration panel within the Home Assistant interface.

This ease of deployment simplifies the integration of additional functionalities, such

as NILM or PV monitoring, into any Home Assistant setup.

8.3 O2RE-NILM: practical deployment

This section presents the practical implementation of the O2RE framework,

which provides users with real-time information about selected appliances of inter-

est. The implementation facilitates the use of the NILM technology in real cases

and motivates the development of future integrations to accomplish important goals

in Energy Management Systems.

8.3.1 Architecture of the prototype

A block diagram of the real-time NILM prototype is presented in Figure 8.3,

from Aggregated Power to Appliance-Level Disaggregation:
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A detailed explanation of the diagram is provided in the following. The

section Monitored Appliances (FSM) represents the set of N monitored appliances,

each labeled as "Appliance 1", "Appliance 2", and so on, up to "Appliance 3" in this

case. These appliances are finite state machines (FSMs). Each appliance’s power

consumption contributes to the aggregated power measurement. The block Non-

Monitored Appliances is divided into two subcategories: Appliance 4 (FSM), which

is an example of an appliance that operates with distinguishable states but is not

included in the monitored set. Its consumption is part of the aggregated power,

yet is not individually tracked or estimated by the NILM process. Appliance 5

(Always On) represents appliances contributing to the base load B(t). These are

typically always-on devices whose consumption is steady and contributes a con-

stant load over time. Main Sensor is the central device capturing the aggregated

power consumption P(t), which is the sum of the power from all appliances (moni-

tored and non-monitored), the base load, and any residual noise or unaccounted-for

consumption. Edge Device (Disaggregation Block): Serves as the computational

core of the NILM system. It continuously monitors changes in the aggregated ac-

tive power received from the Main Sensor, which provides updates at a frequency

of ∆t, and applies real-time algorithms to disaggregate this signal into individual

appliance-level data. Each monitored appliance’s estimated consumption is output

separately, allowing for detailed analysis and monitoring of individual appliances.

Unknown Loads represents the disaggregated component attributed to FSM ap-

pliances not monitored. This block would include the estimated consumption of

"Appliance 4" in this context. Base Load reflects the constant power consumption

part of the aggregated signal, including "Appliance 5 (Always On)" in this diagram.

This load is steady and contributes to the overall consumption without significant

variation over short periods.

Main Sensors used to verify the deployment

Two types of sensors were used: The first was simulated using data from

the UK-DALE dataset [60], which contains detailed energy usage data from UK

households. Instead of relying on physical sensors, we simulated a main sensor by

wirelessly transmitting real, publicly available data to the Home Assistant OS. This

method allowed us to evaluate the prototype under various conditions and scenar-
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ios, closely mimicking real household energy consumption patterns and verifying

whether the performance of the add-on matched the theoretical results presented

earlier. For this purpose, an auxiliary add-on was implemented in Home Assis-

tant that runs a web server listening for queries. Through a specific endpoint, the

server returns the aggregated active power from the UK-DALE dataset, matched

as closely as possible to the current time of the server. A REST sensor was then

created in Home Assistant to fetch active power values from this endpoint at a

defined frequency.

The second was a Shelly EM sensor equipped with a 50A current clamp,

installed in the main distribution panel of the author’s residence. This sensor

provides real-time active power measurements of the entire household load and

communicates over Wi-Fi. It integrates seamlessly with Home Assistant via its

REST API, allowing frequent data updates at intervals of approximately one to

two seconds. The device supports both local and cloud-based operation, offering

flexibility in deployment and data access. This setup not only enabled valida-

tion of the prototype in a real residential environment but also demonstrated the

ease of installation and practical integration using commercially available sensors.

Further technical specifications of the sensor can be found in the manufacturer’s

documentation [155].

8.3.2 Configuration and Visualization of the Results

Once the NILM add-on is installed, configuration can be initiated through a

dedicated web-based interface developed specifically for this purpose (Figure 8.4).

The "Main Power Sensor" section (Figure 8.4) allows users to select the primary

sensor that measures the total power consumption of the household. The "NILM

Models (Appliances)" section (Figure 8.4) enables the definition of individual ap-

pliances that the algorithm will target for disaggregation.

Virtual sensors are automatically generated within the platform to report

the results of NILM disaggregation in real time. This enables a continuous flow of

information, ensuring smooth integration of the disaggregated data into the smart

home’s automation and energy management processes. Once the NILM add-on is

running, users can view the real-time power consumption of the configured appli-

ances directly in the Home Assistant dashboard. In addition to appliance-specific
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Figure 8.4: Configuration of the NILM Add-on

sensors, the system also provides virtual sensors for the base load and unknown

appliances, all of which can be monitored through the interface (Figure 8.5a). The

addon further enables users to inspect the power consumption history for each

monitored appliance, as illustrated in Figure 8.5b and Figure 8.5c. Access to this

historical data helps users understand how their daily habits influence overall en-

ergy usage, enabling more informed decisions to reduce consumption and lower

energy costs.

In addition to real-time active power visualization for each monitored ap-

pliance, users can also observe the overall energy flow within their homes. The

Energy section in Home Assistant displays both total energy consumption and the

individual energy usage of each monitored device (Figure 8.6). By presenting this

information in a clear and accessible format, the system encourages users to be-

come more aware of their energy habits, often promoting behavior changes that

support greater energy efficiency.
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(a) Real-Time Information of

Power Consumption.

(b) NILM History of the

Fridge

(c) NILM History of the Dish

Washer

Figure 8.5: Real-time and history visualization in Home Assistant

(a) Energy Usage and Distri-

bution

(b) Energy Distribution and

Sources

Figure 8.6: Visualization of total energy and individual appliances’ energy in Home As-

sistant
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8.4 D-SDM PV parameter identification: practi-

cal deployment

This section presents the implementation of the PV add-on used to validate

the deployment of the parameter estimation method based on the D-SDM, which

was introduced earlier in this thesis. The algorithm runs within the same Home

Assistant instance as the NILM module and thus operates entirely on the same

Raspberry Pi device. Its objective is to demonstrate that robust, real-time PV di-

agnosis is feasible in a constrained embedded environment using local computation

and data visualization.

8.4.1 Architecture of the prototype

Figure 8.7 illustrates the architecture of the prototype, highlighting the com-

plete data and processing flow from the PV system to the visualization of results.

The inverter, whether real or simulated, sends IV curve data at a defined interval

∆t to the edge device. This edge device, a Raspberry Pi running Home Assis-

tant, hosts the D-SDM Add-on, which performs the parameter estimation process.

The estimated parameters are published as sensor entities within Home Assistant,

enabling real-time monitoring of the PV system’s behavior. The add-on also pub-

lishes the fitting error, which serves as an indicator of the model accuracy and can

be used to identify and discard parameter estimations that result from anomalous

IV curves caused by faults or inconsistencies in the data acquisition workflow.
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Figure 8.7: Online PV parameter identification process in an edge device

To simulate the behavior of a PV inverter during testing, a custom IV Sim-

ulator Add-on has been developed for Home Assistant. This component is not

part of the final system architecture but serves as a temporary utility to emulate

the IV data that would be provided by a physical inverter. The add-on runs a

REST API locally and, upon each request, returns a randomly selected IV curve

from a dataset composed of experimental measurements previously used in the

development of the D-SDM algorithm [30]. This setup provides a controlled and

reproducible data stream for validating the practical deployment of the D-SDM

method.

8.4.2 Configuration and Visualization of the Results

Building upon the architecture shown in Figure 8.7, the D-SDM PV pa-

rameter identification add-on provides a user-configurable interface and integrated

result visualization within Home Assistant. At a user-defined frequency, the add-on

retrieves IV curve data from the specified source and applies the D-SDM estimation

algorithm. Each cycle produces a set of model parameters, the associated fitting

error, and the processing time, which are then published as sensor entities in Home



146 CHAPTER 8. PRACTICAL DEPLOYMENT

Assistant.

As shown in Figure 8.8, the configuration panel allows users to define the

IV data source URL, set the monitoring interval, and specify the number of series-

connected cells. The interface also includes a live plot of the most recent IV curve

to support data verification. Configuration settings are retained across system

restarts. The estimation results can be visualized through the Home Assistant

dashboard or the History dashboard, enabling real-time inspection of parameter

trends and model accuracy (Figure 8.9). This setup allows continuous monitoring

of the PV system’s behavior and supports the identification of PV anomalies or

acquisition faults.

Figure 8.8: D-SDM PV add-on configuration
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Figure 8.9: D-SDM PV add-on results visualization

Moreover, the system’s modular architecture facilitates future expansion,

particularly in the context of advanced energy management and PV system super-

vision. By publishing model estimation results and fitting errors as standardized

Home Assistant sensor entities, the system creates a flexible data infrastructure that

can support a wide range of additional functionalities. These include accurate PV

forecasting, fault detection, state-of-health estimation, and real-time performance

diagnostics. Furthermore, the same framework can be extended to incorporate

broader energy management strategies, enabling integration with load forecasting,

battery scheduling, and grid interaction optimization. This implementation not

only meets immediate monitoring needs but also provides a scalable foundation for

more comprehensive energy intelligence solutions.

8.5 Performance Evaluation

This section presents an evaluation of the computational performance of the

deployed add-ons: the O2RE-NILM Add-on and the D-SDM PV Parameter Iden-

tification Add-on. The two add-ons were installed and executed concurrently on

a single Home Assistant instance over a continuous period of at least one month.

The objective is to assess the feasibility of running both components in real-time

on a resource-constrained edge device, without compromising the system’s respon-

siveness or stability. The analysis focuses on execution time and the sustained
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operation of both add-ons under realistic residential conditions. Figure 8.10 shows

the Home Assistant interface with both add-ons running simultaneously, illustrat-

ing their operation within the same deployment environment.

Figure 8.10: Concurrent operation of NILM and PV add-ons in Home Assistant

8.5.1 O2RE-NILM performance

To evaluate the system’s ability to perform power disaggregation effectively

and to verify its stability under long-term operation, the prototype was tested using

two configurations. Initially, a simulated main sensor transmitted data at a fixed

interval of 6 seconds. This was followed by testing with a real sensor, the Shelly

EM with a 50A clamp [155], which provided measurement updates approximately

every 2 seconds, as previously described.

Our original study [28] provided a detailed comparison of the algorithm’s

performance against existing state-of-the-art approaches. In this evaluation, the

focus shifts to its computational efficiency and its ability to operate with real-

time responsiveness in a deployed environment. To assess this, the running time

required to complete each execution of the algorithm was measured throughout the

evaluation period.

Table 8.1 presents the performance analysis of the NILM algorithm across

average and critical instances. This analysis focuses on the algorithm’s performance
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Table 8.1: Performance Analysis of O2RE deployment Across Average and Critical Events

Statistic Time (seconds)

Mean (All) 0.004

Mean (>0.05s) 0.071

Maximum (>0.05s) 0.132

during crucial situations, which can occur when an edge is detected (triggering the

most computationally intensive part) or when there is congestion due to many

services running simultaneously in Home Assistant. The table summarizes the

mean running time overall and during critical events (running time > 0.05 seconds).

The overall mean running time of approximately 0.004 seconds indicates

that, under average conditions, the method operates extremely fast. Moreover, the

critical instances, while less frequent, are critically important as they could reflect

the algorithm’s response to significant changes in energy consumption patterns.

The mean running time for these instances is around 0.071 seconds, indicating

that while the algorithm takes longer, it still reacts quickly, and the method can

seamlessly manage a frequency in the order of 1Hz in the tested edge device. These

results suggest that our framework is well-suited for real-time monitoring.

8.5.2 D-SDM PV performance

The computational performance of the D-SDM PV Parameter Identification

Add-on was evaluated by measuring the execution time required for each estimation

cycle. For this assessment, the add-on was tested using a simulated inverter, as

previously described, configured to provide an IV curve every 10 minutes. Although

this frequency is higher than what would typically be expected in real-world PV

monitoring scenarios, it was intentionally selected to place greater computational

demand on the system and evaluate its robustness under sustained operation.

Each cycle involved receiving an IV curve, executing the D-SDM parameter

estimation algorithm, and publishing the resulting parameters, fitting error, and

execution time as Home Assistant sensor entities. A critical factor for real-time

deployment of the D-SDM PV add-on is the rate at which the estimation algorithm

can be executed without overlap between successive cycles. Table 8.2 presents the
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measured runtime percentiles along with the corresponding maximum number of

safe executions per hour. These figures assume strictly sequential processing on a

single thread.

The median runtime is approximately 234 seconds, which permits around

15 estimation cycles per hour. A more conservative operation, ensuring that 75%

of executions complete before the next cycle, would require a spacing of about 390

seconds, limiting the system to 9 runs per hour. For more stringent reliability,

targeting 90% or 95% completion before the next trigger, the launch frequency

should be reduced to every 523 or 566 seconds, respectively. This corresponds to

roughly 7 or 6 runs per hour.

These execution times are consistent with, and in many cases well below,

the data acquisition frequencies typically found in real-world PV monitoring sys-

tems, which often operate at intervals greater than 10 minutes. Therefore, the

algorithm demonstrates sufficient computational performance for deployment in

real-time residential PV applications. In cases requiring higher throughput, clus-

tering or parallel processing can be applied to increase execution capacity.

Table 8.2: Runtime percentiles and implied safe launch rates

Percentile Runtime (s) Max launches h−1

25th (Q1) 128.3 28.0

50th (Median) 234.3 15.4

75th (Q3) 390.4 9.2

90th 523.5 6.9

95th 566.4 6.4

8.6 Conclusions of the Chapter

This chapter presented the design, deployment, and computational perfor-

mance evaluation of two add-ons developed for Home Assistant: the NILM Dis-

aggregation Add-on and the D-SDM PV Parameter Identification Add-on. Both

were executed concurrently on a single Raspberry Pi 4 edge device over an extended

period in a real residential environment.

The NILM add-on was tested using both simulated and physical sensors
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to assess its responsiveness and real-time processing capabilities. It successfully

maintained continuous operation while generating virtual sensors and updating

appliance-level consumption estimates at the configured data acquisition rates.

Throughout the evaluation, the Home Assistant instance remained responsive, and

the author did not observe any delays or performance degradation in the system.

The D-SDM PV add-on was evaluated using a simulated inverter providing

IV curves at a frequency of one curve every 10 minutes. The execution time of each

estimation cycle remained well below this interval, with typical runtimes supporting

safe and reliable operation in real-time conditions. Even when stressed with a

higher-than-typical input rate, the system sustained stable performance.

In summary, the results confirm that both add-ons can operate efficiently

in a shared Home Assistant environment without overloading the computational

resources of a typical edge device, as the Raspberry Pi 4. The system architecture

supports real-time energy monitoring and provides a robust foundation for future

integration of diagnostic, forecasting, and optimization functionalities within resi-

dential energy management systems.





9
Business Model for Integrated

Real-Time Energy Intelligence

9.1 Introduction

As mentioned in the introduction, this thesis is developed within the frame-

work of the SMARTGYsum project [26], which integrates research in advanced

energy technologies with the development of sustainable market strategies. The

thesis develops a dedicated business model to facilitate the translation of its tech-

nological innovations into real-world applications. The inclusion of this model is

essential, as the project framework recognizes that technical advancements require

a clear pathway to commercialization and long-term viability to achieve meaning-

ful adoption. By addressing this requirement, the thesis supports SMARTGYsum’s

objective of delivering solutions that are technically robust, economically feasible,

and accessible to end users, thereby bridging the gap between research outcomes

and practical deployment.

The proliferation of home automation ecosystems has driven an increasing

number of advanced users to install their own energy meters capable of reporting

aggregated household power data at sub-minute intervals, often every few seconds.

Unlike utility-provided smart meters, which typically report at fifteen-minute to

thirty-minute intervals, these user-installed meters provide sufficiently fine tempo-

ral resolution to enable appliance-level disaggregation and performance diagnostics

in near real-time. Nevertheless, this potential remains largely untapped; in many
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cases, the data is used solely for aggregated consumption displays or basic automa-

tion triggers, leaving significant value unrealized.

The underutilization stems from a combination of technical and economic

barriers. Existing NILM solutions hosted in the cloud can provide appliance-level

estimates but often at really low frequencies, require constant internet connectivity,

and pose privacy risks by exporting detailed consumption patterns to third-party

servers. Conversely, per-appliance monitoring hardware such as smart plugs or

current transformer clamps delivers high accuracy but at a prohibitive cost when

scaled to an entire household (several appliances), in addition to introducing com-

plexity in installation and maintenance. As a result, there is a gap in the market for

solutions that leverage the rich temporal resolution of user-owned meters while pre-

serving privacy, delivering real-time results, and avoiding the expense of dedicated

hardware for each appliance.

9.2 Architectural Overview of the IREI Model

The Integrated Real-Time Energy Intelligence (IREI) model adopts a hybrid

edge–cloud architecture in which the primary real-time disaggregation algorithm

executes locally on user-owned hardware, typically the same single-board computer,

server, or virtualized environment already employed for running home automation

platforms such as Home Assistant. This approach ensures that appliance disaggre-

gation operates continuously and with minimal latency, while safeguarding privacy

by keeping high-resolution consumption data within the user’s premises.

At the core of the system lies a universal NILM processing pipeline capable

of handling two categories of appliance representations without requiring separate

algorithms. In the Free tier, users can configure an unlimited number of man-

ual FSM appliance models, specifying the number of states, their nominal power

levels, and allowable transitions. This manual configuration demands some user in-

volvement but requires no financial outlay and offers immediate compatibility with

existing aggregated power meters capable of reporting at sub-minute resolution.

The disaggregated outputs are published as native virtual sensors within the home

automation environment, enabling direct use in automation scripts, dashboards,

and optimization routines.
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The Pro features extend this baseline capability through optional cloud-

assisted services. Users may initiate a guided training procedure for a given ap-

pliance, involving a short, controlled sequence of on–off activations. The resulting

power signature is uploaded to the cloud, where a dedicated embedding-generation

model, separate from the inference model, extracts the appliance’s characteristic

feature vector. This embedding is then downloaded and integrated into the local

NILM engine, where it coexists seamlessly with FSM-defined appliances. This one-

time upgrade, offered on a pay-per-appliance basis, increases recognition accuracy

and user effort, without transmitting continuous operation data to the cloud.

In addition to appliance embeddings, the Pro tier provides advanced analyt-

ical modules. A load forecasting engine operates on the set of local appliance

models, augmented by temporal usage patterns learned on-device, to predict future

demand profiles. This supports tariff-aware scheduling, demand response partici-

pation, and optimization of on-site renewable utilization. An AI-driven insights

engine processes disaggregated appliance data to produce targeted recommenda-

tions on energy efficiency, fault detection, and behavioral adjustments, with user-

defined delivery frequency. Furthermore, a PV diagnostics module, grounded

in the PV parameter identification methodology developed in this thesis, can be

used as an additional feature if the user owns a PV system and the Inverter al-

lows IV curve tracing. This enables detection of partial shading, panel soiling, and

progressive degradation, with potential for predictive maintenance through trend

analysis.

The architectural modularity ensures that all Pro-tier features integrate into

the same local processing framework, minimizing user-side complexity while allow-

ing selective adoption of paid services. Table 9.1 summarizes this structure within

the Lean Business Model Canvas, illustrating how the architectural design directly

underpins the value proposition, cost structure, and revenue streams of IREI. The

architecture thereby enables a tiered adoption pathway: immediate deployment

through the free tier, incremental accuracy upgrades via per-appliance embeddings,

and full analytical capability through subscription-based Pro services.
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Table 9.1: Lean Business Model Canvas for IREI
Problem Solution Unique Value

Proposition

Unfair Advan-

tage

Customer Seg-

ments
Energy enthusi-

asts’ smart meters

are underused.

Cloud NILM

providers lack

Real-time, pose

privacy risks, are

not flexible to

work with user

hardware, while

per-appliance sen-

sors are expensive

Local NILM en-

gine for real-time,

private disag-

gregation. Free

tier: unlimited

manual FSM ap-

pliances, user sets

states manually.

Paid: cloud-

trained appliance

embeddings for

higher accuracy.

AI-driven insights.

PV diagnostic.

Appliance-level

monitoring with-

out extra hard-

ware, real-time,

and privacy-first,

cheaper than

smart plugs. Full

Home Automation

Frameworks inte-

gration as native

virtual sensors for

automation and

energy optimiza-

tion.

One universal

NILM model han-

dles both manually

entered FSMs and

cloud-trained ap-

pliances. Unique

PV diagnostic

method. AI-driven

insights. Pub-

lication in Top

Journals. Deep

integration into

the Home Assis-

tant for immediate

adoption.

Home Assistant

users, Privacy-

aware homeown-

ers, PV owners,

and energy service

installers seeking

accurate, low-cost

monitoring.

Existing Alter-

natives

Key Metrics High-level Con-

cept

Channels Early Adopters

Smart plugs/CT

clamps (costly),

cloud NILM

(privacy issues,

latency, additional

hardware)

Free-to-paid model

upgrade rate, dis-

aggregation accu-

racy/latency, and

Pro tier retention.

“Unlock the full

potential of your

smart meter with

real-time appliance

disaggregation,

AI-driven insights,

energy forecasting,

and PV diagnos-

tics.”

GitHub distri-

bution, Home

Assistant com-

munity channels,

Conferences, part-

nerships with

hardware vendors

and installers.

Home automation

enthusiasts (Home

Assistant and

similar platforms

(+1M users)),

PV owners, and

early adopters

of smart energy

solutions.
Cost Structure Revenue Streams
R&D Expenses: Developing and re-

fining advanced NILM AI algorithms,

solar PV diagnostics, and real-time

energy analytics. Hardware: Pur-

chasing pre-manufactured edge devices

(NILM-PV hubs) from established ven-

dors. Software Development: On-

going expenses for platform mainte-

nance, user interface enhancements,

and integration with HAS. Marketing

and Sales: Promotional campaigns,

digital marketing, etc.

Free tier: unlimited manual FSM appliances, where users

define appliance states manually. Pay-per-app: €3-5

one-time fee per downloaded appliance embedding. Pro

subscription: €5-7/month, includes up to 10 cloud-

trained appliances/year plus load forecasting, AI-driven

insights, and PV diagnostics. Additional Revenue

Streams: Sales of pre-configured, plug-and-play NILM-

PV energy hub (out-of-the-box solution).
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9.3 Integrated Analytical Services

While the IREI edge component is dedicated to executing real-time disaggre-

gation and publishing appliance-level virtual sensors to the home automation envi-

ronment, the architecture extends its value proposition through a set of advanced

analytical services hosted in the cloud. This division of processing ensures that

only latency-sensitive tasks are handled locally, while computationally intensive

operations that benefit from large-scale datasets and high-performance computing

are executed remotely.

A defining characteristic of this design is that cloud services operate on

compact appliance models rather than raw high-resolution consumption traces.

Each appliance model integrates geometric features (embeddings), FSM state def-

initions, and locally learned temporal usage patterns. By transmitting only these

condensed representations, the system achieves several advantages: (i) privacy

preservation, since detailed time series containing personal behavioral patterns

never leave the user’s premises; (ii) low bandwidth requirements, enabling oper-

ation over limited or intermittent network connections; and (iii) computational

efficiency, as the cloud can process structured models much faster than raw signal

data.

A possible cloud-based service is the load forecasting module, which op-

erates on the ensemble of appliance models stored locally. Periodically, aggregated

historical usage summaries and embeddings are sent to the cloud, where predictive

algorithms generate short- and medium-term demand forecasts. These forecasts

are then returned to the user system to support proactive load scheduling, opti-

mization against dynamic tariffs, and better integration with variable renewable

energy sources.

Other possible service is based on AI-driven insights engine, that lever-

ages cloud resources to transform disaggregation outputs into actionable recom-

mendations. By combining appliance model data with anomaly detection, peer

benchmarking, and operational efficiency strategies, it delivers tailored guidance on

reducing consumption, optimizing schedules, and detecting performance anomalies.

The frequency of these insights is user-configurable, allowing daily, weekly, or other

intervals.
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Furthermore, a PV diagnostics module, grounded in the PV parameter

identification methodology developed in this thesis, can be enabled if the user

owns a PV system and the inverter supports IV curve tracing. This feature detects

partial shading, panel soiling, and progressive degradation, with the potential for

predictive maintenance through long-term trend analysis.

By structuring these services as optional and operating exclusively on com-

pact appliance models, IREI preserves the privacy and responsiveness of local real-

time operations while offering the flexibility to extend capabilities through the

Pro-tier services described in Table 9.1. This architecture enables a staged adop-

tion pathway, transitioning users from basic disaggregation to a complete energy

intelligence ecosystem without compromising control over their data.

9.4 Market Positioning and Growth Potential

The IREI model positions itself at the intersection of NILM, home automa-

tion, and cloud-augmented energy analytics. Its primary market differentiator lies

in combining a real-time, privacy-preserving NILM engine running on user-owned

hardware with a scalable set of cloud-based analytical services, all without re-

quiring additional per-appliance hardware. This approach directly addresses the

limitations of existing alternatives: smart meters with coarse temporal resolution

(typically 15 minutes or more), cloud-only NILM platforms that introduce latency

and privacy risks, and hardware-based monitoring solutions that require significant

upfront investment.

The target customer base is composed of three primary segments, as defined

in Table 9.1: (i) home automation platform users who value integration and cus-

tomization, (ii) PV system owners seeking advanced diagnostics and optimization,

and (iii) installers and integrators who can leverage the system as a low-cost, high-

value proposition in energy service portfolios. The integration as native virtual

sensors in home automation environments ensures immediate utility, as disaggre-

gated appliance signals can be directly employed for automations, notifications,

and optimization strategies.

The free tier functions as both an entry point and a growth driver, allowing

unlimited manual FSM appliance configurations. This tier enables users to expe-
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rience appliance-level monitoring without additional cost, while highlighting the

accuracy and convenience benefits of upgrading to cloud-trained appliance embed-

dings. The pay-per-appliance model offers a low-cost, low-commitment upgrade

path (3–5 EUR per embedding), while the Pro subscription consolidates advanced

capabilities including up to 10 trained appliances, load forecasting, AI-driven in-

sights, and PV diagnostics.

Growth potential stems from three complementary dynamics. First, the

platform inherently motivates users to expand their set of monitored appliances

once the utility of insights and automations becomes evident, creating a natural

upsell pathway from manual FSM definitions to cloud-trained embeddings. Second,

the addition of Pro-tier analytical services such as forecasting and PV diagnostics

increases the perceived value and justifies ongoing engagement. Third, the appli-

ance model architecture enables service diversification without altering the local

real-time NILM core: new analytics, predictive maintenance modules, or integra-

tion with demand-response programs can be added entirely in the cloud, leveraging

the same compact appliance representations. This design also ensures that only

highly compact appliance data is transmitted, minimising bandwidth requirements,

preserving privacy, and simplifying compliance with data protection regulations.

Strategically, the combination of a frictionless free tier, low-cost per-appliance

upgrades, and high-value subscription services positions the system to capture both

the enthusiast and professional segments of the smart energy market. By aligning

with the growth trajectory of home automation adoption and increasing consumer

awareness of energy efficiency, it has the potential to establish itself as a reference

solution for real-time, privacy-centric energy intelligence.

9.5 Conclusion of the Chapter

The IREI business model translates the technical innovations of this the-

sis, alongside anticipated advances in the same research line, into a commercially

viable service that targets a specific market gap. It runs the primary NILM al-

gorithm locally on user-owned hardware and offers optional cloud-based enhance-

ments through appliance embeddings, achieving a distinct balance of privacy, per-

formance, and flexibility. Integration with home automation ecosystems, coupled
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with extensible analytical tools such as AI-driven energy insights and PV diagnos-

tics, supports both immediate adoption and sustained market relevance. Table 9.1

presents the Lean Canvas summarizing the model’s structure, while the discussion

in this chapter places it within the wider field of residential energy intelligence,

highlighting its capacity to unlock new capabilities of user-installed smart meters.



Part V

Concluding Remarks and

Future Directions
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10
General Conclusions & Future

Work

10.1 General Conclusions

This thesis addresses the challenge of integrated residential energy monitor-

ing by developing methods for both demand-side NILM and supply-side PV diag-

nostics, and by demonstrating their joint operation in a unified, edge-deployable

platform. The work progresses from algorithm design to systematic evaluation and

experimental validation in real residential settings, ensuring that the proposed solu-

tions are compatible with low-frequency measurements and limited computational

resources, and are therefore suitable for practical deployment.

In the NILM domain, the proposed methods satisfy defined practical con-

straints while improving robustness over existing approaches. The analysis of

deep learning NILM architectures under conditions with unmonitored loads demon-

strates that performance degradation scales with the magnitude of unknown con-

sumption and is strongly dependent on appliance-specific patterns. To mitigate

these effects, an online framework operating at 1 Hz was developed, combining

edge detection, probabilistic state estimation, and a modified Population-Based

Incremental-Learning (PBIL) algorithm. Evaluation with public datasets confirms

that the framework maintains stable performance in the presence of unknown ap-

pliances while meeting the requirements of low-frequency, low-resource residential

operation.
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For PV characterization, the thesis examines the limitations of the SDM

under mismatched conditions and proposes methods to improve the consistency of

parameter estimation across operating scenarios. A multi-objective optimization

formulation was introduced to jointly fit static SDM and dynamic CPE param-

eters through a shared series resistance. Considering the practical challenges of

implementing EIS in PV systems, the D-SDM was developed as a more deployable

alternative that relies solely on the I–V curve. The model incorporates a dedi-

cated fitting procedure and a robust error function that accounts for shaded or

mismatched cells, enabling reliable parameter estimation without additional mea-

surement hardware. Experimental and simulated results demonstrate improved

stability under mismatch and more consistent detection of series resistance changes

compared to the SDM, while preserving a simpler structure than the CPE model.

The deployment stage integrates both methods into add-ons for the open-

source Home Assistant platform: one for NILM disaggregation and another for

D-SDM PV parameter identification. Home Assistant was selected for its wide

adoption, active community, and flexibility, which facilitate integration into exist-

ing residential automation systems without proprietary dependencies. Both add-

ons operate locally on a Raspberry Pi 4, ensuring low latency, data privacy, and

resilience to network outages. Long-term testing in a residential environment con-

firmed sustained operation without overloading computational resources, with the

NILM add-on delivering appliance-level estimates at configured acquisition rates

and the PV add-on completing parameter identification within measurement inter-

vals, even under increased input rates. These technical developments are framed

within a business model that combines free local deployment with optional cloud-

based enhancements, enabling scalable functionality and market adoption.

The principal contribution of this thesis is the development of algorithms

and methods for demand- and supply-side energy monitoring that overcome key

practical limitations hindering the wider adoption of previous NILM and PV di-

agnostic approaches. Their implementation in an open-access home automation

platform and validation in real residential conditions demonstrate their readiness

for direct application. By providing coherent and complementary information on

both consumption and generation within a single framework, the work supports

the effective integration of monitoring and diagnostics into modern EMS. Coupled
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with a commercialization pathway that leverages local processing, modular feature

upgrades, and a tiered adoption model, these contributions enable not only coor-

dinated operation, optimization, and decision-making in smart buildings but also

a viable route to large-scale deployment in the residential energy market.

10.2 Future Work

10.2.1 NILM

In the NILM research field, future research should focus on enhancing the

O2RE framework by incorporating additional appliance-level information, such as

on-probabilities, expected on-times, and tuned algorithm parameters. These pa-

rameters are essential for improving disaggregation accuracy when appliances have

very similar power consumption. The model should be capable of continuously up-

dating these parameters during operation through incremental learning, enabling

adaptation to appliance aging, evolving usage patterns, and other changes. Un-

supervised techniques for extracting such parameters from historical main data

should be developed to minimize the need for occupant involvement in algorithm

tuning.

Regarding Deep Learning approaches, future research should focus on im-

proving generalization and portability across domains. A promising direction is to

learn appliance-specific signatures that remain identifiable in the aggregate mains

signals from the test domain. These signatures should be learned with minimal

occupant involvement and limited training effort, ensuring that the approach is

deployable on edge devices with restricted computational resources. Instead of di-

rectly regressing power estimates, methods should extract invariant representations

capturing the unique power cycle or spectral fingerprint of each appliance. Shared

feature extractors trained through contrastive learning or its variants could be de-

veloped to generate robust appliance-specific representations, which could then be

applied directly for accurate disaggregation.

An important future research should focus on integrating deep learning

methods with traditional approaches to address the limitations of current one-

model-per-appliance deep learning architectures, especially for real-time applica-

tions. These architectures are highly flexible and modular, as disaggregating a new



166 CHAPTER 10. GENERAL CONCLUSIONS & FUTURE WORK

appliance only requires adding a new model or embedding. However, because they

process one appliance at a time, they neglect interactions between appliances. Com-

bining these methods with O2RE-style event-based, state-based modeling would

enable the inclusion of multi-appliance state dependencies, temporal correlations,

and operational priors. This hybrid approach would retain the interpretability and

structured temporal modeling of traditional techniques while exploiting the flexibil-

ity and accuracy of deep learning. Future work could explore the extension of these

approaches to industrial settings, where efficient management of high-consumption

machinery is essential for achieving significant energy and cost savings.

10.2.2 PV diagnostic

Regarding PV diagnostic, future research should focus on exploiting the

richer information content of D-SDM parameters compared to the standard SDM.

The D-SDM can yield additional diagnostic indicators such as the number of

shaded cells, the voltage range where certain cells operate in reverse bias, and other

mismatch-related signatures. These parameters could serve as input features for a

classifier designed to automatically detect specific failures, including mismatching

issues, hot spots, and partial shading patterns. Leveraging this extra information

could transform the D-SDM into a powerful tool for automated PV fault detection.

Other interesting future research could focus on testing the D-SDM method

with different PV cell technologies, such as half-cut cells, bifacial modules, and thin-

film panels, to better understand its limitations and applicability across designs.

Such an evaluation would reveal how structural differences, interconnection layouts,

and intrinsic electrical characteristics affect parameter estimation accuracy. Field

trials on varied PV configurations and operating conditions would be essential to

validate the method’s generalizability and ensure that the diagnostic capabilities

remain consistent across technologies.

10.2.3 Integration of NILM, PV Diagnostics, and EMS

The information provided by NILM and PV Diagnostic can be integrated

into the EMS. Future research should focus on this integration to jointly address

the demand side and supply side of residential energy systems. NILM can provide

high-resolution appliance-level consumption data that enhances load forecasting,
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while PV diagnostics can deliver accurate generation profiles and system health in-

dicators. Combining these capabilities would enable the EMS to perform AI-driven

energy insights, such as identifying optimal load-shifting opportunities, detecting

inefficiencies, and recommending behavioral or operational adjustments to improve

energy efficiency.

This integration can also enhance the optimization of energy flow within the

building, targeting one or more objective functions such as cost reduction, maxi-

mization of self-consumption, minimization of carbon footprint, or extension of sys-

tem longevity. Future research in additional applications could include predictive

demand-response participation, self-consumption forecasting, and proactive main-

tenance scheduling based on both load and generation conditions. Long-term field

studies in varied residential contexts should be conducted to validate the interoper-

ability of NILM and PV diagnostic modules within the EMS, evaluate scalability to

multi-building or community-level deployments, and quantify the impact on energy

efficiency, operational reliability, and sustainability outcomes.
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