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Abstract

The current growth of photovoltaic (PV) systems demands advanced
diagnostic tools and simulation models to ensure long-term reliability. However,
most existing approaches focus exclusively on either the static or the dynamic
domain, limiting their ability to fully characterize system behavior. For instance, the
single diode model (SDM), the most widely adopted, effectively captures steady-state
characteristics, but it fails to represent the dynamic frequency-dependent behavior
required for modern applications. This limitation reduces its applicability in the
design and simulation of power electronic converters, where modeling the dynamic
interaction between the PV source and the interfacing circuitry is necessary, not

only for system-level assessment but also for robust diagnostic analysis.

Dynamic analysis is particularly valuable, as it reveals degradation
mechanisms and operational faults in PV arrays and their associated energy
storage systems, phenomena that are most evident in the frequency domain.
Techniques such as Impedance Spectroscopy (IS) have grown indispensable for
battery diagnostics and are gaining recognition as useful tools for PV system
assessment. However, the lack of a model that can capture both static and
dynamic behaviors limits the development of these diagnostic techniques. Modeling
frameworks that incorporate both responses are necessary to close this gap and
provide a more thorough assessment of PV system performance in real-world

operating scenarios.

This thesis addresses the outlined limitations through two interconnected
contributions. First, it introduces a self-adapting PV model that unifies static and
dynamic behavior within a single, simulation-compatible framework. The proposed
enhanced SDM can reproduce both the frequency-dependent impedance spectra
and the steady-state properties at the same time by integrating the semi-empirical
Berkeley diode formulation into the traditional SDM structure. To support this
model, a robust parameter identification procedure was developed, allowing the
extraction of all required parameters from a minimal set of electrical measurements.
Experimental validation under diverse operating conditions, including partial
shading, demonstrated the model’s ability to accurately predict complex phenomena
without the need for recalibration.



This work’s second contribution is the analysis of using power electronic
converters as a component of an embedded system for online diagnostics. In this
context, estimation of the state of health (SoH) ensures grid stability and system
resilience. To provide diagnostics for energy storage systems, the investigation
phase was carried out in cooperation with Bitron S.p.A. and involved only minor
modifications to an existing power converter. The viability of reusing commercial
power converters was demonstrated at this phase by the successful implementation
of Electrochemical Impedance Spectroscopy (EIS) for batteries with values ranging
from 100 mHz to 100 Hz. The impedance spectra (IS) of PV panels, however, usually
range from 10 Hz to 10 kHz, according to an extensive experimental campaign. This
implies that power converters are necessary to employ IS approaches on the PV

side.

To address this requirement, a research stage at Universidad Rey Juan Carlos
in Spain was carried out to build on a synchronous interleaved power converter for
IS-based PV diagnostics. The Enhanced SDM was used to design and test this
power converter. The converter topology and control technique were refined using
detailed simulations to provide sinusoidal excitation signals for accurate IS stimuli.
Diagnostics were included in the converter’s control board for in situ measurements.
Together, these contributions provide an experimentally validated framework,
integrating a unified PV model with dedicated power electronics, to enable robust

online diagnostics for photovoltaic systems.
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Introduction

1.1 The Growth of Photovoltaic Energy

The global energy landscape is experiencing a significant transformation.
A collective necessity to address climate change and secure energy independence
encourages this shift [1]. Solar photovoltaic (PV) technology is indispensable to
this process. In recent years, PV has moved from a minor energy source to an
essential component of power generation strategies worldwide [2]. By the end of
2023, global PV capacity reached an estimated 1.6 TW. Projections indicate this
rapid expansion will continue [3]. This growth is not a gradual increase; it is a
fundamental restructuring of our energy systems. A main reason has been the
significant reduction in PV module costs. Prices have fallen by over 90% in the
last decade, making solar power the most economical source of electricity in many
parts of the world [4]. This affordability, combined with its versatile deployment
from residential rooftops to utility-scale plants, has established PV as a primary
technology in the energy transition [5].

The expansion of PV is strongly linked to the rise of battery energy storage
systems. Solar generation is intermittent. Storage is therefore necessary to ensure
a stable and reliable electricity supply [6]. Lithium-ion Batteries (LIBs) lead this
sector, and their installed capacity has grown in parallel with solar. The integration
of PV and storage enables the use of solar energy after sunset, enhances grid stability,
and supports a higher penetration of renewables [7]. The synergy between PV and
storage is transforming the operation and performance of modern power grids [8].

This large-scale deployment, however, presents a substantial challenge:
ensuring the long-term reliability and operational efficiency of these assets. The
financial return of a PV installation depends directly on its ability to generate energy
consistently over its 25- to 30-year lifespan [9]. Any losses from degradation, faults,
or suboptimal performance reduce financial returns and compromise clean energy
goals [10,11].

3
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Issues like partial shading, soiling, and aging can decrease the annual energy
vield of PV modules by 5% to 25% [12]. The development of advanced diagnostic
methods and predictive simulation models has thus become a critical necessity for

safeguarding PV investments and maximizing their value.

1.2 From Battery Diagnostics to PV Innovation

The research in this thesis originated in the energy storage sector, initially
focusing on the characterization of second-life batteries. The integration of
second-life batteries with PV panels, along with the utilization of already
implemented energy management systems that include Direct Current (DC)/DC
converters, presents a complete approach to energy harvesting, storage, and
consumption. This integrated scheme can improve the solar energy landscape by
addressing the intermittent nature of solar power and making it more dependable
and sustainable. Second-life batteries, retired Electric Vehicle (EV) batteries with
significant energy storage capacity, offer a sustainable solution to address the
intermittency of solar power generation [13].

These batteries can store surplus energy generated during the day, ensuring
a consistent energy supply during nighttime or cloudy periods. Furthermore, the
repurposing of second-life batteries extends their usable life, reducing waste and
promoting sustainability [7].

The starting research goal was to develop online diagnostic techniques to assess
battery State-of-Health (SoH) without interrupting normal operation. The chosen
method was Electrochemical Impedance Spectroscopy (EIS), a powerful and proven
technique for analyzing the internal state of electrochemical devices [14,15]. The
innovation from this early work, conducted at the R&D center of Bitron S.p.A.
in Salerno, Italy, involved using the system’s power electronic converter as the
diagnostic tool. A commercial Dual Active Bridge (DAB) converter, designed for
battery charging, was successfully repurposed to perform in situ EIS on Lithium
Iron Phosphate (LiFePO,) (LFP) battery packs. These experiments provided
proof-of-concept for integrating advanced diagnostics into existing power conversion
hardware, establishing a starting point for online, low-cost characterization.

This success naturally encouraged the application of the same principles to PV
panels. The literature suggests that impedance-based diagnostics are equally suited
for PV devices [16], whose electrical characteristics provide valuable information on
performance, degradation, and operating conditions [17]. To exploit this potential, a
dedicated hardware platform was developed, featuring a power converter optimized

for performing online Impedance Spectroscopy (IS) on PV panels.
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However, the design and simulation of this specialized converter in Simulation
Program with Integrated Circuit Emphasis (SPICE) revealed a significant obstacle.
Simulating the dynamic interaction between the PV panel and the converter’s
high-frequency switching required a predictive PV model that did not exist. The
traditional Single Diode Model (SDM) is static. It can only describe a panel’s DC
characteristics under fixed conditions.

It cannot represent transient responses, the effects of high-frequency switching,
or the impedance spectrum without constant re-parameterization. Other dynamic
models also proved inadequate, as they often lack an integrated current source,
a component essential for representing the photovoltaic effect. This makes them
unsuitable for predictive simulations of power conversion systems. The absence of a
unified model capable of representing both static and dynamic behaviors became the
most significant challenge of the project. This gap in the modeling, once identified,
defined the first objective of this thesis research: to develop and validate a new,
self-adapting PV model that addresses this limitation [18].

The research work will then be guided by the following questions:

1. Can a photovoltaic device be modeled to predict both its static current-voltage
(I-V) characteristic and its dynamic impedance response across varying
irradiance and bias conditions using a single, invariant set of physically based

parameters?

2. Can standard power electronic converters be effectively designed or adapted
for online diagnostic tools, performing IS on PV panels and battery systems

without disrupting their primary power conversion operation?

1.3 Problem Statement

The SDM is the most widely adopted equivalent circuit for modeling PV
devices [19]. It provides an accurate representation of the steady-state I-V curve
under fixed irradiance and temperature conditions. Its formulation, however,
contains no dynamic elements. It is therefore incapable of representing the physical
phenomena of charge storage, carrier transport, or the frequency-dependent behavior
of the P-N Junction (P-N) junction. Consequently, the SDM cannot simulate
transient effects, the interaction with power converters, or the frequency impedance
response, making it impractical for dynamic system analysis.

To address this, two main approaches appear in the literature. The first
combines the static SDM with empirical components, such as RLC networks, to
fit a measured impedance spectrum [20]. The second focuses exclusively on the
dynamic response, using elements like Constant Phase Elements (CPEs) and passive
networks to model the impedance, while ignoring the static I-V behavior [21].
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Both strategies can describe the dynamic response at a specific operating point.
Yet, they are descriptive, not predictive. Their parameters are empirical fits, not
representations of the device’s semiconductor physics. As a result, the models must
be re-parameterized every time the irradiance, temperature, or bias point changes.
This need for recalibration makes them impractical for simulations that must span
a wide range of operating conditions.

Therefore, accurate photovoltaic modeling faces a straightforward challenge.
A single, unified framework capable of representing the steady-state, transient, and
frequency-dependent behavior of a PV device from a consistent set of physical
parameters. The development of such a model is motivated by the need for a
predictive tool that remains robust across variable operating conditions. A model
with these attributes, once characterized, could enable advanced diagnostics by
functioning as a digital twin, enhance the performance of Maximum Power Point
Tracking (MPPT) algorithms through predictive control, and integrate into standard
circuit simulation environments, like SPICE for the design and analysis of power
electronic converters.

This thesis focuses primarily on monocrystalline Silicon (c-Si) photovoltaic
devices. While the SDM is applicable to other mature technologies like CIGS or
thin-film silicon, emerging technologies such as perovskite solar cells often exhibit
hysteresis and capacitive effects [22] that may require more complex modeling

frameworks beyond the scope of this work.

1.4 Thesis Contribution

To address the identified research gap, this thesis develops two mutually
reinforcing contributions.

The first contribution is the identification and validation of a unified,
self-adapting, SPICE-compatible PV model. This was achieved by incorporating
the physics-based, semi-empirical Berkeley diode model into the conventional SDM
structure. A novel parameter identification procedure was developed to support this
framework. The method extracts the model’s parameters by co-fitting its response
to both experimental I-V characteristics and IS data.

The result is a predictive model that, once calibrated, accurately reproduces
the static I-V curve, transient dynamics, and impedance spectra of a PV device
across a wide range of operating conditions without recalibration. Moreover, the
calibrated model can be scaled to represent arbitrary PV array configurations.

The second contribution is a design guideline for developing power converters
that embed onboard diagnostic functionalities. Two different converters were used
to create a hardware platform. This architecture serves both to test the model
introduced in the first contribution and to demonstrate its practical application.
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Modern renewable energy systems, such as the PV-based grid-connected
architecture shown in Figure 1.1, consist of power converters interfacing components
like PV panels, battery storage, and the grid through a common DC bus [23].

This thesis details the adaptation of two of these components, a commercial
DAB converter for battery diagnostics and the design of a custom power converter
for PV harvesting and diagnosis.

IBC Prototype

Enhanced DC/DC DC Bus
SDM

! ”tﬁl)lg?”‘id DC/AC Grid
Converter
| m—
77 / Sinusoidal
= Inverter 1
atter —1 /IPual
07“196 — ctive
LiFePo4 Bmdge
Bitron’s DAB
777

Figure 1.1: Simplified topology of a renewable energy grid system including photovoltaics,

storage, grid connection, and loads.

The structure of this thesis is organized to mirror the principal components
of a modern PV-based grid system, shown in Figure 1.1, with each chapter detailing
a core contribution that has been disseminated through peer-reviewed publications.

Chapter 2 provides a comprehensive review of the literature across the
three interconnected fields central to this thesis. The review begins with an analysis
of battery diagnostic techniques, with a particular focus on their application to
second-life batteries. Subsequently, the chapter examines the latest diagnostic
methods for photovoltaic systems. This section includes a survey of the most
prevalent equivalent circuits for PV modeling and discusses the state of the art in
diagnostic techniques. The chapter concludes with an overview of online diagnostic
strategies, exploring how these methods are implemented in contemporary research

to enable real-time system monitoring and fault detection.

Chapter 3 details the primary theoretical contribution of this thesis: the
Enhanced Single-Diode Model.  This physics-based framework is designed to
overcome the limitations of conventional models by unifying the representation of
both steady-state and dynamic photovoltaic behavior.
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The model’s development, theoretical foundation, and parameter
identification procedure are based on the work presented in "Dynamic Photovoltaic
Modeling for Circuit-Emphasis Simulation” [18], a journal article currently under
review. Its principal advantage is the ability to simulate both the DC characteristics
and the Alternating Current (AC) impedance of a PV device using a single,

consistent set of parameters.

The developed model is then tested in Chapter 4. This chapter is dedicated
to the rigorous validation of the proposed SDM. The model’s predictive capability
is assessed by methodically comparing simulation results with experimental data
obtained under diverse operating conditions. The findings from this validation,
with a specific focus on detecting partial shading, were published in the journal
article "Ezperimental Assessment of Partial Shading Detection in PV Panels Using
Impedance Spectroscopy” [24].

Chapter 5 presents the hardware architectures developed for experimental
validation. Tt details the design of a custom Interleaved Boost Converter (IBC)
that functions as both the primary power interface for the PV array and as
an integrated instrument for performing in-situ diagnostics. This chapter is
structured in two parts. The first section examines the adaptation of a commercial
DAB converter, reconfigured for battery analysis and state-of-health monitoring.
The second section introduces a custom-designed IBC capable of performing
maximum power point tracking alongside real-time diagnostic functions for the
PV string. This dual-purpose design approach, treating the static converter
as both a power processing stage and a diagnostic tool, was presented in two
international conference papers.  The simulation framework was introduced
in “Multiphase Interleaved DC-DC Converters for Impedance Spectroscopy in
Photovoltaic Diagnostics:  Findings from SPICE Simulations” [25], while the
complete hardware implementation was detailed in “Design of a Multiphase DC-DC
Converter for Online PV Panel Characterization” [26].

Chapter 6 summarizes the principal contributions of this thesis, highlighting
the development, validation, and experimental implementation of the Enhanced
SDM. In addition, it outlines prospective research directions targeted at improving
model accuracy, extending applicability to emerging PV technologies, and enabling
real-time diagnostic capabilities.



Background and Literature Review

The diagnostic method central to this chapter is Impedance Spectroscopy.
While IS is the general term, the literature often uses a more specific name depending
on the system under study. When applied to batteries, fuel cells, or corrosion studies,
it is commonly referred to as EIS. This highlights the electrochemical nature of
the processes being investigated. In contrast, for semiconductor devices, where the
analysis focuses on charge transport and capacitive effects within a P-N junction,
the broader term IS is typically retained. This thesis will adhere to this convention,
using EIS in the context of battery diagnostics and IS for photovoltaic systems.

2.1 Diagnostic Techniques for Battery Systems

EIS is a multidisciplinary technique that integrates electrical theory,
mathematics, and electrochemistry to provide kinetic and physical information
about electrochemical systems. It finds extensive application in corrosion science,
semiconductor research (mainly photovoltaic cells), and development of modern
electrochemical devices, including fuel cells, lithium-ion batteries, and biosensors. A
useful feature of EIS is its capacity to model complex electrochemical systems using
equivalent electrical circuits, which provide an intuitive structure for interpreting
the data [27]. The transformation of raw impedance data into a representative
circuit model depends on the relationship between the real and imaginary parts of
the impedance. For this transformation to be physically valid, four criteria must
be satisfied: linearity, causality, stability, and finiteness [28]. Linearity requires the
system to respond at the same frequency as the input signal; this is typically achieved
by using small-amplitude perturbations. Causality ensures the system’s response is
a direct result of the applied stimulus. Stability implies that the system returns
to its original state after the perturbation is removed. Finiteness demands that
the impedance remain bounded across the frequency spectrum. Adherence to these
principles is necessary for acquiring high-quality data.

13
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A primary strength of EIS is its ability to distinguish between overlapping
electrochemical processes. It separates them based on their characteristic time
constants, which manifest as distinct features at different frequencies in the
impedance spectrum [29]. This capability makes EIS a powerful, nondestructive
technique for characterizing battery systems. By applying a small-amplitude AC
signal across a range of frequencies, a detailed impedance spectrum is generated.
This spectrum serves as an electrochemical fingerprint, revealing information on
material properties, interfacial phenomena, and kinetic processes within the battery.
Unlike direct DC methods that measure a single resistance value, EIS provides a
complete insight into the battery’s internal state, allowing for the monitoring of

degradation, diagnosis of faults, and estimation of state of health.

2.1.1 Equivalent Circuit Models for Batteries

To translate complex impedance spectra into practical, quantifiable
parameters, researchers use Equivalent Circuit Models (ECMs). These models
combine ideal electrical components such as resistors, capacitors, and specialized
elements to simulate a battery’s electrochemical behavior. The most fundamental of
these is the modified Randles circuit. It is widely used because its components link
directly to primary electrochemical processes [30].

The modified Randles circuit, shown in Figure 2.1, effectively models the
battery’s complex internal environment. Data from an EIS measurement is typically
visualized in a Nyquist plot [27]. In this plot, the ohmic resistance (R,,) represents
the combined ionic and electronic resistance. An increase in this value often signals
degradation, such as electrolyte depletion or corrosion [31]. The electrochemical
reaction at the electrode-electrolyte interface is modeled by a parallel combination
of the double-layer capacitance (Cy) and the charge-transfer resistance (R).
The latter corresponds to the diameter of the semicircle in the Nyquist plot and
is a sensitive indicator of reaction kinetics, which are affected by temperature,
State-of-Charge (SoC), and electrode surface degradation [32]. At low frequencies,
the battery’s behavior is dominated by mass transport limitations. This is modeled
by the Warburg impedance (Z,,), which appears as a 45-degree line and becomes
more prominent as the battery ages [27].

By tracking the evolution of these parameters, EIS allows for precise
monitoring of a battery’s SoH, SoC, internal temperature, and the detection of
faults like lithium plating [33]. Aging typically manifests as an increase in series
resistance and distinct changes in the impedance spectra [34]. Certain parameters,
like ohmic resistance, are highly sensitive to aging, making them valuable for

predictive maintenance [35].
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R, R, + Ry —20% - Cy R, + Ry

Figure 2.1: The modified Randles circuit, a widely used ECM for batteries, along with its

corresponding impedance Nyquist plot.

2.1.2 Online and On-Board Electro-Impedance Spectroscopy

Traditional EIS is a laboratory technique. It requires specialized, expensive
equipment and demands that the battery be disconnected from its operational
environment for testing [36]. This makes it impractical for real-world applications
like EVs or grid-scale storage, where continuous, real-time monitoring is essential [37].
This limitation has driven research into online and onboard EIS techniques capable
of performing diagnostics during operation. The goal is to integrate these capabilities
into the Battery Management System (BMS).

The transition of EIS from the laboratory to an on-board tool focuses on
overcoming challenges of cost, size, speed, and the noisy electrical environment
of operational systems. Recent years have seen significant advances. Hardware
integration strategies now embed EIS functionality directly into the BMS. Advanced
signal processing techniques have reduced measurement time. And innovative
solutions have been developed to mitigate electrical noise [30]. These advances are
bringing onboard EIS to a commercial reality. Automotive supplier Marelli, for
instance, has announced a BMS platform with integrated EIS, scheduled for release
in 2025 [14]. STMicroelectronics is actively marketing chipsets featuring EIS-based
diagnostics as a core capability [38]. For smaller applications, off-the-shelf solutions
like Analog Devices’ impedance converter chip are enabling the development of
portable, low-cost measurement systems [39)].

A cutting-edge approach involves integrating EIS into the system’s existing
power electronics. This method avoids additional hardware and enables simple
monitoring [40]. Power converters, such as those in EV chargers, can be used to
inject the necessary perturbation signals [33,41]. To overcome the time constraints
of traditional frequency sweeps, advanced techniques like multisine excitation and
Pseudo-Random Binary Sequences (PRBS) can acquire a full impedance spectrum
in a fraction of the time, making real-time monitoring feasible [28,42].
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The successful development of onboard EIS hardware creates a new challenge:
interpreting the large, continuous stream of complex impedance data in real time.
The raw spectrum is not directly useful for a resource-constrained BMS. Current
research, therefore, focuses on advanced data analytics, combining model-based
approaches with data-driven methods, such as physics-informed machine learning, to
accurately estimate SoH and SoC [43] especially with the inclusion of edge-computing

solutions.

2.1.3 Comparative Analysis of Online Diagnostic Methods

While EIS provides comprehensive electrochemical information, it is one of
several advanced online diagnostic techniques. Others, such as Ultrasonic Analysis
(UA), Fiber Optic Sensing (FOS), and Differential Voltage Analysis (DVA), offer
alternative insights into a battery’s state. Table 2.1 presents a comparative overview.
A significant advantage of EIS is its commercial maturity. With automotive suppliers
developing market-ready on-board BMS solutions, it stands as the most promising
technique for widespread deployment.

Table 2.1: EIS in Context: A Comparison with Alternative Online Diagnostic Methods

Method  Working Principle Information Provided On-board Feasibility Commercial Maturity
Moderate. Requires signal
. Measures impedance response SoH, SoC, kinetics, diffusion, A q ) & :
EIS [30] . ) . generation/processing. Can High
to a small AC perturbation. Li plating, temperature. K
reuse power electronics.
. : " Challenging. Requires
Tracks changes in acoustic SoC, mechanical changes .
UA [44] 2 s s . 6§ acoustic transducers and Low
wave propagation time/amplitude. (swelling), gas generation. )
good cell coupling.
Low (Intrusive). Requires
Measures shifts in reflected light Internal temperature, strain, -
FOS [45] sensors to be integrated Very Low
wavelength from embedded fibers.  pressure. 5 !
during cell manufacturing.
Anal ks in the dV/dQ) Solf. d ai a Moderate. Uses existing data
nalyzes peaks in the oI, degradation modes
DVA [46] Y v 5 . o8 i ) but is computationally heavy —Moderate
vs. Q curve during cycling. (e.g-, loss of active material). : £

and slow (requires cycling).

The success and maturity of EIS as an online diagnostics in battery systems
provides the initial encouragement for applying similar impedance-based techniques
to PV panels.
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2.2 Diagnostic Techniques for Photovoltaic

Systems

The characterization of PV systems is a field of continuous investigation,
with extensive research dedicated to developing advanced models and diagnostic
techniques. These methods are essential for assessing the performance, safety, and
long-term reliability of PV installations [47]. Diagnostics for PV systems currently
rely on two primary approaches: the analysis of electrical characteristics and
image-based inspections [48]. Electrical methods provide quantitative performance
data, whereas imaging techniques offer spatial information about physical defects.

2.2.1 Electric Circuit Models for Photovoltaics

To interpret the electrical behavior of PV devices, ECMs are employed,
analogous to their use in battery analysis. These models are separated based on the
distinction between static and dynamic behavior. The static, or DC, response of a PV
module is captured by its I-V curve, which provides a direct assessment of electrical
performance. Deviations from the expected curve shape can indicate problems such
as degradation or short circuits [49]. On the other hand, the dynamic behavior
requires more complex models. The frequency-dependent response is characterized
using ECMs that combine resistors, capacitors, and specialized elements like the
CPE. These components represent the physical phenomena within the PV cell’s p-n
junction. A common circuit for modeling this dynamic response, alongside with its
expected response, is shown in Figure 2.2.

R, R; + R,

Figure 2.2: A R - R||CPE network, a common ECM for modeling the dynamic behavior of
PV cells.
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Impedance Spectroscopy

For PV systems, the internal processes are basically governed by physical
phenomena rather than chemical reactions. Consequently, the technique commonly
known as Electrochemical Impedance Spectroscopy (EIS) is referred to as Impedance
Spectroscopy (IS) in this context. IS has become a powerful tool for analyzing
the dynamic response of PV devices, offering information that conventional I-V
characterization methods cannot capture. By measuring the frequency-dependent
electrical impedance of a device, IS reveals critical information about its internal
charge transport and recombination dynamics [50].  Originally developed for
electrochemical systems, this technique has been adapted successfully for PV
applications [51].

Unlike static I-V measurements, IS can differentiate between distinct physical
phenomena by probing the system’s response across a frequency spectrum. It
is highly sensitive to changes in parameters that govern dynamic behavior, such
as junction capacitance and recombination resistance [52]. These parameters are
directly affected by degradation, faults, and mismatch conditions [53]. A significant
advantage of IS is its suitability for online application. Measurements can be
performed while the PV system operates near its Maximum Power Point (MPP),
thus avoiding the power losses associated with tracing an entire I-V curve [17].

The potential of IS for practical, on-field diagnostics is noteworthy. The
technique can be integrated into a system’s power electronics, using the converter to
generate the AC stimulus and measure the response. Some commercial instruments
have already begun to include basic frequency-response analysis, demonstrating
the value of this approach [54]. IS is therefore an innovative, non-invasive, and
cost-effective method for ensuring the long-term reliability of PV systems. A

comparison of the diagnostic techniques discussed is presented in Table 2.2.

2.2.2 Imaging Techniques for Photovoltaics

Imaging techniques offer spatial information about faults and defects.
Methods such as Infrared Thermography (IR), Electroluminescence (EL),
Photoluminescence (PL), and visible-spectrum photography are used to visualize
issues like hotspots, microcracks, and soiling [55]. Each technique provides different
information about the module’s condition.

IR thermography detects temperature variations on the module surface. Since
electrical faults often manifest as thermal anomalies, this method is effective for
identifying hotspots caused by short-circuited cells or defective bypass diodes. A
primary benefit of IR is that it can be performed during normal operation under
sunlight. However, its accuracy is susceptible to factors such as wind speed and cloud

cover, which can influence the thermal signature and complicate interpretation.
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Luminescence-based imaging, including EL and PL, provides a high-resolution
map of cell activity. In EL, an external current is applied to the module, causing
it to emit near-infrared light in a process inverse to PV generation. Dark or
dim areas in the resulting image correspond to inactive regions, cracks, or faulty
electrical contacts. PL operates by exciting the module with an external light source
and capturing the resulting radiative recombination. It is particularly sensitive to
material quality and defects that reduce carrier lifetime. Together, these methods
are particularly effective at detecting microcracks and other cell-level defects that
are often invisible to IR thermography.

Despite providing detailed spatial information, these methods present
significant operational challenges. EL imaging must be performed in low-light
conditions, often necessitating nighttime work, because the emitted luminescence
is weak [56]. Traditionally, PL suffered from the same drawback, even though
recent advances allow for daylight measurement [57]. Furthermore, these imaging
techniques depend on specialized equipment, including thermal cameras, filtered
lenses, and Unmanned Aerial Vehicles (UAVs) for large-scale inspections [58]. A
frequent drawback of these methods is their reliance on complex post-processing,
which often involves computationally demanding machine learning models to
diagnose faults [59]. These requirements increase both the cost and the complexity
of the diagnostic process. Table 2.2 presents a comparison of the diagnostic methods
discussed, including those based on ECM models.
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2.3 Photovoltaic System Modeling

This section studies the state-of-the-art of PV system modeling. Conventional
models focus on the I-V characteristic. This provides a steady-state snapshot.
To capture the complete electrical behavior, however, a dynamic view is required.
Learning from the effectiveness of frequency-domain analysis in battery systems, this
research adapts the ECM framework to PV characterization. By using IS, we can
probe the internal dynamic processes of the solar cell, which are invisible to static
measurements. The following subsections detail current modeling approaches and

make a case for a unified model.

2.3.1 Static Circuit Models

The SDM typical uses five undetermined parameters, governed by the
Equation 2.1.

Vpv+Ipv-Rs .
o 1) — M_ (2.1)

Ipy = Ipn — 1o - (8 Ve Ran

The five parameters are the photo-generated current (Ipp), the reverse
saturation current (lp), the ideality factor (n), the series resistance (Rs), and the
shunt resistance (Rg;,). The Double Diode Model (DDM), for example, extends
the SDM by introducing two additional parameters: the second reverse saturation
current and the second ideality factor, resulting in a total of seven parameters [60,62].
Higher-complexity models like the Triple Diode Model (TDM) provide even more
detail, accounting for recombination losses in the depletion region [62].

The formulation of these models results in implicit, transcendental equations.
Identifying the parameters is a much greater task than the modeling itself.
Accurately extracting these parameters is a complex optimization problem due to
its non-linear and multi-modal nature. Many techniques exist, from analytical and
numerical to meta-heuristic and hybrid methods [63]. These methods, however,
face limitations. First, analytical or purely numerical methods are often very
sensitive to the initial values provided, and convergence is not guaranteed. Second,
meta-heuristic optimization algorithms, while robust, often find a mathematically
optimal fit without ensuring the resulting parameters have physical meaning. This
is because the PV model parameters compensate for each other during optimization.

Recent work focuses on developing deterministic methods that ensure the
extracted parameters are both accurate and physically meaningful [64]. Despite
these efforts, all of these static models lack the ability to simultaneously represent

the time-domain and frequency-dependent behavior of the PV junction.
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2.3.2 Dynamic Modeling

Dynamic characteristics are essential when PV modules experience transients
or interact with switching converters. These characteristics include intrinsic
capacitance [52] and parasitic inductance [65]. The dynamic behavior of the PV
junction is needed to accurately simulate faults, hot spots, and interactions with
power electronics [66].

To capture these characteristics, dynamic models add more components, as
shown by the schematics presented in Table 2.3. These dynamic models often using IS
or time-domain experimental data to characterize the system. One approach is to add
capacitance networks (C, RC networks) [65,67]. PV devices have nonlinear parallel
capacitance, typically modeled as the sum of junction and diffusion capacitance
components. This capacitance has a nonlinear dependence on both voltage and
current. Another approach is to use a CPE. The use of the CPE is common because IS
spectra do not always show a perfect semicircle. This suggests non-ideal capacitances
caused by material frequency-dependent differences [17,68].

These elements are included in IS-focused models. For instance, fitting a
dynamic CPE model to IS measurements can detect degradation, which causes a
horizontal shift in the impedance spectra that mainly affects the series resistance
component. Dynamic models using IS have been shown to be better at approximating
the series resistance variation than the classic static SDM across various irradiance
levels [61].

However, a major problem remains. Traditional dynamic models, especially
those using empirical components like RLC networks or CPEs, need to be
re-parameterized whenever operating conditions change. The parameters are tied

to a single operating point.

2.3.3 First Merging Attempts

The search for models that represent both static and dynamic behavior has
led to the combination of dynamic components into traditionally static formulations.
Examples include the Integral Order Dynamic PV Model (IOM) [20] and the more
recent Fractional Order Dynamic PV Models (FOM) [69, 70]. The FOM uses
fractional calculus, which provides a more accurate fit than IOM when describing
dynamic systems and transient responses. Although parameter estimation for these
models has been limited, some studies have shown the effectiveness of metaheuristic
optimization methods for parameter identification. Other approaches, such as
step-response analysis, try to capture dynamic behavior directly from time-domain
measurements [71]. Despite these advances, the complexity of such hybrid models
and their limited compatibility with standard simulation tools reduce their practical
use.
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All this models add mathematical complexity that makes them hard
to implement and potentially incompatible with standard circuit simulation
environments like SPICE. Approaches like the Dynamic Regressor Extension and
Mixing technique [66] are very advanced solutions to the complex problem of online
parameter estimation for dynamic SDM. However, solving this challenge often
requires specialized algorithms that differ from a standard, unified circuit-based
realization.

The major problem remains: a unified, self-adjusting physical model must
cover DC, transient, and AC behavior simultaneously. It should do this without
relying on complex, non-standard mathematical structures or requiring repeated
parameter extraction under changing operational conditions.

Table 2.3 summarizes a wide array of models used to characterize PV cells
and modules, broadly categorized according to their underlying principles and
target phenomena. Static ECMs form the foundation for describing steady-state
I-V characteristics under constant conditions. Building upon these, Dynamic
ECMs incorporate capacitive and inductive elements to simulate transient responses,
enabling the analysis of dynamic behavior. For more detailed diagnostics, IS
techniques evaluate the device’s frequency response to identify non-idealities and
assess cell SoH. Advanced dynamic and mathematical models further extend
these capabilities by employing sophisticated frameworks, such as data-driven
physics-informed neural networks and fractional calculus, to capture complex system
dynamics and memory effects beyond the scope of traditional circuit theory. A
central challenge across all model types is the accurate identification of parameters,
which has led to the development of diverse estimation techniques ranging from
direct analytical methods to iterative numerical solvers and advanced metaheuristic
optimization algorithms.
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2.3.4 Limitations of Conventional Photovoltaic Models

The SDM is the most widely adopted equivalent circuit for describing the
steady-state I-V characteristics of a PV cell under specific irradiance and temperature
conditions [74]. Its strength lies in its simplicity and scalability; its structure can
represent a single cell, a module, or a full array [75]. The model provides a reliable
description of DC performance and is sufficient for basic energy yield calculations
and simple MPPT algorithm design.

However, the SDM and its variants, like the DDM and TDM, are
fundamentally static. They do not account for the dynamic processes inherent to the
P-N junction, such as charge carrier transit times, diffusion capacitance, and junction
capacitance. These phenomena are critical for understanding the device’s response
to fast-changing conditions, such as rapid irradiance fluctuations or the small-signal
perturbations used in IS. Consequently, static models are inadequate for designing
high-frequency power converters or developing diagnostic techniques based on the
system’s impedance.

To address this, the literature proposes dynamic models, often based on
equivalent circuits that include capacitive elements derived from IS measurements.
While these models can accurately reproduce the impedance spectrum at a specific
operating point, they are empirical and lack generalizability. Their parameters are
not directly linked to the physical processes of the cell and must be re-identified
for every change in operating conditions (irradiance, temperature, or bias point).
This dependence on operating conditions makes them impractical for predictive

simulations in real-world scenarios where conditions are constantly changing.

2.4 Power Converters for Impedance Spectroscopy

The practical deployment of IS in PV systems requires moving beyond
conventional laboratory instrumentation toward embedded, field-ready solutions.
One promising approach involves integrating IS functionality directly into the
DC-DC power converters that regulate energy flow within PV installations. In
this configuration, the converter’s control system is used to superimpose small AC
perturbations onto the operating DC bias, thereby stimulating the PV module
without disrupting its power output. By analyzing the resulting voltage or
current responses, the system’s impedance profile can be extracted in situ, enabling
real-time diagnostic capabilities [76]. This technique transforms the power converter
from a passive energy harvesting unit into an active diagnostic platform, capable
of monitoring module health, detecting faults, and supporting advanced control
strategies. Such integration not only enhances system robustness but also opens new

opportunities for predictive maintenance and adaptive performance optimization.
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2.4.1 Excitation Methods and Converter Topologies

A challenge in online IS is achieving accurate measurements across a wide
frequency range without introducing excessive ripple. The AC perturbation can
be introduced through two main methods: modulating the main power converter’s
switching pattern or injecting the signal with a dedicated auxiliary circuit as shown
in Figure 2.3.

The first approach modulates the duty cycle, d(t), of the converter’s pulse
width modulation (PWM) signal, causing it to vary sinusoidally around a DC
setpoint [77]. Several converter topologies have been adapted for this purpose. A
comparative analysis in [78] concludes that boost configurations are particularly
suitable for MPPT algorithms in PV systems. The boost converter can measure
impedance up to 10 kHz [77]. The Cuk converter is another advantageous topology,
as its continuous input current allows for direct injection of sinusoidal stimuli without
large input filters. When combined with Gallium Nitride (GaN) technology, the Cuk
converter can perform characterization up to 50 kHz [79]. However, modulating the
primary converter’s duty cycle can be limited by its control bandwidth and may
cause undesirable fluctuations in the output.

To address these limitations, the second approach introduces a dedicated
auxiliary circuit for signal injection. This method decouples the diagnostic signal
from the main power control, enabling more precise control over the injected
signal while minimizing interference with the converter’s primary function. These
circuits typically consist of a small, linear amplifier or a switching circuit that
superimposes the AC perturbation onto the DC bus [80]. While this approach offers
superior measurement accuracy and bandwidth, it introduces additional hardware
that increases system cost and complexity. The design of the auxiliary stimulator
must also be carefully managed to avoid interfering with the stable operation of the
main power converter.

To accelerate measurement, both methods can benefit from using broadband
signals instead of slow, single-frequency sweeps, though this requires more advanced
control strategies [81]. A more recent, lower-cost alternative utilizes the naturally
occurring inductor current ripple as the excitation signal [82]. This simplifies the
hardware but is mainly effective under high-irradiance conditions where the ripple
is sufficient for measurement [83].

Given the objective of this thesis to develop a cost-effective solution for
module-level diagnostics, the approach of modulating the primary power converter
was selected. This method avoids the additional cost and complexity associated
with auxiliary injection circuits, making it more suitable for integration into already

existing PV systems.
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Figure 2.3: Comparison of online EIS excitation techniques. a) The perturbation is
generated by modulating the duty cycle of the primary power converter. b) A dedicated
auxiliary circuit is used to inject the AC signal, decoupling the measurement from the main

power processing path.

2.4.2 Data Interpretation and Field Diagnostics

Extracting useful diagnostic information from converter-based IS
measurements relies on fitting the data to an appropriate ECM. From a fitted
model, it is possible to extract health indicators with physical meaning. This
approach has proven particularly effective for diagnosing common field issues such
as partial shading [84]. The activation of a bypass diode, a clear electrical signature
of shading, appears as a distinct low-frequency arc in the Nyquist plot, enabling
reliable detection [85].

The success of these diagnostic methods has encouraged research into
diagnostically aware power electronics. Static converters designed to perform
these measurements efficiently. However, the development and virtual prototyping
of such systems face a significant obstacle, which is the lack of a robust PV
simulation model. The co-design of the converter hardware and its control algorithms
requires a model capable of unifying a panel’s static DC behavior, dynamic AC
impedance, and transient responses under varying operating conditions. As the
current literature indicates, a model that fulfills all these requirements with a single,
physically consistent parameter set has yet to be established, representing a barrier

to progressing the design of next-generation diagnostic hardware.
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2.5 Research Gap and Opportunity

The review of current literature reveals a clear gap in PV modeling. On
one side are physically based static models, for which robust parameter extraction
methods exist. These models, however, are static and must be re-parameterized
for every change in operating conditions. On the other side are dynamic models
based on IS. These models describe frequency-dependent behavior but are empirical,
small-signal, and tied to a single operating point. There is currently no recognized
model that provides a unified, self-adjusting approach for simulating both static
I-V characteristics and dynamic impedance response with a unique set of physically
relevant parameters.

The development of such a unified, physics-based PV model represents a
significant research opportunity. An ideal model should reliably predict both DC
performance and AC transient behavior under varying conditions, without requiring
parameter recalibration. Addressing this gap is the primary objective of this
thesis. We aim to develop an advanced, simulation-ready model compatible with
standard circuit simulators. This model will serve as a foundation for designing
next-generation power electronics, the second goal of this research, as well as enabling
sophisticated diagnostic systems and resilient control strategies for PV applications.



Methodology

3.1 The Single Diode Model: Static Behavior and

Limitations

To address the limitations of conventional static and dynamic models discussed
in Chapter 2, this section proposes an enhanced SDM. The standard SDM, shown in
Figure 3.1, provides a starting point scheme for the accurate modeling and simulation
of PV devices. The objective is to create a unified, physics-based framework
capable of simulating both the steady-state I-V characteristics and the dynamic
impedance response of a PV device from a single, invariant set of parameters. This
is achieved by replacing the ideal Shockley diode D of the standard SDM with the
semi-empirical Berkeley SPICE model, a widely accepted standard for semiconductor

device simulation.

R,
Vb X AN, Ipv
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|

o}

Figure 3.1: Standard five-parameter SDM equivalent circuit for PV cells.

The SDM shown in Figure 3.1 is defined by five parameters: a light-generated
current source, I pp, which scales proportionally with irradiance; a diode representing
the cell’s P-N junction, characterized by its saturation current Iy and ideality factor
7); a series resistance Ry accounting for contact and bulk resistive losses; and a shunt
resistance Ry, modeling leakage currents [86]. Applying Kirchhoff’s Current Law
(KCL) to this circuit produces the model’s characteristic Equation 3.1.

31
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Where the thermal voltage is defined as V; = kT/q where k is the Boltzmann
constant, T is the absolute temperature in kelvin, and ¢ is the elementary charge.
The Equation 3.1 accurately describes the nonlinear I-V relationship under fixed

operating conditions.

Vpy+Rg-I f
PV PV, 1) B Vpy + Rs - Ipy (3.1)

Ipy =Ipg — I (6‘ A R

The SDM is fundamentally static. It contains no reactive elements to account
for charge storage or carrier transport dynamics. This omission creates a critical
gap. The model cannot predict how a PV device will respond to rapid changes in
irradiance or in the load. It cannot simulate interactions with the high-frequency
switching of a power converter. It cannot reproduce a dynamic impedance spectrum.
These behaviors are essential for designing reliable power electronics and developing
advanced diagnostic systems.

Attempts to close this gap have followed two main paths. The first approach
combines the static SDM with empirical components, such as RLC networks, to fit
a measured impedance spectrum [20]. The second focuses entirely on the dynamic
response, using elements like CPEs to model impedance while ignoring the static
I-V behavior [17]. Both strategies can accurately describe the dynamic response at
a specific operating point. They are, however, descriptive, not predictive. Their
parameters are not derived from the device’s underlying semiconductor physics and
are valid only for the conditions under which they were identified.

As a result, these models must be re-parameterized every time the irradiance,
temperature, or bias point changes, respectively. This makes them unsuitable for
simulations that need to cover a wide range of conditions. A major challenge therefore
remains: to develop a unified PV model that integrates both static and dynamic
behavior within a single framework, remains accurate across varying conditions, and
is compatible with standard circuit simulators. The following sections describe how

such a model was formulated.

3.2 Extending the Model for Dynamic Simulation

To overcome the limitations of the static SDM, this work proposes an
enhanced model that incorporates dynamic elements derived from semiconductor
physics. The core of this enhancement is the replacement of the analytical Shockley
model with the semi-empirical Berkeley approximation, a standard in solid-state
device modeling [87]. This substitution provides a more accurate representation of
PV dynamics. Its parameters are directly tied to the underlying physical processes
of the P-N junction [88].
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This gives a physically grounded view of charge storage and transport, allowing
the model to simulate both steady-state and transient behavior with one unified set
of parameters. The complete circuit for the enhanced SDM is shown in Figure 3.2.
It builds on the standard structure but replaces the simple diode with the Berkeley
model’s more detailed equivalent circuit. This circuit also includes a parasitic series

inductance L, important for accurate high-frequency impedance modeling,.

L, iplt)

R
AN —T—>—

ipn(t) iR, (1)

: i
| ig,(t) ic,(t) ic (¢)
G1 (D : G, C, e, : § Rsh 1’pu (t)
5 ; :
: !

________________________

u]

Figure 3.2: Equivalent circuit of the Enhanced SDM, incorporating dynamic elements
described by the Berkeley semiconductor diode approximation. Components originating
from the SPICE diode model are highlighted.

The dynamic behavior of the P-N junction is captured by three

voltage-dependent components, all functions of the internal junction voltage, v;(t).

1. The differential conductance (Gg), described in Equation 3.2, is the slope
of the diode’s I-V curve at the operating point, representing its conductive

behavior under small-signal conditions.

Vi (8)
—_ LID — IO e WJ'Vt (32)
dVp V;(t) n-Vi

Ga(V;())

2. The diffusion capacitance (Cy), described in Equation 3.3, models the
charge storage of minority carriers injected into the neutral regions during
forward bias. It is proportional to the diode current and the minority carrier

transit time, 7.

_ _ dQuaiyy B o LY
Cuio) = gt | = rr e 3)
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3. The junction capacitance (C;), described in Equation 3.4, represents the
charge stored in the depletion region of the P-N junction. Its value depends
on the zero-bias junction capacitance (Cjg), the built-in potential (¢y;), the
grading exponent (m), and a forward-bias coefficient (Fz).

Cio (1—‘:2—5?)77” Vi < Fo - dpi
C;(V;(t) = (3.4)

(I,E‘%(l—Fc(erl)er‘;ﬁ—f) Vi > Fo - i

To make the model solvable and allow for parameter extraction, its behavior
must be evaluated under two conditions: steady-state (DC-sweep) and small-signal
(AC-analysis). These analyses provide the mathematical framework required for
fitting the model to experimental I-V and IS data.

3.2.1 Governing Equations in the Time Domain

The transient response of the circuit in Figure 3.2 is described by a set of
differential equations. Applying Kirchhoff’s Voltage Law (KVL) to the main loop
gives the terminal voltage v,, (¢) in Equation 3.5.

p(8) = 5(0) + 7+ i0(2) + o igul®) + Lo ipul?) (35

Applying KCL at the main node relates the photocurrent to the branch

currents, resulting in the terminal current i,,(t) in Equation 3.6.

ipo(t) = ipn(t) = ip(t) — iR, (1) (3.6)

The current through the dynamic diode branch, ip(t), is the sum of conductive

and capacitive currents, as represented in Equation 3.7.

. 2500 d
ip(t)=Io (e nVe — 1) + [Cal(v; (1)) + C;(v;(6))] (dtvj(t)) (3.7
Finally, the current through the shunt resistance, ig_, (t), is given by Ohm’s
law in Equation 3.8.

¢ o(t) + Rg - () + LoLi,(t
iRsh(t):U;(h)Z%()+ Z%(h)Jr i () (3.8)

This system of equations fully describes the model’s time-variant behavior.

Its nonlinear nature makes a direct analytical solution unfeasible and highlights
the need for a robust parameterization method. The physical parameters of the
Berkeley model are not provided by manufacturers, so a procedure to extract them
from experimental data is mandatory.
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To the best of the author’s knowledge, this work represents the first
documented attempt to calibrate the Berkeley model for accurately reproducing the
behavior of the P-N junction within the PV cell. Consequently, no prior literature

could be referenced for guidance in this specific modeling approach

3.2.2 Steady-State Operating Conditions

Under steady-state conditions, all time derivatives become zero. The
relationship between the DC terminal current I,, and voltage Vj, is then given
by Equation 3.9.

Vpu+Rs Ipy—ry-1
Yoot Roclpymrylp 1) Voo + Relpo (3.9)

Iy = Ipn — Io (e Vi R

This expression is the basis for fitting the model to a measured I-V curve.
Although the equation is implicit, the diode current I'p can be solved for analytically
using the Lambert W function, which provides a closed-form solution for equations

of the form x = a - e*, as shown in Equation 3.10.

e
Ti n-V

Once Ip is determined, the photo-generated current, I,n, can be found by

; Ty (VeutRs Ipytryl
Ip = kel - LambertW (7"7, 0, (5 0)) — 1y (3.10)

rearranging Equation 3.9 into Equation 3.11.

‘va + R, Ipv
Rsh

The internal junction voltage, Vj, essential for calculating dynamic

I;uh :]pv +ID+ (311)

parameters, is given by Equation 3.12.
Vi=Vpu —1i-Ip+ Rs - Ipy (3.12)

3.2.3 Small-Signal Response for Parameter Identification

The model’'s frequency-domain response is the core of the parameter
identification methodology. The derivation of the small-signal impedance model
serves the purpose of extracting the Berkeley diode’s dynamic parameters from
experimental data. To analyze the model’s dynamic behavior, we use small-signal
linearization around a fixed DC operating point. This technique isolates the
circuit’s AC response, allowing the nonlinear elements to be represented by a
linear equivalent circuit. The diode’s dynamic response is modeled by the parallel
combination of the differential conductance G4, diffusion capacitance Cy, and

junction capacitance Cj, all in series with the internal resistance r; [88].
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The total small-signal impedance, Zr, observed at the terminals, is then given
by Equation 3.13.

Ry (riGaZc(jw) + i + Zo(jw))

Z 7 = Z ]
(jw) = Rs + Zr(jw) + (Rsp, +1;) GaZc(jw) + Rep, + 13 + Ze(jw)

(3.13)

where the frequency-dependent impedances are defined as Z¢(jw) = [jw(C; +
Cy)]7! and Zp(jw) = jwL,. The parameters Rs, Rsn, 7i, Ga, Cj, Ca, and L
are considered to be frequency-independent constants at a given operating point.
This frequency domain model provides the analytical link between the enhanced
SDM and experimental IS measurements. Its function within our methodology is
to enable the estimation of the physical parameters of the semi-empirical Berkeley

diode approximation by fitting Equation 3.13 to the measured impedance spectra.

3.3 Parameter Identification Methodology

The challenge in modeling PV devices is identifying the physical/chemical
parameters, which are often unknown to the manufacturer. To overcome this, a new
co-fitting method is proposed. This approach simultaneously uses an experimental
I-V curve and a single IS spectrum to determine all the parameters that define the
model in Figure 3.2. The optimization process uses a Differential Evolution (DE)
algorithm, chosen for its robustness in handling complex, multi-dimensional search
spaces [89]. A weighted objective function is created to minimize the error across
both static and dynamic responses. The result of this method is a single, invariant
set of physics-based parameters. These parameters allow the model to self-adapt to

changes in bias and irradiance without needing recalibration.

3.3.1 Identification Procedure and Data Requirements

The experimental I-V curve and IS spectrum, measured at a single operating
point, are co-fitted using the equations from the preceding sections to obtain the

parameter vector P, shown in Equation 3.14.

P= {Iphal(hna RSaRsJu Ls,riaTT7Cj07 ¢bi7ma FC}T (314)

Parameter vector P contains twelve parameters. Five are from the
standard SDM (I, 1o, 7, Rs, Rsp)- Six are additional dynamic parameters
(ri, 71, Cj0, Pvi,m, Fc) from the semi-empirical Berkeley diode model. The final
parameter, L, accounts for parasitic inductance. The saturation current (Iy) and
ideality factor (n) are shared between the static and dynamic parts of the model.
Other parameters, such as those for reverse breakdown and noise, were kept at their
default settings.
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Figure 3.3 illustrates the parameter identification methodology employed to
tune the proposed model. The experimental I-V curve, along with the corresponding
impedance spectra measured near the MPP, are used to fit simultaneously both the
static and dynamic equations, Equation 3.9 and Equation 3.13, respectively.

The innovation of this method is its ability to identify parameters representing
the intrinsic properties of the PV cell's P-N junction using only electrical
measurements. A significant feature is that the parameter vector P does not change
with operating conditions. Therefore, the model’s dynamic components (G4, Cg,
C;) automatically adjust to changes in bias or irradiance, as they are recalculated
using the Berkeley diode’s Equation 3.2, Equation 3.3, and Equation 3.4. This
allows a single identification procedure to create a self-adapting model that is valid

across a wide range of conditions.
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Figure 3.3: Proposed Methodology for the fitting of the impedance Z and the optimization

of the vector parameter P

While the physical parameters in vector P (such as Transit Time 77
and Zero-bias Junction Capacitance Cjo) remain constant, the model accounts
for environmental variations through internal scaling equations. For instance,
temperature dependence is governed by the standard SPICE formulations, where

the saturation current Iy scales as described by Equation 3.15.

XTE
n

e | g (1T )| @y

1o(T) = Io(Tuom) - (Tim) Vil 4

This ensures that while the fitted parameter set P is invariant, the simulation

dynamically adapts to operating conditions.
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3.3.2 Algorithmic Implementation for Parameter Extraction

The optimization procedure, described in Algorithm 1, finds the optimal
parameter vector P by minimizing the error between the modeled and experimental
data. At each generation of the evolutionary algorithm, the population of possible
solutions is evaluated by calculating a total weighted error. This fitness score then

guides the process toward an optimal parameter set.

Algorithm 1: Algorithm for Simultaneus I-V 4 IS Parameter Optimization
Data: IS: {Zy, € CVe, w € RN~}
Data: I-V: {Ix, € RM, Vi, € RV}
Result: Optimized parameter vector P*

// Initialize

[

Set population size p, max generations kpyax, weights wry, wrg >0,
termination objective-space tolerance ftol, termination window T

2 Initialize population randomly P(® = {P,}*_, from Eq. (3.14); Initialize

generation counter k<—0.

3 while not converged and k < ky,x do

// Static+dynamic (vectorized over P))

4 Compute Ip, Iyn, V; via Egs. (3.10), (3.11), (3.12); then Gg, Cy, C; via
Egs. (3.2), (3.3), (3.4).

// Model evals

5 | 2O « Zp(w; PY); via Bq. (3.13);

6 | I6) « Ly(Vexp; PM); via Eq. (3.9).

// Errors as vectors over population

7 Calculate fry, fig € R*;
N 5)\2
8 (F1v)s < 22520 (Ljexp — IJ(, )) ;
Lo~ 2N 4 (B — B
9 (fls)seZiiwl( = ) ( — , ) ;

kB

JEO @@y

// Fitness on P®)

10 F®) wry fry +wis fig;

// Stopping: objective-space tolerance (ftol)

11 If £ > 0and |[F® — FE=Y|| < ftol for T consecutive generations, set
converged < true.

// Evolutionary step (method-agnostic)

12 PEFD — evolve(PH), F(k));

13 k+—k+1.

14 return P* « argminpcpm (wrv fiv + wis fis).
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Parameter identification was performed using a DE algorithm, where the
objective function minimizes a weighted sum of squared errors between experimental
measurements and model predictions. Specifically, the fitness of each candidate
solution is evaluated by comparing the modeled I-V curve 1(V; ng)) and IS spectrum
Z(w; ng)) against the corresponding experimental data, as outlined in Algorithm 1
(lines 8-10).

To balance contributions from static and dynamic responses, the objective
function incorporates weights w;y and wyg, set to 0.1 and 0.9, respectively, in the
proposed experimental cases, thereby prioritizing accuracy in the dynamic impedance
spectrum, as this is the domain where conventional models fail and where the primary
innovation of this work lies. The IS error calculation employs modulus weighting to
ensure balanced treatment of the real and imaginary components. The evolutionary
loop proceeds until the convergence criterion defined by the objective-space tolerance
(ftol) is satisfied. The final set of identified parameters for the Berkeley diode
model is reported in Table 3.1. The last column in Table 3.1 indicates parameters
identified through experimental data fitting; remaining parameters are retained at

default values.

Table 3.1: Standard Berkeley SPICE semiconductor diode parameters.

SPICE ID Description Symbol Default Fitted
Static Parameters

IS Saturation current Iy [A] 10— 6.82e-06
RS Ohmic resistance r; [§] 0 26.27e-03
N Emission coefficient n [-] 1.0 1.283
BV Breakdown voltage Vir [V] [%s) -
IBV Breakdown current Iy [A] 10~10 -
Dynamic Parameters

TT Carrier transit time 7 [s] 0 6.04e-05
CcJo Zero-bias capacitance Cjo [F] 0 2.27e-03
A\ Built-in potential opi [V] 1.0 0.5003
M Grading coefficient m [-] 0.5 0.5998
FC Forward-bias coefficient Fe [] 0.5 0.5903
Thermal Parameters

EG Bandgap energy E4 [eV] 111 -
XTI Temperature exponent of Ip érr [ 3.0 -
TNOM Nominal temperature Thom [°C] 27.0 48.85
Noise Parameters

KF Flicker noise coefficient Ky [] 0 =
AF Flicker noise exponent Ar [ 1 -

Remaining Set of Static Parameters

Iph Photo-generated current I, [A] N/A 5.536
Rsh Shunt resistor R [Q] N/A 10.38
Rs Series resistance Rs [Q] N/A 456.1e-6
Ls Parasitic Inductor Ls [H] N/A 9.6e-7

Source: Adapted from LTspice™ diode model documentation [90].
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The parameters reported in Table 3.1 were obtained using the identification
procedure described above and applied to experimental data from a single
monocrystalline silicon cell (Solbian SP16L [91]). The measurements were performed
at an irradiance of 932 W/ m?® and a cell temperature of approximately 48°C. Full
experimental details are provided in subsection 3.4.1. The low series resistance (Rg)
is consistent with the steep slope observed in the experimental I-V curve near the
short-circuit point, as illustrated in the validation results in Figure 3.7a.

It is important to note that the parameter T, in the SPICE model
corresponds to the temperature at which the model parameters are extracted.
Because the characterization was carried out outdoors, Tp,om reflects the actual device
temperature during the experiment. In this case, it matches the measured operating
temperature of the PV cell (48.85°C), ensuring that the extracted parameters are
valid for the specific thermal conditions of the test.

In addition to the parameters listed in Table 3.1, it is worth noting that
the SPICE diode model is significantly more elaborate than the ideal Shockley
formulation typically used in analytical PV modeling. SPICE incorporates several
non-ideal effects, such as temperature-dependent scaling of the saturation current
and band-gap energy corrections, which enable the model to reproduce the diode
behavior over a wide range of operating conditions.

Parameters such as the emission coefficient, the temperature exponent, and the
built-in junction potential interact dynamically within this temperature-dependent
formulation. Moreover, the model includes junction capacitance and
temperature-dependent series resistance, which become relevant in transient or AC
simulations.

These aspects highlight the importance of extracting parameters at a
well-defined temperature, since SPICE internally adjusts them according to its

temperature-scaling laws, as described in Equation 3.15.
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3.4 Model Validation and Simulation Across
Operating Conditions

The parameter identification procedure results in a set of values that define
the PV cell. These parameters, when implemented within a standard simulation
environment, reproduce the PV cell behavior under different operational conditions.
The schematic, shown in Figure 3.4, is built around the definition of the diode
representing the P-N junction. By using the complete parameter set from the
co-fitting procedure, the .model directive for diode description is configured. This

step integrates the extracted physical characteristics directly into the simulation.

W .

Rs Ls
{Rs*Ns/Np} {Ls}
D
/ Rsh
D_pv {Rsh*Ns/Np}
N={Ns} M={Np}
.param Ns=1

.param Np=1
u ref

.model D_pv D(Is={I0} Rs={ri} N={eta} Cj0={Cjo} V]={®bi} M={M} TT={TT} FC={FC} Tnom={Texp})
Figure 3.4: Implementation of the enhanced SDM in LTspice™. The schematic uses the
Berkeley SPICE diode model (D_pv) to incorporate the dynamic behavior of the P-N

junction.

To enable the simulation of larger and more complex systems, the schematic in
Figure 3.4 was encapsulated into a configurable subcircuit block, shown in Figure 3.5.
This modular structure allows the identified parameters in vector P, together with
the series () and parallel (V) scaling factors, to be passed as attributes, enabling
fast assembly of simulations for panels, strings, and full PV arrays.

The model uses the native geometric scaling capabilities of the SPICE
simulator. The user-defined parameters Vs and N, are mapped directly to the diode
instance parameters N and M, allowing SPICE to scale the electrical characteristics
internally without modifying the model card. In particular, M scales the currents
(Zsat, Ipn) and capacitances (Cjo, Cairs) with the number of parallel devices, while
reducing the effective series resistance. Likewise, N scales the voltage-dependent
terms and series resistance to represent multiple cells in series.

This approach ensures that the dynamic behavior, including transit-time
effects and junction capacitance, remains consistent with the physical configuration
of the PV array.
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Adjust PV Parameters

From Identification procedure (Single Cell)

.param Texp=48.85
Vi . Vo .param Iph=5.536 Rsh=10.38 Rs=0.0004561
Gi, bicdar 10=6.82¢-06 eta=1.283
.param Ls=9.6e-07

Vg Vlead .param Cjo=0.002271 ®bi=0.5003 M=0.5998

{Vsun} Vref 17 {Vtest} TT=6.04e-05 FC=0.5903 ri=0.02627

Select the number of cells of the PV panel
.param Ns=1
.param Np=1

Figure 3.5: Block symbol and configurable attributes of the Enhanced-SDM for use in
LTspice™.

3.4.1 Single-Cell Validation Under Controlled Conditions

The validation process began with a preliminary test performed on a single-cell
unit prepared and supplied by Solbian, the manufacturer of the SP16L [91]
PV panel. The cell characteristics are detailed in Table 3.2. Testing an
individual cell ensures highly uniform irradiance and temperature conditions, thereby
minimizing uncertainties caused by spatial non-uniformities that typically affect
larger modules, while still accurately representing the characteristics of Solbian’s PV
manufacturing process. This controlled setup improves repeatability and precision
in the characterization procedure. The experimental arrangement used for the

single-cell measurements is shown in Figure 3.6.

Table 3.2: Single-cell Solbian Datasheet

Specification Value
Power Rating 3375 W
Weight 50 g
Length 69.31 mm
Width 18.25 mm
Thickness 2 mm
Number of Cells 1
Open-Circuit Voltage (Voc) 0731V
Voltage at Maximum Power (Vmp)  0.619 V
Short-Circuit Current (Isc) 5.9 A
Current at Maximum Power (Imp) 55 A

The cell was characterized using Potentiostatic Electrochemical Impedance
Spectroscopy (PEIS) running on a BioLogic SP-200 potentiostat, which measured
both the I-V curve and the IS response [36]. The experimental protocol began with
a DC voltage sweep to obtain the I-V curve. From this, the MPP was identified to
set the bias point, Viias = 1.05 * Vi, to ensure the measurement was performed
in a linear region of the I-V curve, avoiding potential instability near the inflection
point during frequency sweeping.
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The impedance was measured by scanning the frequency from an initial value,
fi = 1Hz, to a final value, f; = 100kHz, with a logarithmic spacing of Nd = 20
points per decade. A sinusoidal voltage with an amplitude of V, = 30mV was
applied, and two measurements were averaged for each frequency point. Irradiance
was monitored using a Kipp-Zonen CMP10 pyranometer, while cell temperature was

measured using a PT100 sensor attached to the rear of the laminate.

\

v
)

Figure 3.6: Experimental setup for the characterization of a single cell: a) device under test,

C
a

b) pyranometer, and c) temperature sensor (back of the cell).

To evaluate the model under realistic operating conditions, the cell was
monitored outdoors over a full day. The data acquisition protocol involved
capturing the I-V curve, followed by impedance measurements near the MPP and
at two additional bias points between V., and V,.. From the collected dataset,
measurements closest to Standard Test Conditions (STC) were selected for model
calibration. This subset was used to tune the proposed model via the identification
algorithm described in Algorithm 1, resulting in the parameter set listed in Table 3.1.
The remaining data was reserved for independent validation.

The LTspice™ simulation block was configured using the identified parameters
to replicate the experimental conditions. Figure 3.7 presents a direct comparison
between the measured data and simulation results. The simulated I-V curve
(Figure 3.7a) closely overlays the experimental curve, and the impedance spectra
(Figure 3.7b) exhibit strong agreement across all bias points.

Figure 3.7a presents an overlay of the experimental and simulated I-V curves
at an irradiance of 932 W/ mQ, corresponding to I, = 5.53 A. The model shows
excellent agreement with the measured data across the entire voltage range. Three
bias points at which IS measurements were performed are indicated on the curve.
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(a) Experimental and simulated I-V curves. (b) Experimental and simulated IS plots

Figure 3.7: Validation of the simulation against experimental data for a single PV cell: (a)
Overlay of experimental and simulated I-V curves and (b) Overlay of experimental and

simulated IS plots at MPP and two additional bias points.

Figure 3.7b compares the experimental and simulated IS spectra at the
MPP and the two additional operating points. The close correspondence between
measurement and simulation demonstrates the model’s ability to predict the dynamic
behavior of the device. Its capacity to reproduce the impedance spectra at
different bias points without recalibration highlights the self-adapting nature of the

physics-based formulation.

A closer examination of the results reveals a clear trend in accuracy as a
function of the bias point. Near the MPP, the high-frequency intercept is well
reproduced. However, as the bias approaches the open-circuit voltage (Vo¢), the
discrepancy at the high-frequency limit becomes more noticeable relative to the
shrinking impedance arc. Two factors explain this behavior. First, the diode dynamic
resistance decreases exponentially with increasing bias. Near Vopc, it becomes
comparable to the series resistance R, meaning that small absolute errors in the
fitted R,, negligible when the impedance arc is large, become visually dominant
when the arc contracts. Second, the Berkeley model employs a lumped-parameter
representation in which R is constant. In the physical device, high-level injection
near Voo can induce conductivity modulation in the silicon bulk, slightly altering
the effective series resistance. This second-order distributed effect is not captured by
the fixed R, of the SPICE model, leading to the observed divergence at high bias.

An important aspect of this validation concerns the parameter identification
procedure. The parameters were extracted from measurements on a single cell under
a specific irradiance condition, with data acquired near the MPP. The resulting
parameter set was then used to perform a .DC sweep, generating the I-V curve,
and a subsequent .AC analysis, producing the corresponding impedance response.



3. Methodology 4!

ot

Both simulations reproduced the expected I-V characteristics and impedance spectra
consistently. Moreover, as shown in Figure 3.7b, the impedance response was
accurately replicated across multiple operating points. This agreement confirms the

physics-based and self-adapting nature of the proposed model.

3.4.2 Adaptability Across Irradiance and Temperature

Variations

The next challenge tests the model’s resilience. Real-world conditions are not
static. Irradiance and temperature fluctuate. An effective model must adapt without
constant recalibration. To test this, the simulation was configured to stress the cell’s
behavior at different environmental levels, using the same parameter set as before.
The results, presented in Figure 3.8, demonstrate a strong agreement between the
experimental and simulated responses, confirming the model’s robustness. As shown
in Figure 3.8a, the simulated I-V curves closely match the experimental data across
multiple irradiance levels, and Figure 3.8b confirms the accurate prediction of the
corresponding IS plots.

The validation was performed at a mean cell temperature of 46.8°C' £+ 2°C
(specific values listed in Table 3.3), with the simulation temperature adjusted
to match each experimental dataset. The Mean Squared Error (MSE) values,

summarized in Table 3.3, remain low across all cases.

Iph=5.53A @ 932W/m? = Ref Irradiance
X 004
sk
Iph=4.41A @ 748W/m? = 0.81"Ref Iradiance 0.03
______ 002
4r \ Vipe2=0 4443V
z Iph=3.49A @ 589W/m? = 0.63"Ref Irradiance 0.01 \
= i s g !
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5 o)
3 E-001
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Experiment at 932, 748 and 589 W/m? 0.03 — Experimental IS at ViPe,
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0,05
0 ! L I I I | L | I L .
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(a) Experimental and simulated I-V curves. (b) Experimental and simulated IS plots.

Figure 3.8: Validation of the model’s self-adaptability to changes in irradiance: (a) Overlay
of experimental and simulated I-V curves at multiple irradiance levels and (b) Overlay of

experimental and simulated IS plots for a selected case.

Notably, no additional parameter identification was required for this second
validation stage. The only adjustment applied in the simulation was the scaling of the
control voltage Viu, according to the ratio between the new irradiance Gpew and the
reference irradiance Greference, ensuring consistency with the measured conditions.
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The quantity Viun acts as a control voltage source that dynamically sets the
irradiance level within the simulation, scaled such that 1 V = 1000 W/m”. Thermal
effects were accounted for using SPICE’s built-in temperature directive (.temp),
which scales the semiconductor parameters according to the physical relations
detailed in Equation 3.15.

The ability of the model to reproduce the system behavior across different
irradiance and temperature conditions, without modifying its core parameter
set, further confirms the robustness and practical applicability of the proposed

formulation.

Table 3.3: Mean Squared Error (MSE) for IV Curve Comparisons

Cell Error Error
Case I, Temperature (Exp. vs. Model) (Exp. vs. Sim.)
Gy 5.53A 48.85 °C 0.00564 0.00812
Gi-1 441A 46.85 °C 0.00366 0.00796
Gi—a  3.49A 41.85 °C 0.00172 0.07268

3.4.3 Scalability Across System Configurations

The final test addresses a practical engineering question. Can a model derived
from a single cell accurately represent a full panel? To answer this, a full PV panel,
composed of 16 series-connected cells, was simulated using the same parameter set,
scaled appropriately using the parameters Ns = 16 and Np = 1. The results
were then compared against experimental data from a physical panel, as shown
in Figure 3.9. Both the simulated I-V curve in Figure 3.9a and the IS plots in
Figure 3.9b show consistent agreement with the experimental data.

Regarding the high-frequency behavior, the proposed model incorporates a
single parasitic inductance L to account for the inductive tail consistently observed
in the experimental Nyquist plots. This element lumps the inductive effects of the
cell’s internal metallization and the external cabling. In the single-cell validation,
this lumped approach is enough. However, discrepancies arise when scaling to
the panel level as depicted in Figure 3.9. These deviations are expected because
the panel model is constructed by simply multiplying the single-cell model by
the number of series cells (Ng). This linear scaling inherently assumes that the
parasitic inductance scales linearly and that the connection layout is uniform. In
reality, a full panel introduces a complex network of inter-cell connectors and bypass
diodes, creating a different parasitic environment than that of a single cell. By
just multiplying the cell model, we omit the specific distributed inductance and

resistance of the panel’s actual wiring harness.
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Figure 3.9: Validation of the scaled-up model against full-panel experimental data: (a)
Experimental and simulated I-V curves and (b) Experimental and simulated IS plots at

MPP and two additional points.

Nevertheless, the results demonstrate that this scalable approach provides a
reasonable approximation without requiring a dedicated panel-level identification
campaign. For applications requiring higher fidelity, the proposed identification
methodology could be applied directly to panel-level data, as demonstrated in related
work [92], to capture these specific aggregate parasitics.

Following the successful completion of these tests, the enhanced SDM
demonstrates consistent performance and predictive capability. Having established
its accuracy, self-adapting behavior, and reliability, the model’s role now shifts from
validation to an analytical tool. The following chapter will apply this validated
model to a practical scenario, focusing on advanced diagnostic tasks. Specifically, it
will be used to investigate complex mismatch phenomena, using its simulation power
to interpret and understand experimental diagnostic signatures observed in partially
shaded PV arrays.
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Impedance-Based Diagnostics in

PV Panels

This chapter discusses the use of IS, introduced in Chapter 2, for the practical
diagnosis of mismatch conditions in PV panels. The primary experimental finding is
the identification of a specific impedance signature, a double-arc deformation, that
consistently appears when a panel is partially shaded, particularly when operating
near the MPP. This feature is established as a reliable experimental indicator for
mismatch [17,24]. Subsequently, the enhanced SDM, validated in Chapter 3 is
employed to simulate and analyze this phenomenon. This procedure demonstrates
the model’s utility as a predictive tool for designing and evaluating diagnostic systems
under diverse shading scenarios.

4.1 New approach for partial shading detection

The long-term performance and reliability of PV systems depend strongly
on the early detection of faults and degradation. Ensuring continuous, optimal
operation requires diagnostic procedures capable of identifying failures and
operational defects that affect energy generation. Beyond their technical relevance,
these diagnostics also bring significant economic benefits: efficient techniques can
recover an average of 5.27% of energy losses in PVs plants, equivalent to an estimated
revenue of $10,000/MW per year [93]. These figures emphasize the strategic value
of adopting advanced diagnostic methodologies in PV systems.

For diagnostic purposes, PV faults are typically classified as either temporary,
such as those induced by partial shading, or permanent, which are related to
irreversible degradation [94]. To detect these faults, traditional diagnostic techniques
generally use two approaches: electrical analysis based on I-V curves [48,49], and
imaging-based methods using IR, EL, or PL technologies [55,56, 58|, as summarized
in Table 2.2.
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While effective, these conventional methods present several drawbacks. They
often require specialized equipment, on-site operation, or nighttime procedures,
making them both costly and time-consuming. In addition, data processing
frequently relies on advanced algorithms such as computer vision, ML, or artificial
intelligence [54,95,96], which further increases system complexity and computational

demand.

Obtaining a complete I-V curve, for example, involves sweeping the voltage
across the PV system. This procedure disconnects the array from the grid,
temporarily interrupting power generation, an undesirable condition for large-scale
installations. As a result, there is a growing need for diagnostic strategies that can

operate online, non-invasively, and with reduced infrastructure requirements.

As discussed in Chapter 2, IS emerges as a promising solution to these
challenges. This technique measures the frequency response of a PV device, enabling
the extraction of information about internal physical processes without interrupting
operation. IS has been successfully applied across several diagnostic contexts: defect
control during cell fabrication [50], degradation characterization [51], analysis of
capacitive and inductive behaviors [52], and fault diagnosis [53]. Although initial
studies were limited to single-cell experiments under laboratory conditions, recent
research confirms its applicability in outdoor environments and at the module
level [17,24,61]. A notable advantage of IS is its ability to perform diagnostic
measurements while the PV module operates at its MPP, thus preserving energy

production.

The interpretation of impedance spectra often relies on equivalent circuit
models, the most common approaches presented in Chapter 3, whose components
correspond to the physical mechanisms within the cell: charge generation, transport,
and recombination. This physical interpretability makes IS an informative and useful
diagnostic tool. Moreover, the growing commercial adoption of impedance-based
diagnostics reinforces its practicality. For example, the Z300 PVT [54] already
incorporates fixed-frequency response analysis to identify open circuits, short circuits,

and variations in series resistance to calculate degradation.

Thus, applying IS across a frequency bandwidth offers an innovative and
cost-effective method for assessing the operational condition of PV systems. In
this context, this chapter introduces a technique for partial shading detection based
on impedance response analysis. By capturing frequency-domain signatures related
to partial shading, the proposed approach enables early and real-time detection of
temporary mismatches, providing an efficient alternative to traditional diagnostic

methods that require system disconnection or extensive data processing.
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4.1.1 Series-Connected PV Panels under partial shading

conditions

The main characteristic of the diagnostic method presented in this chapter is
the application of IS with the PV system operating at its MPP. While traditional
IS characterization of PV devices is often performed at the open-circuit voltage
(Voe) to analyze the P-N junction in isolation, this approach is unsuitable for online
diagnostics as it requires a complete stop of power production. Performing the
measurement at the MPP, however, allows for in-situ analysis without disrupting
the system’s primary function of energy generation. The validity of this approach is
based on the principles of small-signal analysis. Although the global current-voltage
characteristic of a photovoltaic device is strongly non-linear, IS operates by
superimposing a small-amplitude sinusoidal signal onto a stable DC bias point. For
a sufficiently small perturbation, the system’s response around this quiescent point,
in this case, the region from MPP to V., can be correctly approximated as linear.

This linearization allows the PV device to be represented by a small-signal
equivalent circuit that captures its dynamic properties. From this, a
frequency-dependent impedance, Z(jw), Equation 3.13, is defined as the ratio of the
resulting small-signal AC voltage to the small-signal AC current. This impedance
spectrum provides plenty of information about the device’s internal state that is
completely inaccessible through steady-state I-V measurements. It is noteworthy
that the real part of this impedance at zero frequency, R{Z(w — 0)}, corresponds to
the differential resistance, a parameter already used extensively in linearized models
for designing and analyzing the stability of MPPT controllers [97, 98].

The impedance spectrum is highly sensitive to the DC operating point at which
it is measured. The internal parameters of the small-signal model vary with the cell’s
voltage and current [18]. Consequently, to comprehend the nature of the impedance
of a PV string, it is essential to understand the individual operating point of each
constituent panel. The following analysis contrasts how these operating points are
determined under uniform and mismatched conditions.

When PV panels operate under uniform irradiance, the I-V characteristic of a
series-connected string is determined by the sum of the individual panel voltages
at each current level (voltage-wise). This principle extends from the cell level,
where a panel’s I-V curve is constructed by scaling a single cell’s voltage and current
characteristics by the number of series-connected (N,) and parallel-connected (N,)
cells, respectively. Figure 4.1a shows this concept for two distinct panels operating
under identical irradiance and temperature conditions. The curves a) and b) are
summed to produce the string’s composite I-V curve ¢). Consequently, when the
string operates at its MPP, both panels are also operating at their own MPPs, as
indicated by the markers in Figure 4.1a.
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Partial shading fundamentally alters this behavior. A shaded panel generates
less current, as shown by curve a) in Figure 4.1b compared to the unshaded panel’s
curve b). This mismatch distorts the string’s composite I-V curve, creating multiple
power maxima due to the activation of bypass diodes, resulting in the characteristic
inflected shape shown in curve c) of Figure 4.1b. In this scenario, achieving the
string’s global MPP does not ensure that all panels operate optimally. As highlighted
by the markers in Figure 4.1b, the shaded panel operates near its local MPP, while
the unshaded panel is forced to work at a non-optimal point to maintain the same
string current.
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(a) Uniform irradiance conditions. (b) Partial shading conditions.

Figure 4.1: -V characteristics of PV panel a), PV panel b), and their series-connected
string c). a) Uniform irradiance conditions. b) Partial shading conditions where panel a)
is subjected to a 30% shading.

This difference in operating points is the physical origin of the diagnostic
signature. Because the panels are biased differently, their dynamic responses and
resulting impedance spectra will be measurably different. This property is precisely
what the proposed technique exploits. By analyzing the composite impedance of the
string at its MPP, it is possible to detect the presence of these distinct underlying
spectral features, which signify a mismatch. This method is exceptionally valuable

for on-board applications, as it eliminates the need to trace the full I-V curve.

To validate this physical interpretation and analyze the impedance signatures
in detail, the experimental data are compared against two simulation models. The
first is an empirical CPE model adjusted to replicate the system’s frequency response
under shading. The second is the enhanced, physics-based SDM developed in
Chapter 3, which provides deeper insight into the underlying phenomena.



ot
o

4. Impedance-Based Diagnostics in PV Panels

4.1.2 Experimental Protocol
The experimental setup is shown in Figure 4.2. It consisted of two Solbian

SP-16L flexible PV modules connected in series [91], whose technical data is described
in the Table 4.1, mounted on the support structure shown in Figure 4.2a.

Table 4.1: Solbian SP 16 L Datasheet

Specification Value
Power Rating 54 W
Weight 0.8 kg
Length 1109 mm
Width 292 mm
Thickness 2 mm
Number of Cells 16
Open-Circuit Voltage (Voc) 1.7V
Voltage at Maximum Power (Vmp) 9.9V
Short-Circuit Current (Isc) 59 A

Current at Maximum Power (Imp) 55 A

A BioLogic SP-200 potentiostat, equipped with an HCV-3048 power booster,
performed the electrical characterization [36]. This instrument was used for both
DC voltage sweeps to trace I-V curves and for applying the sinusoidal perturbations
required for IS measurements. For the PEIS analysis, the frequency was swept from
100kHz down to 1Hz with a logarithmic distribution of 20 points per decade. A
sinusoidal voltage perturbation with an amplitude of V, = 100mV was applied at
three distinct DC bias points between V. and V,,,;,,,, with one point set at 1.05%V},,p,
to measure the impedance. To ensure data quality, two measurements were averaged
at each frequency step. Environmental conditions were monitored continuously.
Irradiance on the plane of each panel was measured by an LM1-10V PRO solarimeter,
calibrated against a high-precision Kipp&Zonen CMP10 pyranometer [99,100], both
visible in Figure 4.2b. The operating temperature was recorded by six PT100 sensors
mounted on the rear surface of the panels, as shown in Figure 4.2c. All sensor data
were collected and synchronized via an Advantech ADAM-6000 series acquisition
module [101].

To guarantee the integrity of the dataset used for model fitting, a strict filtering
protocol was implemented to select only measurements conducted under stable
environmental conditions. This minimizes the uncertainty introduced by transient
events like passing clouds or rapid temperature changes. For each experimental run,
the time series data for irradiance (G) and temperature (T') were first scaled using
unity-based normalization, as defined in Equation 4.1.
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(a) Structure setup. (b) Front view. (c) Rear view.

Figure 4.2: Experimental setup in outdoor conditions: (a) Structure used to support the PV
string and instrumentation; (b) Front view, including two PV panels in series, irradiance

sensors, and calibration pyranometer; (¢) Rear view showing temperature sensors.

Kexp,i — min(Xexp)
max(Xexp) — min(Xexp)

, where X € {G,T} (4.1)

Xnorm,i =
where Xexp,; is the ¢ — th measurement point.
Subsequently, the mean piorm and standard deviation oy of the normalized

data were then computed using the expressions in Equation 4.2 and Equation 4.3

respectively.

1 n
Hnorm = ﬁ anorm,i7 where X € {G: T} (42)
1=1
T
Onorm = 4 | — Z(Xnorm,,- — fnorm)?, where X € {G, T} (4.3)
L =1

An experimental run was accepted for analysis only if the standard deviations
for both normalized variables (norm,¢ and Gnorm,7) Were below a threshold of 0.2.
This strict criterion effectively discards data affected by transient environmental
events, such as passing clouds or rapid temperature fluctuations, ensuring a
high-quality dataset for model parameterization.
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The filtered experimental data were then compared against two benchmarks:
the simulation of the enhanced SDM validated in Chapter 3 and a well-established
descriptive model incorporating CPEs. The simulation was implemented using
LTspice™ with an upscaled model that uses the same parameter presented in
Table 3.1.

4.1.3 Validation Under Uniform Conditions

The first validation phase establishes a baseline under uniform operating
conditions, where both panels are exposed to equal solar irradiance and maintain
comparable thermal profiles. Under these conditions, the two series-connected
modules operate at nearly identical points along their respective -V curves.
Consequently, the impedance spectrum of the entire PV string collapses into a single,
well-defined semicircle in the Nyquist plane. This characteristic shape reflects the
dominance of resistive and capacitive dynamics and serves as a reference signature
for all subsequent non-uniform scenarios.

This baseline response is accurately captured by the small-signal model shown
in Figure 4.3a. The model includes a series inductor (Ls) accounting for parasitic
cabling inductance, a series resistor (R;) representing ohmic losses, and a parallel
branch (R; || CPFE) describing the aggregate dynamic behavior of the two P-N
junctions operating as a single equivalent device.

A conventional capacitor is replaced by a CPE to represent the non-ideal
capacitive behavior of the PV junction. Such non-idealities arise from distributed
charge transport phenomena, surface roughness, and spatially non-uniform current
paths within the semiconductor. The CPE formalism captures these effects through
its frequency-dependent impedance, defined in Equation 4.4, and provides a more
accurate representation of the depressed semicircle typically observed in experimental

spectra.
1
ZcPE = ~7ia
Qjw)"
Within the Equation 4.4: @) represents the pseudo-capacitance magnitude,

(4.4)

and « (ranging from 0 to 1) characterizes the deviation from ideal behavior. An «
value of 1 corresponds to an ideal capacitor, while lower values indicate a depressed
semicircle in the Nyquist plot. This formulation allows for a more accurate fitting of
the experimental spectra observed in Table 4.2.

Although a single CPE is sufficient to describe the uniform operating
condition, this representation also establishes the conceptual foundation for the
extended model used later in this work. Under non-uniform conditions, each panel
exhibits distinct junction dynamics, and the resulting spectrum can no longer be
represented by a single time constant.
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This motivates the introduction of a double-CPE model, represented in
Figure 4.3b, in subsequent sections, where each CPE captures the individual dynamic

contribution of one panel within the series-connected pair as detailed in Table 4.3.

_ 1
Zere = qGay

L % CPE
a ._KWY\—/\/\/\/_ ——ap
R
(a) Single CPE model
Zore, = gy Zorm = gugay

(b) Double CPE model
Figure 4.3: Small-signal models for a 2-panel PV string. I: Single CPE-R branch model for

uniform conditions. II: Double CPE-R branch model for partial shading conditions.

Table 4.2 presents the fitted parameters, using the methodology in [17],
for this single-branch CPE model across a range of uniform irradiance levels.
The consistently low MSE values confirm that this model provides an accurate
description of the system’s dynamic behavior. This result validates the quality of the

experimental measurements and confirms the single-branch CPE model as a reliable

descriptive benchmark for the subsequent analysis.

Table 4.2: Descriptive CPE Model Parameters for Uniform Conditions.

arranged in columns by ascending irradiance.

The tests are

Parameter ‘ T36 T9 T13 TLT T21 T24 T25 T28 T33 T11
Environmental Data
G1 [w/mz] 244.9 333.6 421.6 484.3 564.0 594.0 673.0 728.2 800.5 864.0
G2 [W/m?] 243.8 332.4 419.5 481.3 558.7 587.1 669.2 725.3 801.1 863.1
T1 [°C] 24.7 27.0 26.3 29.7 33.4 32.0 374 40.6 41.8 43.9
T2 [°€] 25.8 274 26.1 29.3 33.1 33.1 38.3 41.8 44.5 46.1
Operating Point
Vimpp [V] 16.6 16.7 16.9 16.8 16.6 16.5 16.2 16.1 16.0 15.9
TIpp [A] 1.20 1.66 2.14 2.47 2.90 2.25 3.52 3.87 4.36 4.68
CPE Dynamic Model Parameters
Ls [pH] 4.14 4.20 4.31 4.38 4.32 3.96 4.23 4.16 3.93 4.13
R, [Q] 0.60 0.48 0.41 0.40 0.37 0.46 0.33 0.32 0.32 0.30
R [Q] 13.5 9.47 7.59 6.51 5.52 7.65 4.45 4.01 3.75 3.34
Q 7.3E-5 6.7E-5 7.4E-5 6.9E-5 8.1E-5 1.5E-4 8.7E-5 84E-5 9.3E-5 1.0E-4
B 0.80 0.85 0.87 0.90 0.91 0.80 0.94 0.96 0.95 0.95
Cey [1F] 12.3 19.1 24.3 29.0 36.3 28.5 50.1 57.6 61.3 67.2
MSE .0330 .0052 .0027 .0249 .0112 .0224 .0055 .0025 .0035 .0019
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With the benchmark established, the predictive capability of the enhanced
SDM introduced in Chapter 3 was evaluated under uniform operating conditions.
The model was implemented in LTspice™ using the modular subcircuit shown in
Figure 3.5. This schematic comprises two identical blocks, each representing a full
PV panel and configured with its own irradiance source. The subcircuit design allows
the parameters identified during single-cell characterization (Table 3.1) to be scaled
appropriately to reflect the electrical architecture of a complete panel. The resulting
panel-level parameters used for this validation are listed in Table 4.4.

Each subcircuit block incorporates a dedicated Vg, generator, enabling
independent irradiance control and allowing the simulation of both uniform and
non-uniform operating scenarios. To reflect the actual hardware configuration,
bypass diodes were included in the design; however, they remain inactive
during this initial validation stage due to the uniform irradiance setup. This
modular implementation supports rapid prototyping and system-level analysis while
preserving the fidelity of the underlying cell-level model.

The simulation was configured using the specific irradiance and temperature
conditions recorded during the corresponding experimental campaign. A DC sweep
was performed to generate the static current-voltage (I-V) characteristic, followed
by an AC analysis to extract the impedance spectrum. These results were then
compared against experimental measurements to assess the model’s accuracy and

dynamic response.

X1

Vel Gi Vpv Vpl Vo
Vgl, D1
{Vsun} Vref
D
<\ Vstring
X2 ) {vpvl
ACO0.10
Vg2 Gi Vpv Vp2
Vg2 D2
{Vshade) Vref
D
N

Figure 4.4: Modular subcircuit of the enhanced SDM in LTspice™. Each block models a
full PV panel with independently configurable irradiance via V).
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Figure 4.5 compares the experimental data with both the enhanced-SDM
simulation and the fitted CPE model. Figure 4.5a shows the static I-V curve under
uniform conditions, where the enhanced-SDM closely matches the experimental
response. Four bias points are highlighted for impedance measurements.
Figure 4.5b presents the impedance spectra, confirming strong agreement among the
experimental data, enhanced-SDM, and CPE model. To ensure a fair comparison
in modeling effort, each model was identified only once. The CPE response is
shown solely at the MPP (T11 in Table 4.2), while the enhanced-SDM, identified
once as in Table 3.1, dynamically adapts across the operating range without
reparameterization. This underscores the scalability and predictive strength of the
proposed approach.
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Figure 4.5: Comparison of experimental and simulated responses under uniform conditions:

(a) I-V curve showing experimental data, enhanced-SDM simulation, and bias points

used for CPE fitting and (b) Impedance spectra from experimental measurements,
enhanced-SDM simulation, and bias-adjusted CPE model.

Having established a trustworthy baseline under uniform conditions, the next
section explores the model’s ability to predict system behavior under partial shading,

where non-uniform irradiance introduces asymmetries and dynamic complexity.
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4.2 Predicting Behavior in Partial Shading

Partial shading is a common and challenging scenario in real-world PV
applications. It creates complex electrical behavior that static models cannot
capture, presenting a rigorous test case for the enhanced SDM. To simulate this
condition reliably, a semi-transparent net was placed over one of the two panels,
inducing a consistent and repeatable mismatch. Figure 4.6 illustrates this setup,
showing the baseline uniform condition in Figure 4.6a and the net used to create the
partial shading in Figure 4.6b.

(a) Uniform irradiance. (b) Partial shading.
Figure 4.6: Series-connected PV panels set up for the experiment: (a) Uniform irradiance
condition and (b) Simulated partial shading condition, the net provides a shade of 30%

approximately.

When a PV string operates under partial shading, the mismatched I-V
characteristics of the panels can produce a composite curve with multiple local power
maxima. This creates a significant risk of energy loss, as a standard MPPT algorithm

may track a local peak instead of the true global maximum.

4.2.1 The Double-Arc Impedance Signature

The diagnostic challenge of partial shading is evident when comparing it to
a case of uniform low irradiance. As shown in Figure 4.7a, the I-V curves for a
uniformly irradiated string a) and a partially shaded string b) can appear very similar
near the MPP. This ambiguity makes it difficult to distinguish between the two
conditions using only the data available to a standard MPPT algorithm. While a
full DC sweep could reveal the difference, this requires interrupting normal operation.
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This limitation of static data is overcome by analyzing the impedance
spectrum. Figure 4.7b shows the Nyquist plots for the same two cases. The uniformly
irradiated string produces a single, clean semicircle a). In contrast, the partially
shaded string exhibits a distinctive double-arc deformation b). This signature arises
because the shaded and unshaded panels settle into different operating points on
their respective I-V curves, giving them unique dynamic responses. This feature,
captured by IS, allows for a clear and unambiguous distinction between the two

conditions without disrupting power generation.
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Figure 4.7: Diagnostic characterization of PV sting for two representative conditions: a)
low irradiance and b) partial shading. Techniques employed include (a) I-V curve analysis

and (b) impedance spectra.

The double-arc signature reflects that each panel is operating at different
conditions. The unshaded panel is in a high-voltage, low-current region, while the
shaded one remains near its MPP. As a result, each panel contributes a separate
impedance semicircle, whose superposition in the frequency domain forms the
overlapping arcs, an effective diagnostic marker of mismatch. To model this behavior,
the double CPE-R branch model in Figure 4.3b was employed. Fitting results, based
on the methodology in [17] and summarized in Table 4.3, show consistently low MSE
values, confirming both the model’s accuracy and the need for two distinct CPE
networks. This supports the hypothesis that each panel requires its own dynamic
representation.

To evaluate the predictive capability of the enhanced SDM, the simulation
was adapted to replicate the partial shading experiment. The circuit topology from
Figure 4.4 was preserved, while environmental parameters were modified to introduce
mismatch. Specifically, the irradiance input via Vsun was set to 100% for the first
module and reduced to aVshadow of 70% for the second to simulate shading. The
temperature of each panel were set to the values recorded during the experiment.
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Table 4.3: Descriptive Double-CPE Model Parameters for Partial Shading Conditions. Tests

are arranged by ascending average irradiance.

Parameter | T1 T2 T3 T4 T5 T6 T7 T9 T10 T11
Environmental Data
G1 [W/m?] 619.9 G177 775.0 827.0 910.0 959.3 968.0 1043.1 1053.8  1066.9
Gs [W/m?] 389.7 397.3 532.7 576.3 650.4 687.1 706.0 768.7 769.9 T77.0
T1 [°C] 46.1 46.6 46.3 48.9 47.6 50.0 48.9 52.4 50.0 49.5
Ts [OC] 44.9 44.8 46.0 46.2 47.4 48.0 48.1 51.2 50.0 48.3
Operating Point
Vinpp [V] 16.49 16.51 16.61 16.56 16.59 16.47 16.48 16.31 16.50 16.51
Tnpp [A] 1.99 1.98 2.67 2.93 335 3.57 3.65 3.88 3.85 3.86
CPE Branch 1 Parameters
L, [uH] 311 3.15 3.41. 3.33 3.64 3.53 3.68 3.50 3.56 3.28
R, [Q] 0.49 0.48 0.45 0.44 0.39 0.39 0.36 0.37 0.35 0.36
R [Q] 0.30 0.28 0.25 0.28 0.21 0.18 0.12 0.18 0.14 0.16
Q1 5.0E-7 3.8E-7T 5.0E-7 4.6E-7 8.6E-7 4.6E-7 7.5E-7T &8E-7 T7.3E-7T T.5E-7
B1 1.46 1.49 1.47 1.46 1.45 1.52 1.51 1.47 1.52 1.49
Cl,eq [[,LF] 68.2 74.1 78.1 69.9 102.8 119.0 184.0 128.9 176.2 140.0
CPE Branch 2 Parameters
Ry [Q] 5.46 5.86 3.87 372 3.19 2.90 3.24 2.80 2.69 2.85
Q2 6.0E-5 5.8E-5 5.0E-5 4.9E-5 6.4E-5 6.2E-5 1.0E-4 7.3E-5 84E-5 7.7E-5
B2 0.95 0.95 1.00 1.01 1.00 1.01 0.95 1.00 0.98 0.99
C3 cq [1F] 37.3 37.6 51.8 54.6 63.3 68.4 66.9 71.6 71.5 69.6
MSE .0188 .0310 .0041 .0081 .0025 .0021 .0029 .0018 .0014 .0027

A DC sweep and AC analysis were performed using the same parameter
set identified under uniform conditions, no reparameterization was needed. The
enhanced SDM predicts the system’s behavior under this entirely different scenario.
This self-adaptive capability represents a significant advantage over empirical
approaches like the CPE models, which demand a complete re-characterization for
each change in irradiance conditions, as shown in Table 4.2 and Table 4.3.

4.2.2 Comparative Model Performance

To provide a comprehensive benchmark, the enhanced SDM was compared
against both the experimental data and the descriptive double-branch CPE model.
The results for the static I-V curves and the dynamic IS spectra are presented in
Figure 4.8. These plots show the performance under three different partial shading
conditions (= 30% shading), corresponding to tests T3, T5, and T9 from Table 4.3.

Figure 4.8a highlights the primary advantage of a physics-based model. The
enhanced SDM (dashed yellow lines) accurately reproduces the experimental I-V
data (solid blue lines) across the entire voltage range, correctly capturing the
inflection points caused by bypass diode activation . In contrast, the CPE model
is a small-signal representation valid only at a single bias point . As such, it
cannot generate a static I-V curve, and its representation is limited to the single
operating point (red dot) at which the impedance was measured. The corresponding
impedance spectra in Figure 4.8b demonstrate the model’s dynamic reliability.
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Figure 4.8: Comparison of experimental and simulated responses under partial shading
conditions: (a) Simulated and experimental I-V curves and (b) Simulated and experimental

impedance spectra under partial shading.

The experimental data (solid blue lines) clearly show the double-arc signature
characteristic of partial shading. Both the descriptive CPE model (red dotted line)
and the predictive enhanced SDM (dashed yellow lines) replicate this feature with

accuracy.

This is an essential point of differentiation from a standard SDM, which lacks
the necessary dynamic components and is incapable of producing an impedance
spectrum. These results confirm the proposed model’s principal innovation: the
ability to unify the static and dynamic domains. It accurately predicts behavior
in both, using a single, robust parameter set (Table 4.4) that remains valid across
different operating conditions. This eliminates the need for the re-characterization
required by empirical models. For a complete quantitative benchmark, the
performance of the enhanced SDM was also compared to that of a conventional
five-parameter SDM. The parameters for this conventional model were identified
using a standard fitting procedure based solely on I-V curve data, a well-established
method in the literature [59] that is not detailed here.

As summarized in Table 4.5, the specialized models achieve the lowest mean
squared errors within their respective domains, which is expected given their targeted
calibration. The descriptive CPE model provides the most accurate representation
of the impedance spectra, while the traditional SDM delivers the highest accuracy
for the static I-V curve. However, the applicability of these models remains confined
to their individual domains. These models were selected because they represent
the most widely adopted approaches for dynamic and static characterization,
respectively, and no model has currently been proposed in the literature that can
simultaneously reproduce both behaviors.
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Table 4.4: Invariant parameter set for the enhanced SDM and the SPICE simulation. The
irradiance inputs (G, ,G2,,, ) were set according to the specific experimental conditions
in T9, from Table 4.3.

Description | SPICE Symbol | Value ‘ Units
Standard SDM Parameters
Relative Irradiance 1 G1,. /GsTc Vg1 1.043 %[W/m?]
Relative Irradiance 2 Gz, /GsTc Vg2 0.768 | %[W/m?]
Photovoltaic Current I 5.536 A
Series Resistance B 456 ne;
Shunt Resistance Rsn 10.38 Q
Berkeley SPICE Diode Parameters
Saturation current 1S 6.82 pA
Emission coefficient N 1.283 -
Ohmic resistance RS 26.27 mS
Transit-time g i 60.4e ns
Zero-bias junction capacitance CJo 2.271 mFE
Junction potential vJ 0.5003 1%
Grading coefficient M 0.5998 -
Forward-bias depletion capacitance coefficient FC 0.5903 —

The enhanced SDM, despite exhibiting a higher MSE compared to the
domain-specific CPE benchmarks, offers a significant advantage: it provides a
unified, physics-based framework capable of reproducing both static and dynamic
behaviors using a single, consistent parameter set.  This balance between
domain-specific precision and multi-domain versatility is needed for comprehensive
system-level analysis, where the interaction between DC characteristics and AC
impedance must be captured coherently.

Further comparison with alternative models is unnecessary. As discussed in
the Literature Review, Chapter 2, no existing model is capable of simultaneously
reproducing both AC and DC behavior, nor of simulating transient responses, to the

extent achieved by the proposed e-SDM.

Table 4.5: MSE comparison for the three models under partial shading.

Impedance Spectroscopy Current-Voltage Curve
Model Used Test MSE [Q7] Test MSE [A?]
T3 0.0041 T3 N/A
CPE (Descriptive) T5 0.0025 T5 N/A
T9 0.0018 T9 N/A
T3 0.0504 T3 0.2601
Enhanced-SDM (Predictive) T5 0.1600 T5 0.1520
18 0.3684 T 0.0415
T3 N/A T3 0.0671
Traditional SDM (Static) T5 N/A T5 0.0065
18 N/A T 0.0729

N/A: Not Applicable. The CPE model is a small-signal model and cannot produce a static I-V

curve. The traditional SDM is a static model and cannot produce an impedance spectrum.
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4.3 Model Scalability and Robustness

A benchmark for any photovoltaic model is its ability to scale from an accurate
representation of a single cell to a predictive simulation of a large-scale system. To
demonstrate the robustness and adaptability of the enhanced SDM, its performance
was validated by simulating a utility-scale PV array operating under complex partial

shading conditions.

4.3.1 Simulation of a Large-Scale Array

A 40-panel PV array was constructed in LTspice™. The architecture, shown
in Figure 4.9, consists of four parallel strings, with each string comprising ten
series-connected panels. Each panel in the simulation is an instance of the same
enhanced SDM subcircuit developed previously. A fundamental aspect of this
validation is that the entire array was simulated using the single, invariant parameter
set identified from the experimental characterization (Table 4.4), without any

re-fitting or adjustment.
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Figure 4.9: SPICE schematic of the 40-panel PV array. Shaded blocks represent panels
subjected to reduced irradiance. For improved readability, only the first two and final three

rows are presented.
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To simulate realistic operating conditions, a non-uniform shading pattern
was applied by assigning different irradiance values to selected panels, creating a
challenging test scenario. The simulation was automated using the SPICE directives
shown in Listings 4.1 and 4.2.

The results in Figure 4.10 demonstrate the capability of the enhanced SDM
to simulate the complex behavior of a large, partially shaded array. The model
reproduces the expected theoretical features, such as multiple local maxima in the
I-V curve and distorted impedance arcs, consistent with the mismatch scenarios
applied.

Figure 4.10a, exhibits the multiple local maxima characteristic of such
conditions, while the impedance spectra in Figure 4.10b show deformation from the
ideal single-arc shape, with the specific signature depending on the DC bias point
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Figure 4.10: I-V curves and IS spectra for the PV array in Figure 4.9 under uniform and
two partial shading conditions. Diamond markers indicate where IS was measured. (a) I-V

curves; (b) Impedance Spectra.

The simulation, performed over a frequency range of 0.1 Hz to 100 kHz,
reveals distinct spectral signatures corresponding to the applied shading patterns.
As seen in Figure 4.10b, the impedance response under partial shading splits into
multiple arcs. This behavior can be physically interpreted: the high-frequency arc is
dominated by the bypass diodes and the parasitic inductance of the shaded panels
(which are effectively shorted), while the low-frequency arc reflects the recombination
dynamics of the active, unshaded panels operating at a higher voltage. This
separation of time constants provides a diagnostic indicator of the number of string
sections affected by mismatch.
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Simulation Configuration

The DC sweep procedure characterizes the I-V relationship of the photovoltaic
device. The procedure identifies the V., measured when the load current is zero,
and the I, obtained when the terminal voltage is zero. From the I-V data, the MPP
is found by identifying the peak value of the product of voltage and current. The
corresponding voltage (V},,,) and current (I,,,,) at this operating point are then
extracted. These parameters provide the necessary DC bias points for subsequent

dynamic analysis.

Listing 4.1: DC sweep procedure for PV characterization

*** Mazmimum Power Point (MPP) Characterization *xx
.meas DC Voc FIND V(Vp) WHEN I(V_load)=0

.meas DC Isc FIND I(V_load) WHEN V(Vp)=0

.meas DC MPP MAX V(Vp)#*I(V_load)

.meas DC Vmpp FIND V(Vp) WHEN V(Vp)*I(V_load)=MPP
.meas DC Impp FIND I(V_load) WHEN V(Vp)#*I(V_load)=MPP
.meas DC FF PARAM ’ (Vmpp*Impp)/(Voc*Isc)’

The AC analysis procedure is used to investigate the dynamic electrical
behavior of the PV device. This analysis is performed at one or more DC bias
points, such as the MPP values (Vipp1, Vinpp2, -, Vimppn). For each bias point,
an AC voltage perturbation is applied across a range of frequencies. The complex
impedance (Z = V/I) is calculated by measuring the real and imaginary components
of the voltage-to-current ratio at each frequency step. The results are visualized as
Nyquist plots.

Listing 4.2: AC analysis procedure for impedance spectroscopy

*** Impedance Spectroscopy at Multiple Uperating Points ***
.step PARAM Vtest list Vmppl Vmpp2 Vmpp3 ... Vmppn

#x* Calculate complexr impedance Z = V/I

.meas AC Z_real FIND real(V(Vp)/I(V_load))

.meas AC Z_imag FIND imag(V(Vp)/I(V_load))

*x* Impedance: Z = Re(Z) - j*Im(Z) *xx

#** Plot: —-Re(V(Vp)/I(V_load)) vs —Im(V(Vp)/I(V_load)) ***

This simulation confirms that the physical parameters captured at the
single-cell level can be effectively extrapolated to model the complex interactions
within a large-scale array. This validates the scalability of the proposed model and

establishes it as a powerful predictive tool for system-level design and diagnostics.
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4.3.2 Diagnostic Sensitivity of Impedance Spectroscopy

Having validated the predictive capabilities of the Enhanced SDM under
standard partial shading, it is crucial to assess the broader utility of IS as a diagnostic
tool. The ultimate goal of the proposed modeling framework is to serve as the core of
a model-based diagnostic algorithm; however, for such an algorithm to be effective,
the underlying measurement technique must be proven sensitive to a wide range of

fault conditions.

Therefore, this section focuses on the experimental assessment of IS sensitivity.
Rather than simulating these specific scenarios, the following tests isolate the impact
of common field mismatches, such as soiling and single-cell shading, on the measured
impedance spectrum. These experimental findings highlight the specific spectral
signatures that a model-based tool would need to detect and interpret, thereby

justifying the development of the physics-based e-SDM presented in this work.

To further assess the diagnostic utility of IS, its robustness was tested against
two common mismatch scenarios that occur in real-world PV deployments: soiling
and localized cell shading. The experimental setups for these conditions, illustrated
in Figure 4.11, involved applying a soiling pattern (Figure 4.11b) and partial shading
to a single cell (Figure 4.11c) on one of the panels, comparing these against the
baseline uniform condition (Figure 4.11a). These tests were designed specifically to
evaluate the method’s sensitivity under different fault types and severities to confirm
the optimal electrical conditions for performing the measurement.

(a) Uniform condition. (b) Soiling. (c) Partial shading.

Figure 4.11: Experimental setup for testing different mismatch conditions: (a) The baseline
uniform condition, (b) A soiling pattern applied to one panel, and (c) Partial shading

applied to one cell of one panel.
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The first experiment focused on assessing the influence of the DC bias point
on the sensitivity of impedance-based diagnostics. Impedance spectra were acquired
at three distinet operating points (a, b, and ¢) along the I-V curve of a soiled panel
string, as shown in Figure 4.12a. The results, presented in Figure 4.12b, clearly
demonstrate the critical importance of measuring near the MPP. Measurements
were taken far from the MPP (points a and b, closer to V) produced spectra that
closely resembled the ideal single-arc shape typical of uniform conditions, showing
minimal deviation despite the presence of soiling. This occurs because, at these bias
points, both the soiled and clean panels are forced to operate under similar electrical
stress (high voltage, low current), masking the underlying mismatch in their dynamic

response.

In clear contrast, the spectrum obtained near the MPP (point c) exhibited
a pronounced double-arc signature. Operating at or near the MPP forces the
mismatched panels into distinctly different operating conditions (one trying to
produce maximum current, the other limited by soiling), amplifying the differences
in their internal impedances and revealing the mismatch clearly in the combined
spectrum. This finding confirms that performing IS near the MPP is essential for
maximizing diagnostic sensitivity, making it ideal for online monitoring systems that

naturally operate at this point.
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Figure 4.12: Effect of measurement point on IS for a soiled PV panel: (a) I-V curve with
the three test points (a, b, ¢) and (b) IS spectra at the points (a, b, ¢).

The second experiment investigated whether IS could not only detect but
also provide information about the severity of a mismatch condition. Figure 4.13
presents the results for progressively heavier soiling applied to one panel. While
the corresponding I-V curves, shown in Figure 4.13a, exhibit only subtle reductions
in maximum power and slight changes in shape, making quantitative assessment
difficult based on static data alone, the impedance spectra measured at the MPP
(Figure 4.13b) reveal a clear and systematic trend.
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As the severity of soiling increases (from light to heavy), the characteristic
double-arc deformation of the Nyquist plot becomes increasingly pronounced. The
separation between the two arcs grows, and their relative sizes change, indicating
a growing divergence in the dynamic behavior of the clean and soiled panels. This
direct correlation between the degree of spectral deformation and the severity of the
fault is a significant finding. It suggests that IS does not just offer a binary detection
of mismatch but provides a more detailed "fingerprint" that could potentially be used
by advanced diagnostic algorithms to quantify the extent of the problem, estimate

performance loss.
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Figure 4.13: Effect of increasing soiling level: (a) I-V curves for uniform, light, and heavy

soiling and (b) Corresponding impedance spectra measured at the MPP.

A third experiment examined the impact of highly localized faults, which can
be challenging to detect using methods that average over larger areas. This test
involved incrementally shading just a single cell within one of the panels. As shown
in Figure 4.14a, shading a single cell has a minimal impact on the overall I-V curve
shape and the MPP location. However, despite the small physical area affected,
the resulting distortion in the impedance spectrum, shown in Figure 4.14b, was
both distinct and detectable even for light shading. The characteristic double-arc
signature appears immediately, confirming that the dynamic response measured by IS
is highly sensitive even to minor, localized mismatches. This outcome demonstrates
the high sensitivity of IS compared to traditional I-V analysis for detecting subtle
faults that might otherwise remain hidden.

Together, these validation experiments confirm that IS is a robust and highly
sensitive diagnostic technique for PV systems. A key aspect of its effectiveness is the
selection of the appropriate bias point for the measurement; operating near the MPP
significantly enhances sensitivity to fault conditions by maximizing the electrical
stress difference between mismatched units, thereby revealing subtle asymmetries
that might otherwise go undetected.
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Figure 4.14: Effect of single-cell shading: (a) I-V curves for uniform, light, and heavy
single-cell shading and (b) Corresponding impedance spectra, showing the sensitivity of IS

to even localized mismatches.

When performed under these optimal conditions, the method can reliably
identify a wide range of mismatch phenomena, from distributed effects like soiling
to highly localized single-cell faults, all without interrupting the system’s normal
energy harvesting operation. This capability suggests that IS can move from simple
fault detection towards quantitative assessment, positioning it as a powerful tool for
implementing sophisticated real-time condition monitoring, predictive maintenance

strategies, and performance optimization algorithms in modern PV systems.
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4.4 Chapter Conclusion

This chapter demonstrated the practical application and validation of the
enhanced SDM introduced previously. Through targeted experiments, the model’s
unique capability to accurately predict both the static I-V characteristics and the
dynamic impedance response of PV cells and panels was confirmed across a broad
range of operating conditions. Using a single, invariant parameter set derived
from a single-cell experiment, the model successfully simulated system behavior
under varying irradiance levels, temperatures, and bias points. Crucially, this same
parameter set effectively scaled to predict the complex behavior of a 40-panel array
under non-uniform shading, accurately reproducing multi-peaked I-V curves and
distorted impedance spectra.

This validated self-adaptive capability represents a significant advancement
over existing methods. Conventional static models like the SDM fail to capture
dynamic effects essential for impedance-based diagnostics, while empirical dynamic
models (e.g., CPE-based) require re-parameterization for each operating condition.
The enhanced SDM bridges this gap by unifying static and dynamic domains within
a single physics-based framework, eliminating the need for repeated characterization.

Furthermore, the experimental investigation yielded a critical insight for
practical diagnostics: mismatch signatures, such as the double-arc deformation
in impedance spectra, are most pronounced when measurements are performed
near the system’s MPP. This finding underscores the importance of designing
diagnostic-aware power electronics capable of performing IS while executing MPPT.

Having established the enhanced SDM as an accurate, scalable, and robust
simulation tool, its utility is now confirmed. The following chapter will apply this
validated model to address the practical engineering challenge of designing a power
converter capable of performing online IS, thereby linking advanced modeling with
real-world diagnostic hardware implementation.
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Power Electronics for PV Diagnosis

This chapter presents the hardware implementation and experimental
validation of impedance-based diagnostics for both energy storage and PV systems.
The work addresses the second research question concerning the feasibility of
employing power electronic converters as platforms for online diagnostics. Following
the terminology established in Chapter 2, Electrochemical Impedance Spectroscopy
(EIS) will refer to battery diagnostics, whereas Impedance Spectroscopy (IS) will be
used for photovoltaic systems.

Two case studies are investigated, which were mainly developed during the
secondment periods within the PhD program. The first case study describes
a foundational feasibility assessment on battery systems, conducted during an
industry-related secondment at Bitron S.p.A. R&D centre for Automotive
products in Salerno, Italy. This study confirmed the core conecept of repurposing

commercial hardware for diagnostics.

The second case study details the complete design and testing of a power
converter specifically optimized for performing IS measurements on PV panels. This
work was developed during a research-focused secondment at the Universidad Rey
Juan Carlos (URJC) in Madrid, Spain. This progression demonstrates a clear

process from concept validation to a robust, cost-effective hardware implementation.

Finally, it should be mentioned that part of this hardware and software
development has also been valued as outcomes of the project Enhanced Device for
Online diaGnosis of PHOtovoltaic and Storage Systems (DOGPHOSS),
funded by the Italian Ministry of University and Research (MUR) under the
PRIN2022-PNRR program.
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5.1 Case Study 1: Feasibility Assessment on
Battery Systems

This research phase was conducted as an industry-focused secondment in
collaboration with Bitron S.p.A. The primary goal was to assess the feasibility
of performing online EIS on battery systems. The objective was to determine if
a commercial off-the-shelf power converter could be adapted for this diagnostic
function through minimal firmware modifications, thereby avoiding the need for

additional hardware or costly external instrumentation.

The specific hardware is a commercial product from Bitron S.p.A. typically
used for electric vehicle charging. The topology used within this converter is a DAB
converter, as shown in Figure 5.1. In compliance with non-disclosure agreements and
industrial Intellectual Property protections, the model is presented in an abstracted
form. Details regarding the exact configuration, components, and control loops
are not disclosed. The study successfully demonstrated that the existing power
electronics hardware could be repurposed for advanced in situ diagnostics. This
outcome provided a significant proof-of-concept, setting the basis for the subsequent

design of a dedicated system designed for PV applications.
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Figure 5.1: Simplified schematic of the Dual Active Bridge (DAB) topology utilized in the

Bitron S.p.A. converter. Specific component values are omitted due to intellectual property

constraints.
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5.1.1 Experimental Setup

To establish a baseline, the batteries were first characterized offline using a
Biologic SP-200 potentiostat [36]. Then, the same procedure was carried out online
by the DAB power converter, allowing for a direct comparison between the laboratory

approach and the embedded, on-line implementation.

Battery Specifications

The device under test consists of a series connection of two BPI ™ 25.6 V,
50 Ah LFP battery packs; a single battery is shown in Figure 5.2. Their main
specifications are summarized in Table 5.1. For the online experiments, the two
packs were connected in series to satisfy the minimum input-voltage requirements
of the DAB converter. In contrast, during the offline characterization, only a single
battery was tested at a time due to the voltage limitations of the Biologic SP-200
potentiostat [36].

Figure 5.2: Commercial BPI LFP battery pack used as the Device Under Test. Main
specifications: 25.6 V @ 50 Ah.

Table 5.1: Battery Pack Specifications

Specification Single cell (1S1P) Battery (8S1P) Pack (16S1P)
Nominal Voltage 3.2v 25.6V 51.2V
Max Charge Voltage (Absorption) 3.65V 29.2V 58.4V
Max Charge Voltage (Float) 3.40V 27.2V 54.4V
Nominal Capacity 50Ah

Maximum Charge Current 25A (0.5C)

Standard Charge Current 10A (0.2C)

Offline Characterization: Potentiostat Baseline

Fach battery was individually characterized using a BioLogic SP-200
potentiostat. To minimize the influence of lead and contact resistance, a four-wire
Kelvin connection was employed, as shown in Figure 5.3. The measurement protocol,
automated with EC-Lab software [102], measured impedance across a range of SoC
values at a controlled ambient temperature of approximately 30°C.
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Figure 5.3: Baseline characterization setup. The photograph (left) shows the potentiostat
and the battery. The diagram (right) represents the complete measurement chain: SP-200
potentiostat, HCV-3048 booster, HV-40 voltage probe, connection box, device under test,
Ethernet router, and PC running EC-Lab®.

The experimental campaign begins with a Battery Capacity Determination
(BCD) test. Conducted under galvanostatic conditions, this procedure applies a
constant current during charge and discharge cycles as the battery oscillates between
the potential limits Ear1 and Eare. The resulting capacity value allows for the
normalization of charge and discharge rates (C-rates) used in all following stages. The
measurement cycle proceeds by resetting the battery to a fully discharged state at
Enre (0% SoC). Then the procedure is based on Galvanostatic Cycling with Potential
Limitation (GCPL), where a constant current I, is maintained until a target SoC is
reached. To enhance the system’s stability, we utilize the GCPL7 variation. While
standard GCPL protocols use a hardware transition from current to potential control,
the GCPLT keeps galvanostatic operation throughout the entire sequence. When the
setpoint SoC is reached, the GCPLT maintains the Fj; value constant by dynamically
modulating the applied current. This prevents current glitches caused by GCPL
alone [102].

From this fully discharged state, the battery is charged in 0.2C' increments.
After each interval, the system enters a 15-minute relaxation period to allow the
Open-Circuit Voltage (OCV) to stabilize before initiating impedance measurements.
This relaxation period serves as a preconditioning step, allowing the electrochemical
cell to reach a stable steady state. At this moment, EIS is performed to acquire the
battery’s characteristic impedance. The Galvanostatic Electrochemical Impedance
Spectroscopy (GEIS) variant is used to replicate the operational conditions of the
DAB converter. The current control was set to a 10 A DC bias with a 3 A AC
current superimposed. The frequency was swept logarithmically from 1.2 kHz down
to 120 mH z using six points per decade [102].
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All parameters are configured using the EC-Lab V11.61 interface, which
manages the transition between charging, relaxation, and EIS measurement phases.
Figure 5.4 visualizes this entire procedure, mapping the voltage evolution during the

charging steps and the resulting impedance spectra acquired at each target SoC.
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Figure 5.4: Chronological sequence of the offline characterization protocol. The top plot
tracks the voltage evolution during BCD and stepwise charging; markers indicate GEIS

acquisition points.

The bottom plot displays the resulting Nyquist spectra obtained at

20%, 40%, 60%, and 80% SoC.

While this 30% modulation magnitude exceeds typical laboratory standards
(which generally aim for < 10% to ensure strict linearity), this amplitude was
intentionally chosen to replicate the operating conditions expected during the

subsequent measurements with the DAB converter.
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The larger excitation improves the signal-to-noise ratio (SNR) in the presence
of substantial switching noise. The selection of the amplitude also ensures consistency
with the reference instrumentation. As discussed in the validation results, the voltage
response remained sinusoidal with negligible harmonic distortion, confirmed by the
Fast Fourier Transform (FFT) analysis, meaning that the battery effectively operated
within a quasi-linear region despite the increased perturbation magnitude.

The complete characterization cycle, comprising a GCPLT charge, an OCV
relaxation, and a GEIS measurement, is repeated to assess the battery at
increasing SoCs. Following the initial charge to a SoC of 20%, the cycle is repeated to
reach a SoC of 40% and 60%. To ensure robust data at a key operating point, three
consecutive measurements are then conducted at a SoC of 80%. All subsequent
tests in this study are performed under these specific conditions. SoC of 80% and
an ambient temperature of 30°C. Figure 5.4 summarizes the procedure and shows
the resulting impedance spectra at different SoC points, confirming that the SoC

influences the impedance response.

Offline Characterization: GEIS Robustness and Parasitic De-embedding

To validate the robustness of the GEIS measurements, the procedure was
repeated under three DC current offsets simulating typical operational states:
charging (+10 A), discharging (—10 A), and relaxation (0 A). In each test, a 3 A
sinusoidal perturbation was superimposed on the respective DC bias. The time
duration of each measurement ensures that the battery’s SoC remains effectively
constant, as shown in the voltage drift in Figure 5.5, thus isolating the system’s
dynamics.

Figure 5.5 presents the acquired impedance spectra. The consistency of the
Nyquist plots demonstrates that the measurement principle is robust. To determine
the robustness of the measurement, we evaluated the mean series resistance (ug,) and
its standard deviation (og,) across the samples. pg, was calculated as 0.0165 €2,
with a standard deviation of 0.00014 2. Resulting in a coefficient of variation of
0.85%, a value that demonstrates the robust nature of the experimental setup. This
finding is significant for onboard applications. It confirms that reliable diagnostic
data is obtainable whether the battery is actively charging, supplying a load, or
resting. The main prerequisite for comparative analysis is maintaining a consistent
SoC across measurements, as impedance characteristics are dependent on the SoC.
While a precise SoC estimation would also require considering the influence of
temperature using a climate chamber, such thermal analysis falls outside the scope
of this work. The primary objective of this thesis is to demonstrate that impedance
spectra, traditionally acquired with laboratory-grade potentiostats, can be reliably

measured online using a power converter.
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Figure 5.5: Robustness validation of the GEIS technique. The Nyquist plots show consistent
impedance profiles across three distinct operational modes: relaxation (0 A), charging
(+10 A), and discharging (—10 A).

However, a closer inspection of the raw data revealed deviations from
theoretical expectations. The spectra exhibited pronounced inductive behavior
at high frequencies, hiding the underlying electrochemical characteristics. This
indicated that the wiring introduced non-negligible parasitic impedance. To verify
this hypothesis, the entire measurement chain was isolated and independently
characterized. First, the parasitic impedance of the complete Cable Assembly was
measured. Then, the lumped impedance of the junction box, reported as Connectors,
was characterized, and the contribution of the cable itself Wire Only was obtained
by vector subtraction. The resulting spectra for each case are presented in Figure 5.6

To recover the true battery impedance, the total parasitic vector was
subtracted from the raw measurement data. This de-embedding process validates
the initial hypothesis. As shown in Figure 5.7, removing the parasitic influence
transforms the distorted raw data into a impedance spectrum. The corrected
curve Pure Battery clearly displays the characteristic depressed semicircle and
low-frequency diffusion tail associated with the Randles circuit model, in Figure 2.1,
confirming the validity of the measurement and the necessity of the de-embedding
step.



80 5. Power Electronics for PV Diagnosis

%1073
2 |-
0 |-
24+
=)
= 4
N
E
T el
8l
Cable Assembly
-0 ¢ Connectors
Wire Only
L | ' ‘ | . |
0 2 4 6 8 10 12 14
Re(Z) [ %10

Figure 5.6: Characterization of parasitic hardware impedance. The impedance of the Cable
Assembly is shown together with the separated contributions of the Connectors and Wire

Only, evidencing the inductive nature of the measurement leads.
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Figure 5.7 Raw impedance spectra of battery cells including parasitics (Raw Battery) and
corrected, de-embedded spectra (Pure Battery).
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Online Characterization: Commercial Power Converter

Online experiments were conducted using the DAB output stage of the
commercial electric vehicle charger. The physical test bench is shown in Figure 5.8.
To enable diagnostic capabilities without hardware alterations, the converter’s
internal current control loop was reprogrammed. The firmware was modified to inject
a 3.0 A sinusoidal perturbation ranging from 120 mH z to 82 Hz on top of the 10.0 A
DC charging current. As visible in the setup, external voltage and current probes
were installed to monitor the injection and response, serving as an independent
validation of the converter’s internal sensors. Due to industrial intellectual property
constraints and existing industrial patents, the photograph has been cropped to hide

proprietary circuit details.

Figure 5.8: Physical test bench for online EIS validation. The setup utilizes the DAB stage
of a commercial Bitron S.p.A. EV charger. Note: Specific hardware details in the photograph

have been cropped to comply with non-disclosure agreements.

Figure 5.9 presents the oscilloscope waveforms captured at 82 Hz, the critical
upper frequency limit imposed by the converter’s bandwidth. The yellow trace
represents the controlled current stimulus, described by 7(t) = 10 A+ 3 sin(wt), while
the green trace shows the resulting voltage response across the battery terminals.
The current controller maintains a relatively low Total Harmonic Distortion (THD)
of 8.99% for the sinusoidal excitation. In contrast, the voltage response presents
a THD of 58.8%. This distortion is not indicative of electrochemical non-linearity.
Instead, it comes from the low SNR inherent to the measurement. The battery’s
milliohm-range impedance generates a small AC voltage response comparable with
the switching noise of the DAB converter.



82 5. Power Electronics for PV Diagnosis

10ms obs

P2:mean(C4) P3:pkpk(C4) P4-mean(C1)
538705V 200.0 mV 99012A
v v v

| _HD_|

12 Bits 10.0ms/div Stop  1200A

10kS 100 kSis Edge Positive

Figure 5.9: System response at the 82 Hz bandwidth limit. The yellow trace (C1) shows

the injected current stimulus, while the green trace (C'4) reveals the voltage response.

Despite the visual noise in the time domain, the impedance information is
preserved in the frequency domain. To extract it, the raw data is processed through
a custom MATLAB algorithm. Figure 5.10 illustrates this extraction workflow
using the same 82 Hz dataset. The impedance extraction algorithm relies on a
multi-step signal processing algorithm designed to isolate the target electrochemical
response from the converter’s inherent switching noise. The process begins with
the acquisition of raw time-domain waveforms, depicted in Figure 5.10a, which
contain both the large DC operating point and the superimposed small-signal AC
perturbation. Because impedance is a fundamental characteristic of the AC response,
the DC offset is first removed from both voltage and current channels. This operation
gives the zero-centered oscillations shown in Figure 5.10b, effectively isolating the
dynamic behavior of the battery. Subsequently, these conditioned signals are
transformed into the frequency domain using a Fast Fourier Transform (FFT). The
resulting magnitude spectra for voltage and current are presented in Figure 5.10c
and Figure 5.10d, respectively. A feature of these plots is the sharp, distinct spectral
peak located precisely at the stimulation frequency. Despite the significant noise
visibly distorting the time-domain voltage signal, the FFT effectively concentrates
the perturbation’s energy into this fundamental frequency bin, rising significantly
above the broadband noise floor. This spectral separation allows for the precise
extraction of the voltage and current complex phasors necessary for calculating the
impedance, thereby rejecting the parasitic noise components distributed across other

frequencies.
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From the FFT output, the script extracts the complex values of voltage
(V(w) = |V]e??v) and current (I(w) = |I|e7?!) at the known excitation frequency.
The impedance magnitude |Z(w)| and phase ¢z(w) are then calculated using

[Z(w)| = V()| / H(w)| and ¢z(w) = dv(w) — ¢r(w).
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Figure 5.10: Signal processing workflow for impedance extraction at 82 Hz. (a) raw
waveforms, (b) zero-biased signals, and (¢, d) corresponding FFTs for voltage and current

used for impedance calculation.

The resulting complex impedance spectra are synthesized in the Nyquist plot
depicted in Figure 5.11. This figure serves as a comparative analysis, contrasting the
online measurements against a reliable benchmark. Three datasets are presented.
The DAB Converter (RAW Data) trace shows the direct output of the FFT
processing chain. The Brologic Reference serves as the target baseline; it is
constructed from the intrinsic battery data previously isolated in Figure 5.7, scaled
by a factor of two to account for the series configuration of the online pack. Finally,
the DAB Converter (De-embedded) spectrum results from vectorially subtracting the
known cable parasitics from the raw online data.
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The visual alignment is convincing. While the raw data shifts due to inductive
cabling effects, the de-embedded spectrum converges toward the reference baseline.
This close agreement provides initial verification that the online measurement, when

properly corrected, delivers proper diagnostic data.
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Figure 5.11: Nyquist plot validating the DAB converter measurement. The graph contrasts
the online DAB Converter data (RAW Data) with the corrected spectrum (De-embedded).

The 2x scaled offline baseline (Biologic Reference) is included as the target reference.

While the cable de-embedding significantly improved the spectral shape,
a residual discrepancy persisted between the online and offline measurements.
Figure 5.11 shows this deviation.

The Mean Vector Error (MVE) serves as the primary metric to quantify
measurement accuracy within the complex plane. Unlike scalar error metrics, the
MVE accounts for simultaneous discrepancies in both magnitude and phase. For
a given frequency, the vector error is defined as the geometric distance between
the measured impedance, Zpap, and the reference baseline, Zyipiogic- To provide
an assessment of performance, this absolute difference is normalized against the
magnitude of the reference vector. The MVE aggregates these individual relative

errors across the entire frequency spectrum, N, as expressed in (5.1).

N

] |ZpAB,i — Zbiciogic,i
MVE = — : ’
N ; ( |Zbiologic,i

x 100) (5.1)

Empirical analysis demonstrates that physical de-embedding reduced the
(RAW Data) MVE from 34.87% to 16.73%. Despite this improvement, a residual

error is still present.
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5.1.2 Compensation Model for Systematic Error Correction

The residual error observed after physical de-embedding suggests the presence
of frequency-dependent gain variations and phase shifts. These variations are
likely induced by propagation delays and filter attenuation inherent in the power
converter’s feedback loop. To align the online data with the laboratory baseline, a
compensation model was formulated as defined by (5.2).

OUf) = Qg 25mda (5.2)

where C' denotes a constant magnitude scaling factor and At represents
a linear time-delay correction. Through numerical optimization, the optimal
parameters were identified as C = 0.973 and At = 5.1 us. These factors were
derived by minimizing the vector error between the DAB Converter data and the
Biologic Reference under identical charging conditions.

The efficacy of this dual-stage correction is shown in Figure 5.12. While
physical de-embedding successfully reduced the MVE from an initial 34.87% to
16.73%, the integration of the analytical model further suppressed the error to
11.76%. This refinement represents a cumulative accuracy improvement of 66.3%
relative to the de-embedded baseline. Such results confirm that the majority of online
measurement errors are deterministic and can be corrected, which allows high-fidelity

battery diagnostics without requiring extensive hardware modifications.
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Figure 5.12: Nyquist plot validating the online DAB measurement. The plot compares
the de-embedded and compensated DAB Converter impedance with the Biologic reference.

The reported error is calculated with respect to the charging condition.
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Subsequently, the robustness of the compensation model was validated
through two independent experimental runs performed under the same setup using
the DAB. As shown in Figure 5.13, the algorithm simultaneously corrects the
displacement generated by the wiring and then modulates the magnitude and
phase of the impedance spectra to eliminate residual systematic errors. This
unified correction facilitates the alignment between the compensated spectra (DAB
Charging Experiment 1 and DAB Charging Experiment 2) with the target reference
(Biologic Reference: Charging). Most importantly, both datasets were processed
using the same optimization parameters derived from the initial characterization,

demonstrating the model’s stability across distinct measurement cycles.

The application of this mathematical framework results in a noticeable
alignment between online and offline characterizations. By effectively neutralizing
the deterministic shift in the measurement chain, the online measurements achieve
a high level of fidelity compared to the reference baseline. Quantitatively, the
MVE for the two validation runs decreased to 2.12% and 4.08%, respectively.
This outcome represents a substantial error reduction of approximately 93.9% and
88.3% relative to the raw measurements. These findings confirm that a standard
power converter, supported by a robust calibration protocol, can function as a

high-precision diagnostic instrument for real-time battery health monitoring.
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Figure 5.13: Comparison of compensated spectra for two cases: online DAB measurements
(DAB COMPENSATED 1 & 2) and the offline Biologic baseline.
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5.2 Conclusion of Case Study 1

This experimental campaign validated the feasibility of embedding EIS
capabilities into commercial power converters. By exploiting the existing control
loops of a DAB charger, it was demonstrated that battery impedance can be
monitored online without requiring additional external hardware. Additionally,
the study showed that raw online measurements are insufficient due to cabling
parasitics and systematic delays. However, the implementation of a two-stage
correction method reduced the MVE by over 90%. This finding confirms that reliable
diagnostics are achievable even with standard industrial electronics, provided that
appropriate calibration strategies are employed.

Nevertheless, the transition from battery systems to PV applications
introduces new challenges that this specific hardware cannot meet. The
DAB converter’s control loop limited the maximum stimulation frequency to
approximately 82 Hz. While sufficient for batteries, this bandwidth is inadequate
for PV panels. Consequently, the research must now evolve. The following section
will focus on designing a dedicated power converter, specifically optimized to meet

the frequency requirements of online PV impedance spectroscopy.
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5.3 Case Study 2: Optimized Converter Design for
PV Diagnostics

A primary challenge in embedding diagnostic functions within a power
converter is managing the Electromagnetic Interference (EMI) generated by
high-frequency switching. The low-amplitude perturbation used for IS can be easily
distorted by the converter’s switching ripple, which degrades the measurement. To
address this, an IBC topology was selected for the custom hardware design [103]. By
operating multiple boost stages in parallel with phase-shifted control signals, the IBC
architecture inherently cancels a significant portion of the input current ripple. This
reduction in switching noise is critical for preserving the integrity of the small-signal
measurement, making the topology well-suited for diagnostic applications.

By operating multiple converter phases in parallel with a relative phase shift,
the IBC architecture inherently reduces input current ripple. This interleaving causes
the ripple currents from each phase to partially cancel one another. The result is
a cleaner electrical environment, which is a prerequisite for IS measurements. A
comparative analysis, summarized in Table 2.1, confirmed that a three-phase design
offered the optimal balance of ripple cancellation, fault tolerance, and manageable
hardware complexity for this application.

This hardware was developed during a research secondment at Universidad
Rey Juan Carlos (URJC) in Madrid, Spain. The work contributed to delivering
a cost-effective, embedded solution for the online diagnostics of photovoltaic and
energy storage systems. The proposed architecture shares design principles with
the approach proposed within the DOGPHOSS research project, financed at the
University of Salerno, and the findings presented in this chapter contributed to
corroborating the project’s outcomes.

5.3.1 Hardware configuration

The DOGPHOSS architecture, shown in Figure 5.14, is a modular system
designed for online diagnostics. It consists of four main components. The Dedicated
Excitation Module (DEM) injects the required voltage or current stimulus into
the Device under test (DUT). The analog Front-End Module (FEM) performs
high-accuracy voltage and current sensing at the DUT’s terminals and also
generates the signals for the IS stimulation. These modules are coordinated
by the System Management Unit (SMU), an embedded system responsible
for synchronization, timing the IS stimulations, and processing the acquired
data. Finally, the Configurable Online Diagnostic Algorithm (CODA) runs on the
Supervisory Board (SMU), providing a system for analyzing different types of DUTs.
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The converter developed in this case study integrates the functionalities
of a DC/DC power stage and a DEM. The design process was guided by
a dual-functionality requirement: the hardware must perform efficient power
conversion while running a MPPT algorithm, while simultaneously generating a
low-noise diagnostic stimulus. Achieving a high SNR was a primary design criterion,

as this is important for robust online impedance measurements.
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Figure 5.14: Functional architecture of the DOGPHOSS diagnostic system. The converter
developed in this case study corresponds to the DEM.

IS for PV applications introduces a small perturbation and measures the
system’s response across a specified frequency range. The perturbation can be either
a current, in GEIS mode, or a voltage, in PEIS mode.

For standard c¢-Si modules operating in the voltage-source region, the
most relevant dynamic signatures associated with macroscopic mismatch and
recombination processes occur predominantly in the low-to-medium frequency
domain. Based on this, a practical excitation bandwidth of 10Hz to 10kHz was
selected for the diagnostic objectives of this work. This range aligns with the
recommendations of the laboratory equipment manufacturer [102] and has been
validated in previous studies addressing similar phenomena [92]. The chosen
bandwidth provides an effective compromise between the limitations imposed by
the power converter and the sensitivity required to detect shading and soiling effects,
while intentionally excluding ultra-high-frequency components (> 100 kHz) typically
linked to interconnect inductance or thin-film-specific behaviors. A fundamental
constraint for online IS is that the power converter’s switching frequency must be
substantially higher than the maximum perturbation frequency to prevent spectral
interference [104].
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5.3.2 Power converter Topology Selection

Achieving a sufficiently high effective switching frequency can be accomplished
through two primary strategies. The first involves utilizing Wide Band-Gap (WBG)
semiconductors, such as GaN transistors, which facilitate high-speed operation [105].
An alternative strategy, with conventional silicon-based MOSFETS, is the use of
interleaved converter topologies. These converters increase the effective ripple
frequency at their terminals, which shifts switching harmonics away from the IS
measurement band and reduces noise.

Silicon MOSFETSs represent a mature and cost-effective technology. This
maturity extends to the design ecosystem and reduced development time. In
contrast, the faster switching speeds of GalN devices require more complex layouts

to manage parasitic inductances, and EMI.

Therefore, the interleaved topology provides a method to achieve the required
high effective ripple frequency through architectural means. This approach effectively
pushes switching harmonics far from the IS bandwidth, achieving the necessary
noise reduction for measurements while benefiting from the reliability, simplicity,

and cost-effectiveness of conventional silicon technology.

The design process began with the selection of a converter topology guided
by the requirements of PV energy harvesting and the need for a clean electrical
environment for sensitive diagnostic measurements. A comparative analysis in [78]
concludes that boost configurations outperform buck configurations for MPPT in
PV systems. Given the voltage requirement and that boost configurations are
better suited for MPPT applications, complementing the selection with the frequency
shifting criteria, the IBC was selected. A generalized synchronous IBC is shown in
Figure 5.15.
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Figure 5.15: Generalized topology of an n-phase synchronous IBC. The architecture consists

of multiple parallel boost converter stages controlled by phase-shifted gating signals.
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Therefore, the IBC topology offers several advantages for this application. Its
inherent ripple-cancellation characteristic allows for the use of smaller input filters,
which contributes to a more compact and cost-effective design [103]. Furthermore,
the parallel architecture provides fault tolerance; if one phase fails, the remaining
phases can continue to operate, ensuring uninterrupted power conversion and
diagnostic monitoring [106].

This enhanced reliability is important for continuous energy production and
ensuring periodic monitoring on the PV side. While the multiphase interleaved
topology allows for optimized filter design by canceling current ripple harmonics,
it also offers a degree of fault tolerance. In the event of a single-phase failure,
the converter can continue to operate, provided the remaining phase(s) are capable
of handling the redirected power flow. It is acknowledged that this introduces a
design trade-off: true full-power redundancy requires over-rating the individual phase
components, which may offset some of the volume reduction benefits. However, for
mission-critical applications where operation at reduced capacity (derated mode) is
preferable to a complete system shutdown, this topological redundancy remains a

significant advantage.

5.3.3 Modeling and Component Design

Power electronics are essential to modern grid systems, acting as the primary
interface between distributed energy resources (DERs) and the wider electrical
infrastructure. The capacity to function across various voltage levels, adapted to
microgrid design, system scale, and operational needs, facilitates accurate control,
efficient energy conversion, and dynamic load management. In addition to promoting
integration, power electronic interfaces significantly improve grid resiliency by
allowing for swift responses to disturbances, facilitating islanded operation, and
enhancing fault tolerance across various architectures. [107].

Voltage level selection in DC microgrids is guided by compatibility with
renewable energy sources, energy storage systems, end-use appliances, and the
general goals of efficiency and reliability.  Voltage systems around 48 V are
widely adopted in residential, telecom, and data center applications due to their
safety, regulatory compliance, and the availability of mature, cost-effective converter
topologies. In contrast, voltage levels up to 380 V are increasingly used in
industrial, marine, and HVDC-linked systems, where higher power density and
reduced distribution losses are critical. [108].

This differentiation of voltage levels directly influences the design and
implementation of DC microgrid topologies, control schemes, and implementations.
The choice of topology, whether radial, ring, ladder, or zonal, is closely dependent
on voltage architecture, system scalability, and application-specific demands.
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Each configuration presents trade-offs in terms of reliability, fault tolerance,
and control complexity, emphasizing the importance of voltage planning as a primary
step in design.

A 48 V nominal DC bus was selected for its compatibility with existing
laboratory infrastructure that includes a battery-based storage system at the same
voltage. This ensures practical relevance and easy integration with available
hardware. The system is powered by a PV string of two series-connected Solbian
SP-L16 panels, interfacing with the DC bus through the custom power converter,
designed within this chapter, for diagnostic functionality.

A switching frequency f; of 100 kHz was selected to maintain an optimal
balance between minimizing switching losses, reducing passive component size, and
maintaining sufficient spectral separation from the diagnostic frequency band used for
impedance measurements. To support this operating frequency and current range,
the IRFP140PbEF MOSFET was chosen for its robust performance characteristics
and suitability for this specific power conversion application [109].

Performance targets were defined for the converter’s passive components
to ensure stability and efficiency. An input voltage ripple of 20% is considered
acceptable for a robust MPPT, as this level of fluctuation is well-tolerated by the
tracking algorithm [81]. The inductor current ripple was limited to a conservative
30% of nominal current, balancing cost and size, while the output voltage ripple was
kept within 5% to maintain DC bus stability for the battery system. For the design
of the inductor, a peak magnetic flux density (Binqaz) of 0.3 T was selected to provide
a safe margin against core saturation.

The thermal design was guided by a maximum allowable temperature rise
of 40 °C, ensuring long-term reliability of the magnetic component. Practical
manufacturing constraints were also factored in, including a winding fill factor (K,,)
of 0.5 and an AC-to-DC resistance ratio () of 1.5 to model high-frequency copper
losses [110]. These parameters collectively form a robust framework for designing a
converter that is both efficient and reliable.

Design parameters are summarized in Table 5.2.

Single-Phase converter design

Once the design parameters and criteria are established, as outlined in
Table 5.2, the initial step involves developing a single-phase boost converter to serve
as a reference model for subsequent multi-phase configurations. The duty cycle, D, is
calculated based on the nominal input voltage, which defines the primary operating

condition. For an ideal boost converter, the duty cycle is given by Equation 5.3.

Ve _ 192V
Viead 51.2V

D=1 = 0.625 (5.3)



5. Power Electronics for PV Diagnosis 93

Table 5.2: Design Constraints and Component Parameters

Parameter Value

Nominal Operating Conditions and Converter Specifications

MPP Input Voltage (V) 192V
MPP Input Current (Ipy) 5.6 A
Output Voltage (Vipqa) 512V
Switching Frequency (fsw) 100 kHz
Ripple Targets € Budgets
Input Voltage Ripple (AVpy) 20% of Vpy
Input Capacitive Ripple Budget (AcrB,pv) 80% of Total Ripple
Output Voltage Ripple (AVjqq) 5% of Vigad
Output Capacitive Ripple Budget (AcrB,ioad) 10% of Total Ripple
Inductor Current Ripple (Aly) 30% of Iy
Component Parasitics (for Loss Calculation)
MOSFET On-Resistance (Rds on) 77 mQ
MOSFET Rise Time (tr) 44 ns
MOSFET Fall Time (¢7) 43 ns
MOSFET Output Capacitance (Coss) 550 pF
Diode Forward Voltage (Vsq) 25V
Switching Dead Time (tgeqq) 50 ns
Inductor DCR (Rpcr) 43 mS2
Input/Output Capacitor ESR (Rgpsr) 10 mQ2
Inductor Design Parameters
Peak Flux Density (Bmaz) 0.3'T
Max. Temperature Rise (ATmaz) 40 °C
Winding Fill Factor (K) 0.5
AC/DC Resistance Ratio (vy) 1.5

The inductor is sized to meet a target peak-to-peak ripple current (Aly) of
30% of the nominal input current. This target ripple, calculated with Equation 5.4,

defines the inductance value required for the converter.

AIL yarget = Ipw - AIL = 5.6 A -0.30 = 1.68 A (5.4)

The required inductance is then calculated using the inductor voltage-second
balance during the switch ON-time, as shown in Equation 5.5.

 Vp-D  192V.0625
" Alpsarget - fow  1.68A-100kHz

The input and output capacitors are sized to meet the specified voltage

L

~ 71.43 pH (5.5)

ripple requirements. The total voltage ripple is budgeted, with 80% allocated to
the capacitance and the remaining 20% to the capacitor’s ESR. The minimum
output capacitance is determined by the portion of the output voltage ripple budget
attributed to the capacitor’s charge/discharge cycle as presented in Equation 5.6.

AVigad,c = Vicad - AVicad - AcrB,load = 51.2V - 0.05-0.1 = 0.256 V (5.6)
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Assuming ideal power transfer (P, = Pou), the average output current is
Livad = (Voo Iny) /Viead = (19.2-5.6)/51.2 = 2.1 A. The required output capacitance
is then found using Equation 5.7.

Lioaa- D 21A-0.625

Cout,min AVipad.o  fsw  0.256V - 100 kHz ol2T (5:7)

Similarly, the minimum input capacitance is calculated to meet its ripple

voltage budget, defined in Equation 5.8.

AVyyc =V - AVyy - Acgpp = 19.2V-0.2-0.8 = 3.072V (5.8)

The minimum input capacitance required to satisfy this ripple constraint is
given by Equation 5.9.
AlL target 1.68 A

in,min — : — ~ 0.684 uF 5.9
G, 8 fuw AV,uc  8-100kHz-3.072V e (59)

Power Loss Modeling for Synchronous Converter

To evaluate the converter’s performance, a detailed power loss model for a
synchronous topology is established. The total power loss is the sum of contributions
from both semiconductor devices and passive components. First, the RMS currents
in the inductor, MOSFETs, and capacitors are determined. The inductor RMS
current is given by the Equation 5.10.

168A)

It s = \[ 12, + “’"g‘ft \/5 6A)2 ~ 5.621 A (5.10)

The main (boost) and synchronous MOSFET RMS currents are given by
Equation 5.11 and Equation 5.12 respectively.

InfainmoSFET.RMS = VD - I rars = V0.625 - 5.621 A ~ 4.443 A (5.11)

ISyncMOSFET,RMS =+V1-D- IL,RMS =+1-0.625-5.621 A =~ 3.442 A (5.12)
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The capacitor RMS currents are given by Equation 5.13 for the input capacitor
and by Equation 5.14 for the output capacitor.

ATL target 168 A

IC,in,rMS = ~ 0.485 A 5.13
C,in,RMS \/ﬁ \/E ( )

Ig,0ut, 05 = \| Bynersosror,nars = Taa = V3412 8)% — (21A)? = 2727 A
(5.14)

Semiconductor Losses

Conduction losses, presented in Equation 5.15, arise from the on-resistance
Rds on of both the main and synchronous MOSFETS, assuming the same device is
used for both positions.

Peond = (Itainmrosrer.rms T Laynemoseer, rus) - Rs.on
= ((4.443A)% + (3.442A)%) - 0.077Q ~ 2.432W (5.15)

Switching losses occur in both MOSFETs. A conservative estimate assumes
both devices experience similar hard-switching losses, as detailed in Equation 5.16.

Psw = Woad 9 Ipv & (tr + tf) E ,fsw
=51.2V-5.6A - (44ns + 43 1s) - 100kHz ~ 2.402 W (5.16)

Energy stored in the output capacitance (C,,) of both MOSFETS is dissipated

during turn-on, as expressed in Equation 5.17.

PCoss =2 Coss . Wia.d *Jsw
=2.550pF - (51.2V)? - 100 kHz ~ 0.288 W (5.1

Finally, during the dead time between MOSFET transitions, the inductor
current flows through the body diode of the synchronous FET, causing dead-time
losses described by Equation 5.18.

Pdead = 2k Vsd 3 Ipv E tdead ? fsw
=2-25V-56A-50ns-100kHz = 0.140 W (5.18)
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Passive Component Losses

The inductor’s Direct Current Resistance (DCR) leads to ohmic losses,
formulated in Equation 5.19.

Ppor = I} gysRpor = (5.621A)% - 0.043Q ~ 1.359 W (5.19)

Similarly, the input and output capacitors contribute to losses through their
equivalent series resistance (ESR), as presented in Equation 5.20.

Prsp = (Ig*,in,RMs = Ig)’,out,RMS)RESR
= ((0.485 A)* 4 (2.727 A)?) - 0.010Q2 ~ 0.077T W (5.20)

Efficiency and Corrected Duty Cycle

The total power loss is the summation of all individual loss components as
presented in Equation 5.21.

Ploss,total = Pcond + Psw + PCoss + Pdead + PDCR + PESR
=2432W +2.492W 4 0.288 W + 0.140 W + 1.359 W + 0.077 W
= 6.788W (5.21)

The nominal input power is Py, = Vjy - Ipy. The expected efficiency (n) is
calculated using the Equation 5.22.

Pin - Boss,tutal o 192V ' 56A = 6788W
P; N 19.2V 5.6 A

n= ~0.9369 or 93.69%  (5.22)

Finally, the duty cycle is recalculated to account for the converter’s non-ideal
efficiency by the Equation 5.23.

Voo rm _, 19.2V-0.9369
Viead 51.2V

Dco’rrected =1- ~ 0.6489 (523)

Interleaved Configuration Analysis

An interleaved topology is analyzed to evaluate its impact on converter
performance, particularly in reducing electrical noise. This configuration uses N
identical single-phase converter blocks operating in parallel, each with the same
passive components. The primary advantage of interleaving is the substantial
reduction in the total input current ripple. By phase-shifting the switching of each
block, the effective ripple frequency becomes N - f,,,, and phase cancellation effects
significantly decrease the ripple magnitude.
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The normalized peak-to-peak input current ripple is described by
Equation 5.24, where N is the number of phases, D is the duty cycle, Ty, is the
switching period, and m is the integer part of the product N - D.

i ® Dos 1 -~ ND)(ND —
Asz ' :;j’; se _ (M N)( ™) where m = |[ND| (5.24)

As shown in Figure 5.16, the ripple magnitude is highly dependent on the duty
cycle. The cancellation effect is maximized at duty cycles that are integer multiples
of 1/N. For the nominal operating duty cycle of this application, D =~ 0.6481,
configurations with N = 2, 3, and 4 phases all provide a significant reduction
in current ripple, which is beneficial for improving signal quality in diagnostic

measurements.
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Figure 5.16: Normalized ripple characteristics for a boost-interleaved converter showing

cancellation nodes.

Signal-to-Noise Ratio Criteria

In IS applications, the proper acquisition of both excitation and response
signals is important. This precision is dependent on the quality of the input current
and voltage measurements. To quantify this quality, the SNR is selected as a metric,
comparing the magnitude of the small-signal voltage perturbation to the background
electrical noise inherent in the system. The useful signal Vy;gnai is modeled as a 10%
voltage perturbation of the input. The noise power is considered to be the sum of
two primary sources. The first is thermal noise, or Johnson-Nyquist noise, which

arises from the input current sensor resistance (Rsensor)-
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Its power is a function of the Boltzmann constant (kp), operating temperature
(T), and measurement bandwidth (B).

The second major noise component is the ripple noise from the RMS value
of the input voltage ripple. It is calculated from the peak-to-peak voltage ripple
(AViy, p—p) as shown in Equation 5.25.

AV o
Vin I3 e — M) 5.25
ripple, RMS ( W (5.25)

The total noise power is the linear sum of these two sources. The final SNR,
expressed in decibels, is calculated according to Equation 5.26.

SNR = 20logy, ( Vatpmal ) (5.26)
/48T Rocnsor B + Vin ripple, RMS 2

Figure 5.17 shows the variation of SNR, as a function of the converter’s duty

cycle. The plot reveals a strong dependence on duty cycle, with pronounced maxima

occurring near the natural cancellation points of the interleaved topology for each

phase, where ripple cancellation reaches 100%. Under the selected design conditions,

the three-phase interleaved configuration exhibits the lowest noise levels, operating

close to a natural cancellation point and offering the highest performance in terms
of ripple suppression and signal clarity for IS.
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Figure 5.17: Duty-cycle dependence of normalized SNR for a boost-interleaved converter

with varying phase configurations
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Component Stress, Losses, and Magnetic Volume Optimization

The interleaved topology allows for optimization of the magnetic components
by reducing the current ripple and distributing thermal and electrical stress. This
configuration improves the overall efficiency and compactness of the converter design.
This section proposes further improvements focused on magnetic optimization. By
distributing the total input current across N parallel phases, interleaving reduces
the average current handled by each phase, thereby lowering conduction losses and
allowing for smaller inductive components. This principle is quantitatively expressed
in Equation 5.27, which highlights the reduction in per-phase current stress and ripple
amplitude.

]in otal,av
IL,phase,avg = ’t]i/v L (527)

This reduction in phase current leads to lower RMS currents in the MOSFETs
and inductors of each phase. Consequently, per-phase conduction losses are
diminished. The distribution of power and its associated losses over a greater
number of components also improves thermal management, reducing thermal stress
on individual devices.

In addition to reducing component stress, a principal benefit of interleaving is
the potential to reduce the total volume of magnetic components, therefore the total
converter volume, for a specified output ripple. This reduction is possible because
the inductor for each phase can be designed to accommodate a higher individual
current ripple.

To quantify and compare the inductor volume across different phase
configurations, the area product method provides a reliable estimate of the required
magnetic core size [110]. The area product, A,, is a function of electrical, magnetic,

and thermal parameters, as given by Equation 5.28.

(1 —+ ’Y)pwkw Lf[rms

A, = -
P kuhokeNO B

(5.28)

max

where the terms represent various geometrical, thermal, and material
properties of the inductor. The area product is dependent on the peak (f ) and RMS
(Irms) currents, which are functions of the normalized current ripple, r = Al/ ;.
Since the inductor volume is proportional to the area product, Vol Ag/ 4, this
relationship can be extended to an N-phase interleaved converter. The total volume

is the sum of N individual inductor volumes, where each carries a current of I, /N.
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This leads to the final expression for the total inductor volume in an
interleaved converter, shown in Equation 5.29, which incorporates a ripple factor F;.

and a baseline area product Ay.

F. x A* 2
£ (5.29)

VO[N X (T

7

This relationship allows for a direct comparison of the total inductor volume
for N-phase configurations against a single-phase baseline, as plotted in Figure 5.18.
A constant total output ripple was maintained across all configurations (N =
1,2,3,4) to ensure a valid topological comparison. At the specified operating point
(a duty cycle of 64.89%), a two-phase configuration achieves a volume reduction of
33%. The reductions for three-phase is 44% and the four-phase is approximately
29%. This simplified analysis does not account for the influence of ripple magnitude

on the inductor’s core losses.
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Figure 5.18: Normalized volume reduction for different interleaved configurations relative

to a single-phase design.

To provide a more comprehensive analysis that includes these loss mechanisms,
a multi-objective optimization was performed using the Pxprt tool from Ansys [111].
The resulting Pareto fronts, shown in Figure 5.19, illustrate the trade-off between
total inductor losses and total volume. This analysis confirms that for the given
operating conditions, the three-phase configuration offers an optimal balance. It

achieves a substantial volume reduction while maintaining low power losses.
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Figure 5.19: Pareto front analysis of 1-, 2-; 3- and 4-phase configurations for a constant

output ripple condition, showing total power losses versus total inductor volume.

Multi-phase design

This section summarizes the analysis by comparing the performance of
single-phase and interleaved configurations. The results are presented in a series of
tables that examine different aspects of the design. First, Table 5.3 summarizes the
key component and ripple parameters for an "unoptimized" interleaved converter.
This scenario assumes that the interleaved system is constructed by simply
paralleling N identical single-phase converter modules without redesigning the
magnetic components. While straightforward to implement, this approach leads to
a linear increase in the total magnetic volume. However, even without optimization,
the primary benefit of interleaving is evident in the substantial reduction of the total
input current ripple, which falls from 1.63A for N =1 to just 0.098 A for N = 3.

Table 5.3: Component and Ripple Summary for Unoptimized Paralleled Interleaved

Converters

Phases Inductance Total Equivalent Total Input Total Output Total Input

per Phase Inductance Capacitance Capacitance Ripple
(V] [nH] (uH] [nF] (KE] [App]
1 71.43 71.43 0.68 51.27 1.630
2 71.43 35.72 1.36 102.54 0.252
3 71.43 23.81 2.04 153.81 0.098
4 71.43 17.86 2.72 205.08 0.168
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Magnetic core optimization

The true potential of interleaving is unlocked when the magnetic components
are specifically designed for the lower per-phase currents. Table 5.4 quantifies this
improvement by comparing the total magnetic area product of the unoptimized
design against an optimized one. The results demonstrate that a significant reduction
in the total magnetic volume can be achieved, enhancing the converter’s power
density. A two-phase optimized design, for example, can reduce the magnetic volume

by over 55% compared to the single-phase baseline.

Table 5.4: Input Ripple and Magnetic Volume Optimization

Phases Total Total Input Total A, Total A, Magnetic
Input Ripple Input Ripple Ripple (Unoptimized) (Optimized) Volume

(Unoptimized) (Optimized) Reduction Reduction

(V] [Ap] (4] (%] [em] [em] (%]

1 0.630 1.633 0 3.947 3.947 0.0

2 0.252 0.273 60 7.894 2.644 33.0

3 0.098 0.068 84.4 11.841 2.802 29.0

4 0.168 0.166 73.3 15.788 2.210 44.0

Due to the need for custom manufacturing, the optimized inductors were not
physically fabricated. The three-phase prototype was instead implemented using an
unoptimized approach by simply triplicating the single-phase inductor design, using
the available resources in the laboratory. This analytical study remains valuable,
however, as it demonstrates that a fully optimized three-phase configuration could

achieve a total magnetic volume reduction of 29%.

Table 5.5 summarizes the system loss breakdown and resulting efficiency at
maximum power. The total system loss progressively decreases as the number
of phases increases from one to three, primarily because distributing the current
reduces conduction losses. The analysis clearly indicates diminishing returns beyond
this point: the 4-phase design (4.85 W) shows a total loss nearly identical to the
3-phase optimum (4.84 W). This reinforces the conclusion that a 4-phase design
is not justified, as it offers no significant performance gain to compensate for the
added build and control complexity. The main benefit for all multiphase topologies
is simpler thermal management. By distributing the losses, they avoid the high
thermal concentration of the single-phase case, which must dissipate 6.79W in a

single set of components.
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Table 5.5: Total System Power Loss Breakdown and Efficiency at Maximum Power

Phases Semiconductor Inductor Capacitor Total System  Expected

Loss DCR Loss ESR Loss Loss Efficiency n
[N] W] (W) [mW] (W] (%]
il 5.352 1.359 77.0 6.788 93.69
2 4.452 0.694 18.3 5.164 95.20
3 4.356 0.480 2.9 4.839 95.50
4 4.460 0.378 8.2 4.846 95.49

Table 5.6 highlights key performance benefits. Fault tolerance, defined as
the ability to maintain operation if one phase fails, increases directly with N.
Furthermore, the reduction in input voltage ripple leads to a significant improvement
in the SNR for input current sensing, which is critical for accurate diagnostic control.
At the nominal operating point, the SNR improves by 32 dB when moving from a

single-phase to the optimal three-phase configuration.

Table 5.6: Performance Metrics Summary

Phases Fault SNR Input Output Capacitor
Tolerance (Worst) Vripple,, RMS Current
(V] (%] [dB] [mV] (4]
1. 0.0 36.4 314.7 2.727
2 50.0 48.3 15.6 1.350
3 66.7 67.5 1.0 0.540
4 75.0 59.7 2.5 0.899

5.3.4 SPICE Simulation and Design Validation

Before fabrication, the complete converter design was tested in a simulation
environment. The LTspice™ simulation engine was chosen for its robustness and
widespread use in power electronics design. The version employed was LTspice
24.1.10 [90]. This phase was required for minimizing potential issues in the hardware
design and was made feasible by the development of the enhanced SDM presented in
Chapter 3. Traditionally, ideal voltage or current sources are employed to simulate
and validate power converter topologies and control strategies prior to fabrication.
However, such idealized sources fail to capture the precise electrical behavior of
PV modules, particularly under dynamic operating conditions. The enhanced SDM
advances this practice by providing a realistic power source at the converter’s input.
The proposed model supports complete simulation capabilities, including DC sweep,
AC analysis, and transient response, using a unified and consistent parameter set.
As a result, a complete pre-production analysis was possible, significantly lowering
the risk of design errors and improving the reliability of the final system.
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The simulation was configured to closely mirror the physical prototype.
Figure 5.20 shows the main simulation schematic, where the block IBC was

implemented as a flexible and configurable one- to four-phase topology.

Transient Simulation Command Step Control
.param T_simulation=3m+5/{freq} .step param n list 123 4
.param T_start=2m T_window=5/{freq} .param Asin=table(n,1,0.06,2,0.03,3,0.02,4,0.015)
tran 0 {T_simulation} 0.25m .param al=table(n,1,0,2,0,3,0,4,0)
Solar panel configuration .param a2=table(n,1,0,2,5u,3,3.333u,4,2.5u)
.param Ns=32 Np=1 .param a3=table(n,1,0,2,0,3,6.666u,4,5u)
.param Texp=48.85 .param a4=table(n,1,0,2,0,3,0,4,7.55u)
.param Iph=5.536 Rsh=10.38 Rs=0.0004561 10=6.82e-06 eta=1.283 .param rswl=table(n,1,35m,2,35m,3,35m,4,35m)
.param Ls=9.6e-07 .param rsw2=table(n,1,10meg,2,35m,3,35m,4,35m)
.param Cjo=2.271m ®bi=0.50 M=0.59 TT=60.4u FC=0.59 ri=26.27m .param rsw3=table(n,1,10meg,2,10meg,3,35m,4,35m)
.temp {Texp} .param rswé=table(n,1,10meg,2,10meg,3,10meg,4,35m)
KW/m”2 .options reltol=0.01
.param Vsun=1 .options cshunt=1f
X1 N-Interleaved Boost Converter
v Rsensorl DC M Rsensor2
Gi va in ouy
6.3mQ DC | 6.3mQ
SUN Ll:
{Vsun} VL Cin Cout Vbatt |

Pmpp W 940nF 100puF e ——

Vmpp: 192V Rser=2.4Q ——

Impp: 5.6A.

Voc: 232V

Iph: 6.0A

N
Figure 5.20: Main simulation schematic, where the IBC block is implemented as a modular

topology supporting one to four interleaved phases.

Component values were selected from commercially available parts, with
parasitic elements such as ESR and equivalent series inductance (ESL) explicitly
included to predict realistic behavior. This setup allowed for dynamic simulation
of 1-; 2-) 3-, and 4-phase operation, providing a comprehensive view of system

performance.

AC Stimuli Analysis

A primary design criterion for the input stage was maintaining a high
impedance bandwidth, which is necessary for applying high-frequency diagnostic
signals. This requirement required the use of a small input capacitance. This
target was achieved through an integrated design process where the initial ripple
specification, the capacitor ripple budget, and the interleaved topology were all
selected to support effective stimuli generation. The interleaved topology’s inherent
ripple cancellation, in particular, was effectively used to meet this goal, allowing for
a total capacitance of 0.94 uF (two 0.47 uF capacitors in parallel).

To validate this integrated design and evaluate its dynamic behavior, a
time-domain simulation was performed. The results, presented in Figure 5.21,
confirm the effectiveness of this approach.
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The simulation shows the converter successfully generating a 10 kHz sinusoidal
voltage stimulus at the PV terminals, the critical upper limit of the diagnostic range.
Additionally, the corresponding current responses demonstrate the expected ripple
reduction and current balancing as the number of active interleaved phases increases
from N =1to N =4.

V(vpv)

17.5V

14.0V-

55, I(Ipv)

2.0A T T T T T T T T
1.6ms 1.8ms 2.0ms 2.2ms 2.4ms 2.6ms 2.8ms 3.0ms 3.2ms 3.4ms

Figure 5.21: Transient simulation showing the generated 10kHz IS voltage stimulus (top)

and the corresponding inductor current response (bottom) for N =1 to N = 4 interleaved

phases.

Transient Analysis

The dynamic behavior of a PV source model is an important aspect when
simulating interactions with power converters. To demonstrate the benefits of the
enhanced SDM against the traditional SDM, a series of simulations were performed
assessing each of them. Both models, representing a string of 32 cells, were connected
to an identical boost converter topology. A step transient in the operating point was
applied by changing the converter’s duty cycle from D = 0.7 (OP 1: V,, = 154V,
I,, = 3.8A) to D=0.78 (OP 2: V,,, = 17.8V, I, = 2.1 A).
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The simulations show a difference in dynamic behavior. The conventional
SDM step response, shown in Figure 5.22, exhibits an overdamped step response.
The panel model, lacking internal capacitance, acts as a simple resistive source.
In contrast, the enhanced SDM response in Figure 5.23 shows an underdamped
response. This behavior is a direct consequence of the model incorporating the P-N
junction’s physical capacitances (Cy and C;).

V(vpv)

Y
po 1(pv)

1.0A4 RN WP JE—

N
N
N
N

=1
=2

— =3
0.54 =4

0.0, T T T T T T T T T T T
14ms 16ms 18ms 2.0ms 22ms 24ms 2.6ms 28ms 3.0ms 32ms 3.4ms 3.6ms 3.8ms 4.0ms

Figure 5.22: Transient simulation of the conventional SDM response to a step stimulus. The
panel model acts as a pure small-signal resistor (7py,spar), providing strong damping to
the converter’s L-C filter.

To analytically explain these different responses, the small-signal parameters
of the PV string are derived at the initial steady-state (OP 1: V., o = 154V,
Ly, str = 3.8A). The converter’s input filter is defined by L = 80uH and Ci, =
940 nF.

To construct an equivalent string-level model, the single-cell parameters in
Table 3.1 are scaled according to the string configuration (N, = 32, N, = 1),
following the methodology outlined in [75]. The parameters directly influenced by
the series connection include Ry, R, N, Cjo, and ¢p;.

At an operating temperature of T' = 48.85°C (322 K), the thermal voltage
is approximately V; &~ 27.7mV. Consequently, the effective thermal voltage for the

string-level diode equation becomes V; = Nitring - V2 = 1.137V.

string
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Next, using the scaled parameters, the internal operating point currents and
conductances of the string are calculated by applying KVL and KCL to the enhanced
single-diode model schematic in Figure 3.2. This procedure determines the total

differential conductance Gg as defined in Equation 5.30.

string?

Ip.iring T L0sering  1.6895 A + 6.82 A
) — strin strin — ~ 1-4878 5.30
Gaetring Vi 1.137V (5.30)

string

V(vpv)

I(Ipv)

0.5A

0.0 T T T T T T T T T T T T
14ms 16ms 18ms 20ms 22ms 24ms 26ms 2.8ms 3.0ms 32ms 34ms 3.6ms 3.8ms 4.0ms

Figure 5.23: Transient simulation of the enhanced SDM response. The panel’s internal
capacitance (Cp, = Cq + Cj), scaled to the string level, interacts with the converter’s

inductor, creating a new, underdamped resonant system.

Case 1: Conventional SDM The dynamic response of this model is governed by
the string’s small-signal resistance rpygp,,,, defined in Equation 5.31, which damps

the resonant behavior of the converter’s L—Cj, input filter.

1
Tpv = }BsS . ol || RShs rin
pPUspMm tring Gd tring

string

= 0.0146 Q + (0.6725 Q2 || 332.16 Q) ~ 0.686 2 (5.31)
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The system’s characteristic impedance Zp and damping factor {spa are
obtained using Equation 5.32 and Equation 5.33, respectively.

/L /80pH
Zy = o= 1/ 9100T = 9.23Q (5.32)

Zo _ 923Q
2 Towsps: 2068612

Cspm = = 6.73 (5.33)

Given that (spyr > 1, the system exhibits an overdamped response. This
analytically supports the critically damped step response observed in Figure 5.22.

Case 2: Enhanced SDM The Enhanced SDM improves the transient fidelity by
explicitly modeling the distributed impedance network of the PV generator. Unlike
the Standard SDM, which simplifies the source to a lumped capacitance (resulting
in an overly stiff response), the Enhanced SDM accounts for the resistive decoupling
between the internal junction capacitance and the converter input.

The effective series resistance, 7py_sp,s 1S derived from the string’s internal

impedance network as shown in Equation 5.34.

1
Tpvespm = Rsstmng + ((T'isfring T Gy || R\Shstrz’ng

string

= 0.0146 Q + ((0.8406 2 + 0.6725Q) || 332.16 Q) ~ 1.521Q (5.34)

To accurately characterize the oscillatory behavior observed in the simulation
results in Figure 5.23, we must analyze the full input impedance Z;,(s) seen by the
DAB converter. As correctly pointed out in the system analysis, the PV junction
capacitance Cj, is not strictly in parallel with the input capacitor Cj,. The resulting
complex impedance is given by Equation 5.35.

2u) = (Besri + (Rt | (i + 52— )| ) I 55
(5.35)
This frequency-dependent impedance reveals that the system is naturally
underdamped. The resistive network defined by rp.,5p,, interacts with the L — C
tank to form a complex pole pair with a low damping ratio. This explains why the
Enhanced SDM simulation in Figure 5.23 successfully reproduces the characteristic
voltage overshoot and ringing transients that are suppressed or absent in the
Standard SDM formulation.



5. Power Electronics for PV Diagnosis 109

5.3.5 Hardware Implementation and PCB Design

Following the validation of the design in the SPICE environment, the focus
shifted to the physical realization of the converter. The Printed Circuit Board
(PCB) layout directly impacts the converter’s performance, particularly its EMI
signature and susceptibility. Power converters inherently generate a broad spectrum
of electromagnetic noise due to high-frequency switching, which can propagate
through radiation and conduction. A meticulous layout is therefore essential to
minimize these effects and prevent the self-generated noise from corrupting the IS
measurements.

An important aspect of the physical implementation was the design of the
input and output capacitor banks. To meet the low ESR target calculated in
Equation 5.7, a parallel array of capacitors was implemented instead of a single
component. Furthermore, to ensure low impedance across a wide frequency
spectrum, from the low-frequency IS stimulus up to the high-frequency switching
harmonics, a combination of capacitor technologies was used.

Ceramic capacitors were selected for their excellent high-frequency
performance, providing decoupling for the fastest switching transients. Film
capacitors were included to handle mid-frequency ripple and provide bulk energy
storage. This hybrid approach ensures a stable DC bus, which is essential for both
efficient power conversion and high-quality diagnostic measurements. The hardware
was planned as a modular system, separating the power stages, gate drivers, and
measurement circuitry onto distinct but interconnected boards.

This approach facilitated prototyping, testing, and debugging. The layout
of each board adhered to strict EMI mitigation principles, such as minimizing
high-frequency current loop areas, using ground planes for low-impedance return
paths, and isolating sensitive analog signals from noisy power traces. To meet safety
and isolation requirements, the PCB layout follows guidelines from IEC 60664-1 [112]
and UL 62368-1 [113], which define minimum creepage and clearance distances based

on operating voltage.

Power Stage Layout and Component Selection

The core of each synchronous, bidirectional boost converter phase is the
half-bridge switching cell, shown schematically in Figure 5.24. This fundamental
unit is responsible for the high-frequency switching action and is characterized by
rapid voltage transients (dV/dt) at the switching node, which is the connection
point between the high-side and low-side switches. The physical integration of this
switching cell with the passive components calculated in Subsection 5.3.3 forms a
complete power leg, as conceptually depicted in Figure 5.24. This layout diagram
highlights two crucial current paths for EMI management.
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DC bus Switching Cell

Boffron

Figure 5.24: Half-bridge schematic representing the fundamental switching cell of the
synchronous converter. The diagram includes the gate-drive circuitry as well as the primary

capacitive parasitics.

The first path, shaded in orange, is the connection from the switching leg to
the main inductor. While this path carries switched current, its parasitic inductance
is less critical as it is already in series with the much larger main inductor. The
second path, shaded in blue, represents the high-frequency current loop, often called
the "hot loop." This loop, which includes the DC bus capacitor and both switches,
carries currents with very high slew rates (di/d¢) and is a primary source of radiated
noise. To mitigate this, the physical area of this loop must be minimized to reduce
parasitic inductance. Any discontinuities or slots in the power or ground planes
within this loop can act as antennas, further degrading EMI performance.

Figure 5.24 provides a higher-level overview of the complete hardware
implementation, identifying the distinct electrical zones that must be carefully
managed. The switching path (green) is the primary source of high-frequency
radiated noise. The power planes (red for positive, blue for negative) carry the
main DC, while the control planes (yellow) carry the sensitive gate drive signals.
Proper isolation between these zones is necessary to prevent noise from the power
stage from coupling into the control circuitry and corrupting the gate signals, which
could lead to erratic switching or failure.

To manage these interactions effectively, a two-layer PCB structure was
designed, with the conceptual arrangement shown in Figure 5.25. This layout was
guided by established design criteria aimed at minimizing EMI and maximizing the
diagnostic SNR.
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The main principles were to keep gate drive loops as short as possible, isolate
them from power planes, route their return paths in close proximity to the outgoing
traces to minimize loop area, use large power planes for low impedance, and, most

importantly, minimize the physical area of the switching node.

Figure 5.25: Macro-level diagram of the PCB layer strategy for optimized EMI performance.

The final PCB layout, rendered from the design software, is presented
in Figure 5.26. This step ensures that all theoretical design principles and
EMI mitigation strategies have been effectively implemented in a practical,

manufacturable hardware design before the production commitment.

Figure 5.26: 3D rendering of the final power stage PCB, illustrating the physical

implementation of the layout principles.
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Gate Driver Circuitry

To effectively drive the power MOSFETS in each half-bridge, the gate driver
circuit shown in Figure 5.27 was designed. The core of this circuit is a high-speed
optocoupler, which provides galvanic isolation between the low-voltage control logic
and the high-voltage power stage. This isolation is necessary for both safety and
noise immunity. The optocoupler features a high-current push-pull output stage
capable of delivering the peak currents required to rapidly charge and discharge
the MOSFET’s gate capacitance, ensuring fast and efficient switching. This
configuration prevents the microcontroller’s output pin from sourcing or sinking
significant current, preserving signal integrity and ensuring sharp, well-defined PWM

edges are delivered to the driver.
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Figure 5.27: Driver for power MOSFET

The physical layout of the driver circuit was designed with the same EMI
mitigation principles applied to the power stage. As shown in the 3D rendering of the
final PCB in Figure 5.28, a primary focus was the minimization of the gate drive loop
area—the path from the driver output, to the MOSFET gate, and back to the driver
ground. By keeping these loops as short and tight as possible, parasitic inductance
is minimized, which is critical for preventing voltage overshoot and ringing on the

gate signal.

Figure 5.28: 3D rendering of the Gate Driver PCB
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Measurement Board

Accurate control and diagnostics require accurate measurement of the
converter’s electrical parameters. To achieve this while ensuring galvanic isolation,
the LEM™ LV-25P [114] voltage sensor and the LEM™ LA25-NP [115] current
sensor were selected. Both sensors provide a secondary nominal RMS current of
25mA that is linearly proportional to the primary measured quantity. A signal
conditioning stage is therefore required to adapt this current-source output for the
microcontroller’s voltage Analog to Digital Converter (ADC) input. The schematic
for this data acquisition board is presented in Figure 5.29.

The basic component of the signal conditioning circuit is a non-inverting,
high-input impedance, summing operational amplifier. It first converts the sensor’s
25 mA output into a 43V range using a precision input resistor, R;,. Subsequently,
the amplifier applies a DC offset to shift the bipolar signal into a unipolar range
and adjusts the gain to map the full signal swing to the 0V to 3.3V input range
of the microcontroller’s ADC. To protect the ADC input from potential overvoltage
conditions, a 3.3V Zener diode clamps any voltage spikes, while a Schottky diode

provides a low-forward-voltage path to ground to mitigate negative transients.

«;0» N
LEM R, High Ziy, = uC ADC

V/Ie ]

3

‘/offset

Figure 5.29: Schematic of the data acquisition and signal conditioning board.

The final PCB, shown rendered in Figure 5.30, includes four identical
conditioning circuits, two for voltage and two for current, to monitor the most
important points in the converter. A primary consideration during the layout of this
board was the prevention of EMI from the power stage coupling into the sensitive
analog measurement circuitry. To achieve this, a mechanical isolation slot was
milled into the PCB around the high-noise switching node region. This physical gap
increases the creepage distance between the power and measurement sections and
disrupts parasitic capacitive coupling paths. This technique enhances both electrical
isolation and noise immunity without increasing the board’s footprint, aligning with
best practices for mixed-signal PCB design and safety.
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Figure 5.30: 3D rendering of the final measurement and signal conditioning PCB.

5.4 Experimental Validation

To validate the design methodology, a three-phase synchronous IBC prototype
was fabricated and tested. The experimental setup integrates the converter, shown
in Figure 5.31, with a PV array composed of two Solbian SP-L16 panels, a
battery load, which emulates the output DC bus, and measurement instrumentation.
The converter’s control system is designed for dual functionality: it executes a
MPPT algorithm for power optimization while simultaneously generating the precise
sinusoidal stimulus required for online IS measurements over a frequency range of
1Hz to 10kHz.

Figure 5.31: Experimental setup of the three-phase interleaved DC/DC synchronous boost

converter.
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The experimental measurements confirmed the efficacy of the interleaved
topology. As predicted by the simulations, the input current ripple was substantially
reduced in the three-phase configuration when compared to a single-phase baseline.
Figure 5.32 provides a direct comparison, illustrating how the phase cancellation
inherent to the interleaved design effectively suppresses switching noise. This

reduction is fundamental to achieving high-quality diagnostic measurements.
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Figure 5.32: Measured current ripple at the input of the converter for 1-phase and 3-phase

configurations, showing the effect of interleaving in terms of switching noise reduction.

The most critical test involved evaluating the converter’s performance during
active IS excitation. Figure 5.33 compares the system’s voltage response to a
10 kHz sinusoidal stimulus for both single-phase and three-phase configurations. The
three-phase system exhibits a cleaner signal, with significantly less high-frequency
switching noise superimposed on the stimulus. This enhanced signal integrity
corresponds to a measured 18 dB improvement in the SNR relative to the single-phase
setup. Such an improvement is important for the accurate post-processing of
data using a FFT, as a higher SNR directly translates to better frequency-domain
resolution and reduced spectral leakage.

The impedance spectrum was constructed by performing repeated
measurements across the specified frequency sweep. For each frequency, the
system captured the time-domain traces of the excitation current, the induced
voltage response, and a digital synchronization marker, as shown in Figure 5.34.
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Figure 5.33: Measured voltage and current response to IS excitation signal for single-phase
and three-phase configurations. The reduced ripple and improved clarity in the three-phase
case support higher measurement accuracy.
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Figure 5.34: Time-domain waveforms captured during an IS sweep using the IBC. The
plot shows the injected sinusoidal current stimulus, the measured voltage response, and the
digital synchronization signal used to segment the data for post-processing.
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The captured waveform data were subsequently post-processed using a custom
script in MATLAB. An FFT algorithm was employed to extract the magnitude
and phase of both voltage and current at each excitation frequency, from which
the complex impedance was calculated. Although MATLAB was used as the
post-processing tool, the algorithm was kept as simple as possible; no filters or
complex post-processing algorithms were applied, due to the high-quality signal
generated by the interleaved converter.

The idea behind maintaining a minimalistic algorithm is to facilitate its future
integration into the edge computing element, which operates alongside the main
microcontroller to provide diagnostic capabilities in an online setting. The resulting
impedance spectrum is presented as a Nyquist plot in Figure 5.35, showing a strong
correlation between the impedance data acquired via the developed IBC and the
reference measurements obtained from the Biologic potentiostat. This outcome
validates that a power converter, when specifically designed for diagnostic purposes
and paired with suitable signal processing, can serve as a reliable platform for online
IS.
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Figure 5.35: Comparison of Nyquist plots obtained with the IBC and the Biologic

potentiostat under identical operating conditions. The close alignment between the two

spectra validates the IBC-based measurement technique.

A closer inspection of the Nyquist plot in Figure 5.35 reveals a higher level of
noise at lower frequencies. This phenomenon is present in the data from both the
IBC and the Biologic potentiostat, which indicates that the noise is not an unwanted
characteristic of the converter itself but is inherent to the experimental conditions
of testing a PV system outdoors.
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Low-frequency impedance measurements require substantially longer
acquisition times per data point. During these extended periods, even minor
fluctuations in environmental conditions, such as ambient temperature or solar
irradiance, can influence the PV system’s electrical properties. While the converter’s
stimulus remains stable, as evidenced by the time-domain data in Figure 5.34, the
system’s response is susceptible to these environmental variations, which manifest

as distortions in the low-frequency region of the impedance spectrum.

5.5 Conclusion of Case Study 2

This chapter detailed the design, optimization, and experimental validation of
a three-phase interleaved boost converter co-designed for efficient power conversion
and high-quality online diagnostics. The technical decisions made throughout the
design process were consistently guided by the dual objectives of maximizing power
harvesting and ensuring a high-SNR environment for IS measurements. The selection
of the three-phase interleaved topology, whose magnetics were optimized through a
Pareto front analysis, proved effective. Experimental results confirmed a significant
72% reduction in input ripple and a corresponding 18dB improvement in the
diagnostic SNR compared to a single-phase benchmark. This outcome validates the
hardware design goals, bridging the gap between theoretical modeling and practical
implementation.

The development of this custom-built platform, which integrates diagnostic
functionalities directly into the power conversion hardware, represents a substantial
contribution of this thesis. It provides the high-fidelity measurement capability
necessary to validate the enhanced SDM under real-world dynamic operating
conditions and demonstrates a viable path toward cost-effective, embedded
diagnostic solutions. By transforming the power converter from a simple energy
harvesting device into an intelligent system-health monitor, this research facilitates
a shift in PV monitoring from a reactive, often manual, process to a proactive
and automated one. Such integrated systems can enable advanced predictive
maintenance, optimize energy yield, and improve the financial viability and reliability
of photovoltaic energy. Furthermore, these contributions support global efforts
outlined in the United Nations’ Sustainable Development Goal 7 by advancing
technologies that facilitate broader access to clean energy research [11].

All the systematic steps from theoretical design principles to a physically
realized hardware platform have now been covered. The integration of power
conversion and diagnostics into a single unit fulfills a central objective of this
thesis. Having established and proven this enabling technology, the final chapter
will synthesize the primary contributions of this dissertation and propose a roadmap

for future research in this promising field.
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This thesis presented a solution to a critical gap in photovoltaic research:
the absence of a unified, predictive model capable of simulating both the static
and dynamic behavior of PV devices. Overcoming this limitation is essential
for designing advanced power electronics and developing the next generation of
diagnostic systems. This final chapter summarizes the primary contributions of this
work, which answered the core research questions stated in the introduction, and
proposes a clear strategy for future investigation.

6.1 Summary of Contributions

This dissertation has delivered two principal and intrinsically linked
contributions. A novel, self-adapting PV model with predictive capabilities and the
design of a power electronic converter as an integrated diagnostic tool.

The first major contribution is the development of an enhanced,
physically-grounded SDM. By replacing the traditional Shockley diode with the
semi-empirical Berkeley SPICE model, a new framework was created that inherently
captures the dynamic processes of the P-N junction, such as charge storage and
carrier transport. To make this model practical, a robust co-fitting methodology
was developed to extract its eleven parameters from a single experimental dataset
containing both I-V and IS measurements.

The main advantage of this approach is the identification of a single, invariant
set of physical parameters. Once calibrated from a single cell or panel, the model can
self-adapt to changes in bias and irradiance, accurately predicting both the static
I-V curve and the dynamic impedance spectrum across a wide range of operating
conditions without recalibration. Furthermore, this calibration is highly scalable;
the model can be readily scaled up or down to represent the static and dynamic
behavior of different PV array configurations.

119
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This scalability is particularly valuable for scenarios involving mismatched
operating conditions, and this thesis presents an in-depth analysis of these effects,
including partial shading. This outcome directly addresses the first research question,
validating that a unified, physics-based model is capable of accurately predicting both
static and dynamic behavior. As a result, the field now benefits from a robust and
predictive simulation tool that had not been previously available.

The second major contribution is the validation of power converters as online
diagnostic platforms, a goal that directly addresses the second research question.
This work progressed in two stages. It began with a foundational feasibility study,
conducted with Bitron S.p.A., which proved that a commercial DAB converter could
perform online EIS mainly on second-life batteries with only firmware modifications.
The success of this study provided the proof-of-concept for the next stage. The
research advanced to the ground-up design of a three-phase interleaved boost
converter optimized specifically for PV diagnostics. The design was guided by a
particular focus on maximizing measurement fidelity. Proper decisions, like the
selection of topology and respective elements and a carefully planned PCB layout
for EMI mitigation, were all aimed at improving the SNR. The resulting hardware
achieved a measured 18 d B improvement in SNR compared to a standard single-phase
topology, validating the design methodology.

These two contributions are intrinsically interconnected. The enhanced SDM
was the essential tool that enabled a realistic simulation to aid the test of the
design of the custom converter, allowing its performance to be optimized before
fabrication. In turn, the high-quality experimental data acquired with the converter
provided the definitive validation of the model’s predictive accuracy under real-world
dynamic conditions. Together, they establish a clear pathway from theoretical model
to practical implementation, representing a significant step toward the integration

of advanced, intelligent diagnostics into modern PV systems.

6.2 Recommendations for Future Work

The findings of this thesis open several promising avenues for future research,
spanning model generalization, hardware architectural refinement, and advanced

algorithmic development.

A primary objective is to extend the applicability of the enhanced SDM beyond
the monofacial monocrystalline silicon cells validated in this work. Given the model’s
strong physical foundation, it holds significant potential for other photovoltaic
technologies. Future studies should apply the proposed co-fitting methodology to
thin-film, perovskite, and bifacial cells to verify whether the enhanced impedance
network can accurately capture their unique spectral signatures.
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Proving this universality would significantly broaden the model’s impact on
the renewable energy sector.

From a hardware perspective, the critical next step is transitioning the
prototype into a fully embedded, commercial-ready solution. However, migrating
complex data processing to the converter’s onboard microcontroller presents a
practical bottleneck; the processor is typically saturated by time-critical tasks. To
resolve this, a distributed edge-computing architecture is proposed. By offloading
computationally intensive diagnostic routines to a secondary, dedicated processor,
high-frequency control tasks remain isolated from data analysis. This separation
preserves real-time responsiveness while enabling a fully integrated, cost-effective
diagnostic node.

This edge-computing platform would serve as the ideal host for automated
diagnostic algorithms. Having experimentally identified the double-arc impedance
feature as a distinct signature of partial shading, future work should focus on
implementing machine learning classifiers or physics-informed signal processing
routines.  Such algorithms could autonomously detect, classify, and quantify
mismatch conditions in real time, enabling smarter MPPT strategies that distinguish
between local and global maxima to maximize energy harvest under complex shading
scenarios.

To support these advanced diagnostics, the model needs refinement.
Currently, thermal effects are approximated using the standard SPICE .temp
parameter, which often defaults to generic semiconductor coefficients that fail to
capture the specific physics-based dependencies derived in this thesis (e.g., the exact
scaling of intrinsic carrier concentration n; and bandgap energy E,).

A natural next step is to incorporate the temperature-dependent equations
already embedded in the diode model and other SPICE elements. Doing so would
convert the measured temperature, Tj,cqs, from a passive environmental parameter
to an active input within the optimization routine. This enhancement would allow
the solver to identify an extended parameter vector, P.,;, enabling the model
to remain accurate even under more pronounced or rapidly varying temperature
conditions.

Furthermore, while this work has focused on reversible environmental
mismatches (shading, soiling), the model’s scope should be expanded to address
irreversible degradation mechanisms, such as potential induced degradation or
contact corrosion. Since aging fundamentally alters the device’s physical parameters
by increasing series resistance Rs or decreasing shunt resistance Rs,.  The
assumption of parameter invariance holds only for short-to-medium timescales.
Future research should investigate adaptive algorithms capable of tracking long-term
parametric drift, thereby distinguishing between temporary environmental shading

and permanent structural degradation.
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Finally, to further strengthen the model’s predictive capability, a systematic
benchmarking against the Standard SPICE Diode Model is recommended. Although
the standard formulation incorporates thermal effects through semi-empirical
parameters, such as the saturation-current temperature exponent (XTI) and the
activation energy (EG), these terms are typically handled as fixed fitting coefficients
rather than physically dynamic variables. Conducting a comparative evaluation
that quantifies the limitations of this conventional approach relative to the proposed
physics-based e-SDM, particularly under rapid thermal transients, would provide
clear evidence of the latter’s advantages and reinforce its suitability as a robust

digital twin for operational PV assets.
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Photovoltaic system characterization through
on-board impedance spectroscopy

A new Tool for Enhanced Diagnostics and SPICE-Based
Simulation

PV Diagnostics and SPICE-Based Simulation — The growth of photovoltaic
(PV) systems requires advanced diagnostic tools to ensure long-term reliabil-
ity. While the single diode model (SDM) captures steady-state characteristics, it
fails to represent the dynamic frequency-dependent behavior necessary for mod-
ern power electronics. This limitation hinders the design of converters and the
development of robust diagnostics where the dynamic linteraction between the
PV source and interfacing circuitry is essential. This thesis addresses these gaps
through two contributions. First, itlintroduces a self-adapting PV _model that uni-
fies static and dynamic behavior. By integrating the Berkeley diode formulation
into the SDM, the model reproduces frequency-dependent impedance spectra
and steady-state properties simultaneously. | A robust lidentification procedure
extracts parameters from minimal electrical measurements. Validation under di-
verse conditions, including partial shading, shows the model accurately predicts
complex phenomena without recalibration. The second contribution investigates
power converters as embedded systems for online diagnostics. A synchronous
interleaved converter for IS-based PV diagnostics was designed aided with the
enhanced SDM to refine topology and control. Together, these results provide a
validated framework for robust online PV diagnostics.
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