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0.1 Summary

General framework: In this research, a novel framework based on

Physics-Informed Neural Networks (PINNs) is presented to enhance the es-

timation of dynamic parameters in photovoltaic (PV) generators in the time

domain. The proposed framework combines data-driven learning with the

governing physical equations of the PV dynamic circuit, enabling accurate

reconstruction of the system’s transient and dynamic behavior. The study

addresses the challenge of accurately identifying PV physical parameters

under varying environmental conditions, which has been a persistent prob-

lem in traditional data-driven or optimization-based methods due to their

high data dependency, sensitivity to noise, and lack of physical consistency.

In the proposed approach, time-domain voltage and current waveform are

used as inputs, while the physical differential equations of the PV system

are embedded into the network’s cost function. This enables the model to

learn from both experimental data and physical principles, achieving robust

and accurate parameter estimation even under noisy or limited measure-

ment conditions and less physics knowlages. The main goal of this research

is to develop a time-domain model capable of reproducing the transient

and dynamic behavior of PV generators with high accuracy, providing a

reliable foundation for system control, performance monitoring, and fault

diagnosis in photovoltaic applications. This research introduces a series of

PINN-based frameworks developed to improve the accuracy, stability, and

interpretability of parameter estimation in PV generators under dynamic

and noisy conditions. Each framework addressing specific limitations and

progressively enhancing the model’s capability to capture the real physical

behavior of PV systems in the time domain.

Baseline design: The work begins with a baseline PINN framework

constructed on a standard single-diode PV circuit model incorporating a

linear capacitor. The main goal of this initial design to evaluate the fea-

sibility of using a physics-informed approach for estimating key physical

parameters directly in the time domain. The loss function combines both



data-driven and physics-based components, enabling the model to simulta-

neously learn from experimental measurements and governing equations and

in the research introduces an adaptive loss-weighting mechanism to balance

the data and physics losses dynamically during training, ensuring stable con-

vergence across parameters of different scales. Based on this methodology,

the model developed into a nonlinear capacitor model, in which the junction

capacitance is voltage-dependent. By embedding the nonlinear capacitance

directly into the physical constraints of the PINN, the model achieved more

accurate transient response predictions and lower estimation errors for both

capacitance and series resistance. The accurate estimation of parameters

in nonlinear model exhibited possibility of integration of nonlinear junction

capacitance within a PINN framework for PV modeling.

Multiple PINN network structure: To further enhance training

stability, a Multiple PINN architecture proposed. In this structure, indepen-

dent subnetworks assigned to each parameter, while all networks remained

governed by the same physical constraints. This approach improved con-

vergence speed and numerical stability, particularly for parameters with dif-

ferent natural behavior. The results showed a higher estimation accuracy

compared to the PINN network. The novelty of this approach lies in the in-

troduction of a new structure that effectively decouples parameter learning

based on their dynamic influence within the PV circuit.

Two-level layered PINN structure: A two-level layered PINN

framework developed to estimate environmental and physical parameters.

In this network, the first layer predicts environmental conditions such as

irradiance and temperature, while the second layer uses these estimates to

estimate the value of daynamic capacitor. This configuration enables the net-

work to capture environmental dependencies explicitly and integrate them

into the parameter estimation process. This represents the Two-Level lay-

ered PINN framework capable of simultaneously learning environmental and

physical characteristics in PV systems.

Outcome: The proposed architectures offer a more advanced and

physically consistent alternative to traditional optimization algorithms and



conventional data-driven neural networks. By integrating physical knowl-

edge with data-driven learning, they achieve faster convergence, higher esti-

mation accuracy, and greater robustness against noise and measurement un-

certainty. Importantly, these architectures have been specifically designed for

PV systems, taking into account their unique electrical characteristics, non-

linear dynamics, and environmental dependencies. Unlike general-purpose

estimation models, the proposed designs explicitly incorporate the govern-

ing equations and transient behavior of PV circuits, enabling them to accu-

rately model how current, voltage, and capacitance interact under varying

irradiance and temperature conditions. This PV-oriented design makes the

frameworks particularly effective in capturing the real physical behavior of

PV modules during dynamic operation, which is crucial for understanding

and predicting system performance under realistic environmental variations.

As a result, the developed models provide a reliable, interpretable, and phys-

ically grounded tool for dynamic modeling, adaptive control, and fault diag-

nosis in photovoltaic applications.
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1
Introduction

The environmental impact of traditional energy production demon-

strates the necessity of developing clean and more sustainable energy sources

[1]. Solar power is one of the most important renewable energy sources, as it

can be efficiently converted into electricity using photovoltaic (PV) systems

known for their reliability and adaptability across different applications [2].

PV cells are the units that convert solar energy into electrical power.

However, since each cell generates a limited amount of energy, several cells

are connected in series and parallel configurations to form modules capa-

ble of delivering the required voltage and current levels. The performance

and reliability of PV modules can be affected by multiple factors, including

environmental conditions, electrical fluctuations, and material aging [3–6].

These effects may cause partial failures in some cells or reduced efficiency

in certain modules, which affects the total energy output and overall system

performance. Therefore, to extend the lifetime and ensure stable operation

of PV modules, system management and monitoring are essential, and accu-

rate modeling of PV systems is crucial for performance prediction, control,

and fault diagnosis [7].

To perform reliable fault diagnosis and system monitoring, it is nec-

essary to understand how the PV system behaves under different operating

conditions. Therefore, modeling the PV system is essential to accurately

17



represent how variations in parameters affect the electrical behavior of the

module. Accurate parameters identification provides into the health and

degradation of PV systems, enabling early detection of faults and improving

the precision of control and performance prediction algorithms [8].

1.1 Problem Statement

Several models are proposed to describe the behavior of PV systems.

The most widely used model is the Single-Diode Model (SDM). This model

represents the current-voltage (I–V) characteristics of PV modules. Al-

though these models are widely used due to their simplicity, they are es-

sentially static and assume that the PV module operates under steady-state

conditions. Under real operating conditions, charge carriers in the semicon-

ductor layers do not adjust to voltage variations, which leads to transient

charge. This dynamic behavior can be represented by an equivalent capaci-

tance across the p–n junction, since the junction stores and releases charge

when the voltage changes. As a result, the transient response of a PV cell

can be modeled through this capacitive effect, capturing the time-dependent

evolution of current and voltage that the static SDM fails to reproduce.

In general, the SDM does not include any dynamic elements, which means

it cannot capture the transient behavior of a PV module and I–V curve

does not reproduce the dynamic characteristics observed in measured wave-

forms [12–14,16].

Therefore, dynamic modeling is essential because the real behavior of

PV involves time-dependent variations that static models cannot capture.

By including capacitive effects, the dynamic model reproduces the actual

transient response and offers a clearer understanding of the generators’s

physical dynamics. This makes it crucial not only for accurate transient

simulations but also for real-time monitoring of PV systems. Fig. 1.1 illus-

trates the dynamic capacitive behavior of the PV junction [9, 11].

In practical operation, a PV generators is connected to a power con-

verter that regulates the operating point through high-frequency switching.



Figure 1.1: Equivalent circuit representations emphasizing the dynamic capacitive

behavior of the PV junction. The junction capacitance consists of the depletion

(Cdep) and diffusion (Cdif) components, associated respectively with charge sepa-

ration in the space-charge region and minority-carrier storage in the quasi-neutral

regions.

When the converter introduces a sudden variation in voltage, the internal

capacitance stores or releases charge to re-establish equilibrium at the new

voltage level. This process takes time and produces a transient response

in the waveforms. Therefore, a dynamic modeling framework is required

that includes the capacitance effect and represents the PV behavior through

an equivalent RC model [9–12]. However, even dynamic models that use

a constant capacitance are insufficient to accurately describe the real be-

havior of PV cells under switching or rapidly changing conditions. At high

frequencies, the junction capacitance shows nonlinear, time-dependent char-

acteristics. Consequently, the PV generators cannot be represented accu-

rately by a linear RC model [11]. Therefore, the dynamic effects introduced

by this capacitance must be included in the model to achieve accurate pa-

rameter identification and enable the effective design of adaptive control

strategies [13,14].

In PV systems, used maximum power point tracking (MPPT) algo-

rithms such as Perturb and Observe (P&O) introduce small voltage per-

turbations to adjust the operating point of the module [15]. These voltage

steps generate continuous ripples in current, effectively exciting the dynamic



behavior of the PV generators. analyzing this dynamic effect is essential not

only for accurate modeling but also for diagnosis and condition monitoring

of PV systems [14,16].

By analyzing the transient response produced by these perturbations,

valuable information about the internal parameters of the PV module is

extracted. This makes the P&O process not only a control mechanism but

also a natural source of dynamic data that supports parameter identification

and real-time condition monitoring.

Under these conditions, the complexity of the dynamic response intro-

duces challenges for parameter estimation. Data-driven algorithms cannot

identify the underlying physical behavior in the data, while physics-based

methods are unable to solve highly nonlinear and time-varying differential

equations effectively, resulting in limited accuracy. Therefore, a hybrid ap-

proach modeling is preferred, as it leverages the strengths of both methods

and provides improved accuracy and robustness in parameter identification.

1.2 Possible solutions

To address these challenges, recent advances in computational model-

ing have introduced hybrid approaches that combine physical understanding

with data-driven learning. Among these approaches, Physics-Informed Neu-

ral Networks (PINN) have recently emerged as a powerful tool [17]. PINNs

combine the governing dynamic equations of the PV system directly into

the neural network’s learning process, allowing the model to predict hidden

parameters and system states while ensuring consistency with physical laws

(Fig. 1.2).

The mathematical foundation of PINN is based on automatic differ-

entiation, which enables gradient-based optimization through backpropaga-

tion. During training, the network learns a continuous mapping between

input and output variables while in parallel minimizing the residuals of the

governing dynamic equations. To balance the influence of data-driven learn-

ing and physics-based constraints, a weighting coefficient is assigned to each



Figure 1.2: The traditional network relies on training data, the PINN incorporates

the governing physical equations through additional loss terms (green points), en-

abling it to generalize more accurately and maintain physical consistency beyond

the observed data.

loss component, ensuring that neither term dominates the training process.

In this way, the model is guided not only by observed data but also con-

strained to satisfy the essential physical laws [18]. This hybrid formulation

allows PINN to approximate complex, time-dependent, and nonlinear dy-

namics system with higher accuracy than data-driven or analytical meth-

ods [19].

Although the strong theoretical framework of PINN, the methodol-

ogy remains several challenges when applied to nonlinear, time-dependent

PV systems. In photovoltaic modeling, the electrical behavior of the system

is determined by parameters related to various material properties, each in-

fluencing a particular characteristic. These parameters operate over different

ranges under varying environmental conditions, which introduces additional

nonlinearity and scaling disparities into the learning process. Therefore,

the design of an effective PINN for PV generators requires consideration

of both the intrinsic characteristics of each parameter and the influence of

external operating conditions to ensure robust and physically consistent es-

timation. To achieve accurate modeling, the network must be designed in



correspondence with the physical behavior of the system where each govern-

ing parameter exhibits nonlinear influence on the current–voltage response.

Such alignment between the learning structure of PV enables more stable

training, faster convergence, and physically consistent parameter estimation

under dynamic operating conditions [20].

Based on these considerations, we developed two novel network archi-

tectures specifically designed according to the intrinsic characteristics of pho-

tovoltaic systems. These architectures are based on the theoretical frame-

work of PINN and are designed to address the nonlinear time-domain wave-

form analysis of photovoltaic generators. Unlike most analysis approaches

that focus on steady-state analysis or frequency domain analysis, this study

introduces two novel PINN-based framework for time-domain analysis of

photovoltaic generators. This new analysis enables the network to learn the

system’s fast transient responses and nonlinear dynamics directly from time-

domain waveform, providing a more physically consistent and interpretable

representation of the PV behavior.

The discussion on dynamic parameter estimation and the implementa-

tion details of the PINN-based dynamic estimation framework are presented

and analyzed in depth in next Chapters.

1.3 Objective and outline

The main objective of this study is to develop an novel advanced

framework for dynamic modeling and parameter estimation of PV generators

based on PINN. As discussed in next chapters, dynamic modeling analysis

approaches for PV systems can be classified into two categories: frequency-

domain models analysis, and time-domain dynamic models analysis [21–24].

time-domain waveform analysis provides a way to describe how the

electrical variables of a PV system change over time. Although this approach

effectively captures the dynamic behavior of PV systems, its application in

research is still in its early stages [15, 23]. This leads to the following main

research objectives:



• If we have the analysis transient during P&O can we use the time

respond of the PV modules in P&O?

• Can the time-domain transient response of PV systems be effectively

leverage using PINN to extract dynamic information in PV systems

and develop novel PINN structure for better accuracy in parameter

identification in PV?

• How can a physics-informed learning framework that incorporates the

governing dynamics of PV systems enhance the robustness of parame-

ter estimation under noisy conditions through improved model design

and cost function formulation?

Overall, Table 1.1 illustrates the methodological evolution of this re-

search from a linear capacitor model to increasingly complex nonlinear. The

development of these models highlights the flexibility of PINN in integrating

physical principles with data-driven learning and enabling robust estimation

of photovoltaic parameters and accurate characterization of transient sys-

tem dynamics. The first model describes the nonlinear SDM with a linear

capacitor, in which the capacitance considered constant and independent of

voltage or current variations. This formulation represents as the baseline for

dynamic analysis, allowing the estimation of the fundamental parameters

through a PINN framwork algorithm.

The subsequent model introduces a nonlinear voltage-dependent ca-

pacitor to capture more realistic dynamic behaviors of photovoltaic model.

The nonlinear formulation is initially implemented using a PINN and en-

hanced through a Multiple PINN configuration, where each network focuses

on learning a specific subset of paramet-networkpared to the PINN, the novel

multiple network PINN approach improves convergency , and enhances the

model’s ability to capture complex nonlinear relationships between electrical

quantities. Also, a more nonlinear model is developed, where the capacitance

behavior depends on both voltage and current, and the influence of environ-

mental factors such as temperature and irradiance is also incorporated.



Table 1.1: Overview of the developed models, algorithms, and corresponding dy-

namic equations

Dynamic

Model

Estimated

Parameters

Algorithm Type Dynamic Equation Chapter

SDM with
Linear

Capacitor
[15]

Rsh, Rs, C, Iph PINN Linear C(t) = C 3

SDM with
Nonlinear
Capacitor

[25]

Rsh, Rs, b, Iph PINN Nonlinear
(voltage-

dependent)

C(vc(t)) = b · exp
(

qvc(t)
kT

)
3

SDM with
Nonlinear
Capacitor

[25]

Rsh, Rs, b, Iph Multiple
PINN

Nonlinear
(voltage-

dependent)

C(vc(t)) = b · exp
(

qvc(t)
kT

)
4

SDM with
Nonlinear
Capacitor

[20]

Cj , G, T Two-level
layered PINN

Nonlinear
(current &

voltage-
dependent)

C(Vac(t), iac(t)) =
Cj0√

1+
(Vac(t)+Rsiac(t))

Vj

5

In general, Chapter 2 presents a comprehensive review of the liter-

ature, covering PV modeling techniques, equivalent circuit representations,

and parameter identification methods. It also discusses the advantages and

limitations of conventional analytical and numerical approaches, along with

recent advances in data-driven modeling. Chapter 3 presents the proposed

methodology based on PINN. It outlines the modeling framework, network

architecture, and training strategy employed to estimate the dynamic PV

parameters under both linear and nonlinear configurations. Chapter 4 in-

troduces an novel enhanced PINN structure for PV parameter estimation,

developed based on the distinct characteristics and dynamic responses of

the parameters. Two parallel PINN networks were designed to better rep-

resent system complexity and transient behavior, with each network ded-

icated to learning specific dynamic features. Chapter 5 presents a novel

two-level layered PINN architecture designed to estimate temperature and

irradiance, with a strong focus on accurately analyzing transient behavior.

This structure enhances the model’s ability to capture both environmental



conditions and transient variations analysis. Chapter 6 presents the ex-

perimental validation of the proposed approach, demonstrating its practical

effectiveness and reliability under real operating conditions. This chapter

describes how the experimental setup and measurements were designed to

verify the model’s ability to accurately estimate PV parameters and repro-

duce the system’s dynamic response. Finally, Chapter 7 concludes the thesis

by summarizing the key findings and contributions, highlighting the sig-

nificance of the proposed dynamic PV modeling framework, and outlining

recommendations and future research directions.
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Chapter 2





2
Identifying Physical Parameters

In Photovoltaic Systems

2.1 Introduction

In order to monitor a PV system effectively, we usually rely on Equiv-

alent Circuit Model (ECM) that describe how the system behaves under

different conditions. These models describe the electrical behavior of the

system through a set of parameters [1, 2]. To better understand how these

models represent the physical behavior of PV systems, we begin by looking

at the widely used SDM and how it is formulated in both static and dynamic

models, as discussed in the next section.

2.2 Modeling Approaches For PV Systems

One of the most widely used frameworks for PV modeling is the SDM.

It captures the electrical behavior of the device and forms the basis for most

PV modeling approaches. Depending on the objectives of the analysis, the

SDM can be implemented in either a static or dynamic model. The static

model describes the steady-state conditions of the PV, while the dynamic

extension incorporates transient behavior, allowing the model to reflect the

33



system’s response to time-varying inputs [3].

The following subsection introduces the SDM structure for static and

dynamic analysis.

2.2.1 Static Model Approach In PV Systems

Static models assume steady-state operating conditions. The SDM is

widely used in this context, as it can accurately reproduce the I–V charac-

teristics of PV modules under static conditions, as illustrated in Figure 2.1.

Figure 2.1: Equivalent circuit of the SDM used for static modeling of PV modules.

The SDM represents the PV cell using a current source (Iph), a diode

(D), a series resistance (Rs), and a shunt resistance (Rsh). The current

source Iph models the photo-generated current, while the diode accounts

for the behavior of the p–n junction. The series resistance Rs represents

ohmic losses in interconnections, and the shunt resistance Rsh models leakage

currents across the junction [4].

This model is particularly effective for reproducing the I–V character-

istic curve, which reflects key performance metrics such as the open-circuit

voltage, short-circuit current, and MPP. Analyzing the shape and curvature

of the I–V or P–V curves allows for basic fault detection, such as mismatches,

degradation, or bypass diode activation [5].

While the SDM can reproduce the steady-state (I–V) characteristics,

it inherently neglects the transient dynamics of photovoltaic devices. These

static algebraic formulations assume an instantaneous equilibrium between

the voltage and current, disregarding the internal charge storage and capac-

itive behavior of the p–n junction [30, 31]. Under dynamic conditions, the

PV system can no longer be represented by a fixed (I–V) curve but instead



behaves as a nonlinear dynamic system in which the junction capacitance

governs the charging and discharging processes during voltage and irradiance

fluctuations [32–34].

The following subsection examines the dynamic modeling approach in

more detail.

2.2.2 Dynamic Model Approach In PV Systems

To address the limitations of static representations, dynamic models

extend the SDM framework by incorporating time-dependent elements that

capture the transient electrical response of PV modules. In dynamic mod-

eling, additional components are introduced to represent the junction and

diffusion charge effects within the semiconductor layers. These elements de-

scribe the ability of the p–n junction to store and release charge in response

to voltage perturbations, allowing the model to simulate how the current

and voltage evolve over time under dynamic operating conditions [30, 31].

A typical dynamic extension of the SDM therefore includes a capacitance

connected in parallel replaced the diode, as shown in Figure 2.2 [32,33].

Figure 2.2: Equivalent dynamic model of a PV module including junction capaci-

tance.

The inclusion of the junction capacitance enables the model to repro-

duce transient behaviors such as overshoot, delay, and relaxation phenomena

that arise when the module is subjected to rapid voltage or irradiance vari-

ations. It also provides a more accurate representation of the displacement

current generated during switching events in power converters, which the

static model completely neglects [33,34].

According to the literature, several analytical approaches have been



proposed to study these dynamic effects, In general categorized into time-

domain and frequency-domain analyses [30–32]. The time-domain approach

focuses on the transient response of current and voltage to step perturba-

tions, providing information about the system’s dynamic parameters and

transiant behavior. On the other hand, the frequency-domain approach of-

ten based on impedance spectroscopy examines how the module responds to

small-signal variations across different frequencies, revealing charge trans-

port characteristics and capacitive behavior.

In the following subsection, both approaches are examined in detail to

better understand and quantify the dynamic characteristics of the proposed

model.

2.2.2.1 Frequency Domain Approach

The frequency domain analysis approach is a method for analyzing

the dynamic behavior of PV modules. Techniques such as Impedance Spec-

troscopy (IS) are widely used in this context [8].

As demonstrated in the literature, the dynamic impedance response

of the PV module reveals crucial insights into its operating point. For exam-

ple in [9], By analyzing the frequency response of the module, the authors

extract parameters related to charge transport and recombination using an

equivalent circuit. The key strength lies in the ability of IS to reveal internal

dynamic behaviors not visible through static I–V measurements. However,

the method is highly sensitive to measurement conditions and requires pre-

cise excitation and noise-free data to ensure reliable parameter extraction. in

the other sudy [10], the authors emulate the behavior of a full c-Si PV mod-

ule under healthy, partially shaded, and faulted conditions. A key strength

of this work is the identification of the Nyquist spectrum shape and radius as

indicators of fault presence, which allows for fault detection even when I–V

curves appear unaffected. However, the study is based solely on simulation

data, and no experimental validation is provided, which limits its practical

applicability in real-world environments.



In some studies, both static and dynamic characteristics of PV mod-

ules are combined to enable more accurate and robust modeling approaches.

For example in [11], IS is used to characterize the dynamic behavior of PV

modules by analyzing their frequency response through a Constant Phase

Element (CPE)-based model. A key strength in this study is the joint op-

timization of static and dynamic parameters, ensuring consistency across

models. However, the approach is sensitive to measurement quality, and in-

dependent fitting can lead to inconsistent parameter values. Similarly, [12]

proposes an enhanced SDM model incorporating dynamic diode behavior

for PV cell characterization using IS. By extracting both IV and impedance

data at several operating points and using evolutionary algorithms for pa-

rameter fitting, the method achieves accurate replication of both static and

dynamic responses. A major strength is the ability to predict the PV cell’s

impedance and IV curve from a single spectral measurement, significantly

reducing testing time. Nevertheless, the model is only validated on single

cell experiments under controlled conditions, which limits its generalizabil-

ity to full PV modules or real-world scenarios. In other study [13], presents

an approach for the dynamic characterization of photovoltaic modules by

enabling simultaneous I–V curve measurement and impedance spectroscopy

analysis. The proposed tool evaluates the module’s frequency response across

a wide range, allowing the identification of junction capacitance and degra-

dation effects. Its main strength in the in-situ integration with PV strings

and the extraction of dynamic parameters directly from experimental data.

However, the study reports measurement limitations at very low and high

frequencies due to long acquisition times and noise effects. Also in [35], they

estimates the electrical parameters of silicon solar cells using IS to analyze

their frequency-dependent response and identify degradation mechanisms

such as Potential-Induced Degradation (PID) and Current-Induced Degra-

dation (CID). The method provides a reliable approach for distinguishing

between different degradation mechanisms and validating physical models.

The main strengths are its accuracy, physical interpretation, and ability

to separate degradation types, while the weaknesses include dependence on



complex measurement setups, long frequency sweeps, and sensitivity to ini-

tial fitting conditions. Also traditional IS is often not sufficient for fast or

real-time characterization of photovoltaic devices due to its long measure-

ment time. for example, [36] characterizes silicon photovoltaic cells using

Broadband Impedance Spectroscopy (BIS) as a faster alternative to tradi-

tional IS. It applies an optimized quasi-logarithmic multisine signal to esti-

mate the impedance response and fits the data to an equivalent circuit model

using complex nonlinear least squares to extract parameters. The method re-

duces acquisition time to about one second while maintaining high accuracy,

enabling real-time condition monitoring of PV modules. Strengths include

speed, accuracy, and suitability for online monitoring, while weaknesses in-

volve dependence on careful signal optimization, limited frequency range,

and sensitivity to noise in practical applications. Also [37] establishes the

theoretical foundation of IS for dye-sensitized solar cells (DSSC) by intro-

ducing the concepts of chemical capacitance and recombination resistance.

This work’s strength lies in its physical interpretation of charge transport

and recombination, while its limitation is that the model cannot describe

multilayer or disordered systems.

In general, this approach offers valuable insights into the dynamic

behavior of PV modules. However, this method often requires complex pro-

cessing and instrumentation and is typically limited to a fixed operating

point, where the system is linearized around its steady-state condition and

analyzed in the frequency domain using a small-signal model. this analysis

provides information about local dynamics but not fully capture the non-

linear behavior of the system. To address these limitations, time-domain

analysis offers a complementary perspective by capturing transient and non-

linear behaviors under dynamically changing inputs, which will be explored

in the following subsection.



2.2.2.2 Time Domain Approach

Unlike the frequency domain, the time domain monitors transitions

and variations and offers a more detailed view of the system’s full range of

behavior. It is especially useful in situations where the system’s performance

changes under different conditions and provides more accurate and relevant

diagnostic information [14]. This is particularly important in MPPT algo-

rithms such as P&O, where the system continuously perturbs the operating

voltage and observes the resulting power variation [1].

This dynamic behavior is clearly illustrated in Fig. 2.3(a), where suc-

cessive perturbations in the operating voltage (∆VP V ) are applied, and the

corresponding changes in power are observed [1]. The points from X1 to

Xk+1 show how the P&O algorithm moves step by step toward the MPP by

checking how the power changes with each voltage adjustment. When the

system operates on the rising side of the P–V curve, increasing the voltage

results in higher power, so the algorithm continues in the same direction.

On the falling side, the same change leads to a drop in power causing the

algorithm to reverse its direction. This behavior is illustrated in Fig. 2.3(b),

which shows how the normalized PV voltage and the perturbation waveform

change over time. The constant step size (∆x) and the fixed time inter-

val (Tp) reflect a discrete-time control approach that depends on tracking

short-term system responses to guide the MPPT process effectively.

To further understand how the PV system dynamically reacts to per-

turbations, Figure. 2.4 presents the step response of the system in the time

domain. Figure. 2.4 shows the normalized voltage and power oscillations

following a sudden change in operating conditions. The transient behav-

ior is characterized by damped oscillations, where both voltage and power

gradually settle to steady-state values. The voltage typically stabilizes faster

than the power, as indicated by the shorter settling time. This information

is essential for selecting appropriate perturbation intervals and step sizes in

MPPT algorithms, ensuring that each perturbation is applied only after the

system has sufficiently responded to the previous one.



Figure 2.3: Time-domain analysis of the P&O algorithm during the MPPT process.

(a) Sequence of voltage perturbations and corresponding power responses on the

P–V curve, illustrating the algorithm’s progression toward the MPP. (b) Evolution

of the normalized PV voltage and the perturbation signal over time, highlighting

the discrete control steps and sampling intervals.



Figure 2.4: Step response of the photovoltaic system showing normalized voltage

and power oscillations. The difference in settling times illustrates the dynamic

characteristics of the system under a sudden change in operating voltage.

The dynamic response of the PV system is considered as a key factor

in improving MPPT performance.

The next section focuses on the general problem of parameter identifi-

cation parameters using transient analysis. It explains how system parame-

ters can change during dynamic or non-steady-state conditions and discusses

techniques that utilize transient responses to accurately estimate these vari-

ations.

2.3 Parameter Estimation Using Transient Re-

sponse Analysis

Transient response analysis is widely applied across various different

applications to identify system parameters. By analyzing how a system re-

acts to time-varying excitations, researchers can extract accurate physical

characteristics that are often difficult to obtain under steady-state condi-

tions.

In mechanical systems, when a sudden excitation is applied, the tran-

sient response is analyzed to extract parameters of the structure. For ex-

ample, in rotating machinery, transient resonance crossings are especially



critical because vibration amplitudes and phase relationships change rapidly

with rotational speed, requiring advanced modeling and estimation tech-

niques. [38] presents a method to identify the vibration parameters of turbo-

machinery blades under transient conditions during run-up and run-down.

The method employs an analytical single-degree-of-freedom model excited

by a harmonic force with a linearly time-varying frequency, meaning the ex-

citation frequency changes linearly with time. The transient response, which

exhibits beating behavior after passing through resonance, is analytically ap-

proximated and then fitted to Blade Tip-Timing (BTT) data using nonlinear

least-squares optimization to estimate the natural frequency and damping

ratio. Validation with both numerical and experimental data demonstrates

that the transient model provides much higher accuracy than the steady-

state approach, particularly in damping estimation, while its main limita-

tion lies in the need for good initial guesses and slower convergence due

to nonlinear fitting. Similarly, [39] develops a Prony model–based method

for analyzing transient vibration signals to diagnose machinery faults, espe-

cially in low-speed rolling element bearings. The method fits exponentially

decaying sinusoids to short transient data segments and extracts parameters

such as damping and frequency to evaluate fault severity. Using nonlinear

least-squares and spectral analysis, the authors establish a quantitative re-

lationship between vibration energy and fault size. The approach achieves

high accuracy and efficiency in short transient signal analysis, though its

validation is limited and requires further studies to generalize the empirical

constants across different machines.

In thermal systems, transient temperature variations following a heat

pulse are analyzed to estimate material properties such as thermal conductiv-

ity and heat capacity. [40] proposes a two-step parameter estimation proce-

dure (TSPEP) to determine soil and grout thermal properties from thermal

response test (TRT) data using transient analysis. A three-dimensional finite

element model of a geothermal heat exchanger is combined with nonlinear

least-squares optimization using a Gauss linearization approach. The first

step estimates grout parameters using early transient data, while the second



step identifies soil parameters from later-time data. The method achieves

high accuracy and successfully decouples soil and grout effects, although it is

computationally intensive and sensitive to initial guesses and data selection.

Also, [41] presents a transient-based inverse analysis to estimate thermal

contact resistance (TCR) at solid–solid interfaces using measured tempera-

ture responses. A one-dimensional transient heat conduction model is solved

numerically, and the TCR is determined via nonlinear least-squares fitting.

Results indicate that transient data enhance sensitivity to resistance varia-

tions compared to steady-state approaches. This method shows strong accu-

racy and stability but is sensitive to boundary conditions and measurement

noise. Another study [42], applies transient-based parameter estimation to

determine both thermal conductivity and heat capacity of the ground using

TRT data. By modeling the borehole heat exchanger as a cylindrical heat

source and solving transient heat diffusion through finite differences, the

authors fit measured outlet temperatures to simulated results using nonlin-

ear least squares. The method provides more detailed physical insights than

steady-state line-source models but is limited by computational demand and

simplified assumptions.

Transient analysis also finds applications in chemical process systems,

where the transient response of concentration or temperature after a sudden

input change is used to estimate kinetic and mass transfer coefficients. For

instance, [43] presents a model-based design of transient flow experiments

(MBDoE) for high-precision estimation of kinetic parameters in chemical

reactions. The study employs transient ramping of flowrate and tempera-

ture in a plug-flow reactor modeled as a sequence of batch reactors, using

maximum likelihood estimation with Fisher Information analysis to identify

Arrhenius parameters. The optimized design achieves higher accuracy and

reduced experimental time compared to steady-state testing, though it de-

pends on reliable initial guesses and faces computational challenges due to

nonlinear optimization.

In electromechanical systems, the transient response of motor speed

or acceleration after applying a step torque provides key information about



inertia and friction. [44] introduces an analytical approach to estimate me-

chanical parameters of induction machines using transient response analysis.

The machine is modeled with a fifth-order d–q axis system, focusing on the

transient behavior of reactive power with respect to voltage. Using rise and

settling times from the transient response, the moment of inertia and damp-

ing coefficient are identified iteratively, achieving strong agreement with ex-

perimental data. The main advantages are analytical clarity and validation

across multiple machine ratings, while weaknesses include computational

cost and sensitivity to the initial parameter range. Similarly, [45] analyzes

transient stator currents during motor startup to estimate resistance, reac-

tance, and inertia. Among three proposed identification methods, the gener-

alized iterative approach achieves the best performance by minimizing time-

domain current errors, demonstrating high accuracy and adaptability to real

operating conditions but at the cost of higher computation and sensitivity to

nonlinear effects like magnetic saturation. In the same context, [46] applies

transient voltage and current analysis to estimate parameters of synchronous

machines during startup and load variations. Using nonlinear least-squares

fitting of transient waveforms, the authors accurately identify synchronous

reactance, damping, and time constants, showing high precision and practi-

cal applicability but sensitivity to noise and initial estimates.

Transient analysis is also used in fluid and structural systems. [47] de-

velops a Bayesian inverse transient framework to assess pipeline conditions

and estimate parameters such as impedance and wall thickness. Using the

Differential Evolution Adaptive Metropolis (DREAM) algorithm, a Markov

Chain Monte Carlo (MCMC) method, the approach estimates parameters

and their uncertainties from transient pressure data. The method demon-

strates strong robustness and uncertainty quantification but requires high

computational resources and accurate priors. In electrical systems, [48] ap-

plies transient analysis for transformer parameter identification using voltage

and current data during energization. A detailed electromagnetic transient

model captures inrush current and flux dynamics, while nonlinear least-

squares fitting is used to estimate parameters such as winding resistance



and leakage inductance. The method provides physically meaningful results

with high accuracy but is computationally expensive and sensitive to mea-

surement noise.

In aerospace applications, transient response analysis is used to model

and identify nonlinear aerodynamic behavior during unsteady flight con-

ditions. Reference [49] estimates aerodynamic parameters of aircraft dur-

ing near-stall maneuvers by analyzing transient flight data. A hybrid neu-

ral–artificial bee colony (NABC) method captures the nonlinear transient

dynamics of aerodynamic forces and moments during rapid angle-of-attack

changes. This approach improves estimation accuracy of lift, drag, and

pitching moment coefficients compared to steady-state models but requires

high-quality transient data and involves considerable computational effort.

Also, in electrochemical systems, transient analysis has been exten-

sively applied for battery parameter identification. [51] proposes a transient

analysis method to estimate parameters such as internal resistance and diffu-

sion capacitance from voltage and current response data following a current

pulse. By fitting the voltage relaxation curve through nonlinear optimiza-

tion, both fast and slow dynamic behaviors are captured effectively. Sim-

ilarly, [50] estimates lithium-ion battery parameters from short pulse cur-

rent tests using a simplified equivalent circuit model. The transient voltage

response is analyzed to determine internal resistance, charge transfer resis-

tance, and diffusion capacitance with high speed and accuracy, making the

method suitable for online applications despite sensitivity to temperature

and model simplifications.

Overall, these studies use physics-based or data-driven methods for

transient response analysis and parameter estimation. A hybrid framework

allows for both physical consistency and improved predictive performance.

The next section introduces a hybrid approach that integrates these two

perspectives to achieve more accurate and robust transient parameter esti-

mation.



2.4 Physics-Informed neural network

To address the limitations of both methods, a hybrid approache have

emerged that integrate physical knowledge with data-driven learning. PINN

represent an innovative approach to this task [15]. They are especially ef-

ficient when noisy or insufficient data are available for the dynamic system

to identify. In a PINN, the physical laws of the system are used as part of

the cost function of the neural network so that the network learns through

training not only the data but also the physical laws governing the system.

By embedding physics into the training process, PINN can extract hidden

dynamics from limited or noisy data. This makes them especially useful in

nonlinear or time-dependent systems. they use physics as a guiding prin-

ciple to regularize the learning process, reducing the risk of overfitting and

improving generalization [16]. Also, PINN do not require traditional labeled

training data as in supervised learning. Instead, they leverage physics-based

loss functions derived from governing differential equations to learn the un-

derlying system behavior. By embedding these physical constraints directly

into the neural network, PINN ensure that their solutions inherently satisfy

the fundamental laws governing the system [17].

Based on these features, PINN can be employed effectively for system

identification, particularly in time-dependent applications where the capture

of dynamic behavior is essential. A comprehensive comparison between clas-

sical methods, physics-based optimization approaches, and physics-informed

neural networks (PINNs) is summarized in Table 2.1. The table highlights

the main characteristics, advantages, and limitations of each category, pro-

viding a clear overview of their respective strengths and weaknesses in time-

domain parametric identification.

In the following section, we explain how PINN applied to the identi-

fication of the system in the time domain.



Table 2.1: Comparison of data-driven, physics-based, and physics-informed (PINN)

approaches for system identification
Aspect Data-driven methods Physics-based

methods

PINNs (hybrid)

Core idea Learn directly from
data

Use governing physical
equations

Combine data with
physical constraints

Strengths Learn complex
nonlinear patterns

Based on physical
principles

Robust to noise

Weaknesses Lack physical
constraints; poor

extrapolation

Limit applicability to
nonlinear or uncertain

systems

High computational cost

Data
requirement

Large datasets Minimal data and rely
on equations

Effective with limited
and noisy data

Physical
consistency

Lack physical
consistency

Fully consistent with
physics

Enforce physics through
loss terms

Typical
application

Complex systems with
large datasets

Well-defined physical
systems

Nonlinear or
data-limited systems

2.5 Physics-Informed Neural Network As Para-

metric Identification Tools

In parameter estimation with PINN, factors such as noise level, num-

ber of parameters, model complexity, and system behavior influence the ac-

curacy and robustness of the estimation. Nonlinear models typically exhibit

greater complexity compared to linear models and often require a larger

amount of input data to accurately estimate parameters and capture the

underlying dynamics of the system. For example, in [18], the researchers

started by modeling a linear elasticity problem. This initial linear model

served as a foundational step to explore the PINN behavior and perfor-

mance of the PINN framework network. For this linear model, they used

100 input data points to estimate two parameters. When extending to a

more complex nonlinear problem, they estimated three parameters using

2000 input data points. Additionally, the dimensionality of the model is

critically important. In [15], the researchers investigated the Navier–Stokes

equation and the Korteweg–de Vries (KdV) equation, highlighting the influ-

ence of dimensionality on model complexity. The Navier–Stokes equation,



which models incompressible fluid flow in two dimensions (2D), requires solv-

ing for multiple variables across a complex, high-dimensional space. Due to

the intricate nature of fluid dynamics and the high dimensionality involved,

more parameters are necessary to accurately capture the spatial variations

and interactions within the flow field. In this case, 5000 input data points

were used to estimate two parameters. In contrast, the KdV equation is

a simpler, one-dimensional (1D) equation that models wave propagation in

shallow water or similar systems. Because of its lower complexity and di-

mensionality, significantly fewer parameters and data points are needed. The

study used 199 and 200 samples to estimate two parameters at two different

time points, tn and tn+1, within the KdV equation. This comparison un-

derscores how the dimensionality and complexity of the equations directly

impact the amount of data required and the number of parameters needed

to accurately model these systems within the PINN framework. Also, to

address the limitations of slow convergence and difficulties in handling stiff-

ness and nonlinear behavior, various enhanced versions of PINN have been

introduced in recent studies. For example, Coupled automatic-numerical au-

tomatic–numerical differentiation PINNs (CAN-PINN) combines automatic

and numerical differentiation to improve training speed and stability, partic-

ularly under sparse data. It outperforms classical PINN in terms of accuracy

and efficiency but depends on manually tuned differentiation parameters and

may not scale well in complex geometries or noisy environments [19]. trans-

form higher-order PDEs into first-order systems, enabling training with only

first-order derivatives and exact enforcement of boundary conditions using

. This results faster training and higher accuracy for high-order and pa-

rameterized problems, although the additional compatibility constraints can

complicate training and affect convergence [20].

In addition to advancements in network architectures and differenti-

ation strategies, recent efforts have increasingly focused on improving the

design of physics-based loss functions in PINN. For instance, [21] introduces

a neural network that learns the discrepancy between the assumed physi-

cal model and observed data. This approach allows for the simultaneous



minimization of data and physics losses, and supports uncertainty quantifi-

cation through ensemble or Bayesian PINN frameworks. While this method

improves robustness and adaptability in the presence of model errors, it

also increases computational demands. Similarly, the Multiaxial fatigue life

prediction physics-informed neural network (MFLP-PINN) framework in-

corporates material-specific physical behavior directly into the loss function

to enhance prediction accuracy. However, its effectiveness largely depends

on selecting a suitable physical model for the material. If the model’s as-

sumptions do not reflect the true behavior of the system, the quality of the

predictions can deteriorate noticeably [22].

Moreover, the type of sampling method employed can significantly

enhance the effectiveness of parameter estimation. For instance, in [23], the

researchers utilized 30 samples to estimate five parameters by employing a

Uniform Design sampling strategy [24]. This approach optimizes the number

of samples by uniformly distributing them across the multivariate space,

enabling the comprehensive capture of the design space with fewer samples.

Consequently, Uniform Design facilitates a complete representation of the

design space while maintaining the quality and accuracy of the analysis with

a reduced number of samples.

Considering these characteristics, PINN have shown great potential

as a suitable approach for parameter estimation in nonlinear, data-limited,

and time-domain environments.

These advantages make them particularly attractive for applications

in power systems, which will be explored in the following section.

2.6 Applications of Physics Informed Neural

Network in Power Systems

In recent years, PINN have emerged as a powerful and innovative ap-

proach for modeling, analysis, and control of power systems and power elec-

tronics. For example, in [25], a PINN-based approach enables simultaneous



estimation of dynamic states and system parameters in power generators us-

ing limited Phasor measurement unit (PMU) data. The method incorporates

differential equations as physical constraints during training. Its strengths

include robustness to noisy data and the ability to estimate multiple vari-

ables concurrently. However, it relies on accurate physical models, requires

careful hyperparameter tuning, and involves high computational costs for

complex systems. Also, [26] presents a novel Physics-Informed Graph Neu-

ral Network (PIGNN) methodology that enables accurate state estimation

in power systems. Key strengths include robustness to noise, reduced depen-

dency on labeled data, and strong generalization capability. However, the

method relies on accurate network topology, involves complex implementa-

tion, and lacks wide validation on real-world power systems.

One of the main challenges in parameter estimation of power electronic

converters is the limited availability of measurement data and the need for ac-

curate modeling. In [27], a novel method estimates the parameters of a Buck

converter using Physics-Informed Machine Learnin (PIML). By leveraging

PINN and peak-to-peak voltage and current data, this approach achieves

high estimation accuracy without requiring disturbance injection. However,

a notable weakness remains the lack of a systematic approach to determine

the optimal weighting between the physical model and data terms in the loss

function.

Accurate parameter estimation in power systems is challenged by mea-

surement noise such as Gaussian, additiv (AD), and synchronization (sync),

originating from sensors and environmental factors. In [28], the effect of dif-

ferent noises from 5% to 20% and input data ranging from 20 to 1000 samples

on one parameter was studied. However, its limitations include high compu-

tational costs associated with hyperparameter tuning and training, as well

as challenges in scaling the model for broader operating conditions. In [29],

researchers addressed this complexity by incorporating three types of noise.

Additionally, the neural network weights were initialized using the Xavier

initialization method, which sets the weights in a random yet controlled

manner at the onset of training. This initialization strategy enhances model



convergence and prevents issues like vanishing or exploding gradients. Fur-

thermore, the circuit parameters were initialized with specific initial values,

serving as starting points for model optimization and learning. The defini-

tion of lower and upper bounds for the inputs also played a crucial role in

normalizing the data, thereby enabling the model to process the information

more effectively and accurately. These capabilities are particularly valuable

in PV systems, where environmental variability and system complexity pose

significant challenges.

Because PINN has already been applied to problems involving nonlin-

ear differential equations and for identifying a number of complex physical

parameters across various domains such as fluid dynamics, heat transfer, and

electromechanical systems, it provides a promising foundation for modeling

highly nonlinear processes. Its ability to incorporate governing equations di-

rectly into the learning process enables simultaneous data fitting and physi-

cal constraint enforcement, resulting in improved generalization and physical

consistency.

In general, this chapter provided an in-depth analysis of PV model-

ing approaches, including a detailed comparison between static and dynamic

representations of PV modules. It also reviewed different parameter identifi-

cation methods in the time domain and their limitations under nonlinear and

noisy conditions. In addition, the chapter introduced PINN as an alterna-

tive approach for parameter estimation. The dynamic SDM was presented as

the main dynamic modeling framework for transient analysis. This analysis

provided the motivation for using physics-informed learning in dynamic PV

modeling. Given these advantages, the next chapter focuses on employing

the PINN framework for the dynamic analysis of PV systems, demonstrat-

ing its capability to model transient behavior and accurately estimate system

parameters under varying operating conditions.
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Chapter 3





3
Parameter Identification In The

Photovoltaic Systems

3.1 Introduction

As discussed in the last chapters, the dynamic behavior of the PV

module can provide additional valuable information about the system. This

analysis applies a small voltage signal with varying frequency to the module

and examines its current response. In real-world applications, MPPT algo-

rithms such as P&O already introduce step changes in voltage to track the

MPP as it varies with irradiance and temperature. This stepwise excitation

can be useful for identifying the ECM parameters. By developing the static

SDM into a dynamic SDM that incorporates the junction capacitance to

capture the transient behavior of the p–n junction, parametric identification

can be performed directly in the time domain. This approach uses current

and voltage waveforms acquired at the PV terminals, thus avoiding the need

for frequency-domain analysis. PINN represent a framework, as they are ca-

pable of incorporating the dynamic model while leveraging current samples

that capture the module’s response to the voltage perturbations imposed by

the P&O MPPT algorithm [1,2].

In the next sections, the PINN formulation is introduced and first
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applied to a linear PV model to evaluate its ability to identify parameters.

Once its effectiveness is confirmed in the linear case, the approach is extended

to a nonlinear PV model.

3.2 Dynamic Linear Single Diode Model

In the dynamic model of a photovoltaic cell, the initial circuit includes

the components Rd, CD, and CT to represent the diode’s dynamic behavior.

This subcircuit is replaced with a single equivalent capacitance to simplify

the model. As a result, the simplified circuit consists only of the photocurrent

source Iph, the series and shunt resistances Rs and Rsh, and the equivalent

capacitance C. The capacitance models the dynamic behavior of the PN

junction of the crystalline cells in the PV module [1]. The final equivalent

circuit preserves the transient characteristics of the PV cell while allowing

for a more straightforward analysis. The dynamic PV module SDM is shown

in Fig.5.1.

Figure 3.1: Dynamic SDM of the PV module.

Based on Kirchhoff’s current law, the C current divides photogener-

ated current Iph into the capacitor ic, shunt resistor iRsh
, and total output

current iac. The equation is:

Iph − ic(t) − iRsh
(t) − iac(t) = 0 (1)

The capacitor current equation is as follows:

ic = C
dvc(t)

dt
(2)



where C is the capacitance of the capacitor, and vc(t) is the voltage of the

capacitor. In the linear case, the p-n junction capacitance is assumed to be

constant. This simplification is introduced for having a simplified example

on which to test the PINN potentiality on the given problem.

The equation for iRsh
is as follows:

iRsh(t) = vc(t)
Rsh

(3)

Substituting these into the main equation, we have:

iac(t) = Iph − C
dvc(t)

dt
− vc(t)

Rsh
(4)

On the other hand, the input voltage in the circuit is:

vac(t) = −Rsiac(t) + vRsh
(t) (5)

Since vRsh
= vc, we can write:

vac(t) = −Rs

(
Iph − C

dvc(t)
dt

− vc(t)
Rsh

)
+ vc(t) (6)

According to (6), the capacitor voltage equation becomes the following

differential equation:

dvc(t)
dt

=
vac(t) −

(
1 + Rs

Rsh

)
vc(t)

RsC
+ Iph

C
(7)

The output current is given as:

iac(t) = vc(t) − vac(t)
Rs

(8)

To investigate the dynamic behavior of the photovoltaic system over

time, the state-space model can be defined based on these equations as fol-

lows: dvc(t)
dt

iac(t)

 =

 1
RsC

− 1
Rs

 vac(t) +

−
(

1 + Rs

Rsh

)
1

Rs

 vc(t) +

 Iph

C

0

 (9)

This model allows us to analyze the response of the system to the

input voltage vac(t) over time.

In the following section, the simulation process in the Simulink is

described in detail.



3.2.1 Dataset

The dynamic equivalent circuit of the PV simulated in the Simulink

environment shown in Fig. 3.2.

Figure 3.2: Equivalent circut in Simulink MATLAB.

For data extraction, the scope were used to record the voltage and

current over time. The output data extracted as time-series vectors for

analysis. These datasets were then used for training of the PINN. The

input voltage vin(t) reflects typical MPPT behavior, and the PV output

current iac(t) represents the corresponding SDM response. Initially, noise

is not added to the Simulink simulation to allow accurate analysis of the

performance of the PINN identification method under different controlled

conditions. The PV voltage and current datasets serve as input to the PINN

to estimate the target parameters under both noisy and noise-free conditions

in Python. Based on the literature, to evaluate the robustness of the PINN

model, noise with standard deviations ranging from 0% to 5% is added to the

PV current waveform [1]. Each noise level scenario repeats ten times with

different random seeds to ensure statistical reliability. By simulating these

inputs under varying noise conditions, the model’s parameter estimation

process shows its sensitivity and stability systematically. All simulations

take place under STC, with irradiance at 1000 W/m2 and temperature at



25 ◦C.

In the following subsection, the PINN approach is introduced and dis-

cussed in detail, highlighting its formulation and application to the problem

at hand.

3.2.2 Physics Informed Neural Network Design

PINN can be used for both direct and inverse problems. In direct

problems, they solve differential equations by learning solutions that follow

physical laws. In inverse problems, they estimate unknown parameters from

observed data. In both cases, the main advantage of PINN is that they

include physics directly in the training process through the loss function.

While the data-driven part is modeled by a feedforward neural network,

the physics-based part ensures that the solution stays consistent with the

governing equations.

A dynamic system is considered as presented in [2], which governing

partial differential equation Partial Differential Equation (PDE) are given

below:

ut + N [u; λ] = 0, x ∈ Ω, t ∈ [0, T ] (10)

f := ut + N [u; λ] (11)

u(t, x) is the unknown solution, implicitly defined through its time

derivative ut and the nonlinear operator N [u; λ], which together govern its

evolution over space and time. The goal is to find u(t, x) such that the PDE

is satisfied within the spatial domain Ω and over the time interval [0, T ],

subject to initial and boundary conditions. In other words, u(t, x) is the

target solution to be learned, while f is the residual that measures how well

u(t, x) satisfies the governing PDE [18]. The loss function is formulated for

network as presented in (14).



L(t, θ) = 1
M

M∑
i=1

([
dVc

dt
− uPINN(ti; θ)

]2
)

+ λ1 · 1
M

M∑
j=1

(uPINN(tj ; θ) − uobs(tj))2
(12)

It is worth to note that the system under study is a first order linear

circuit, for which the time response can be calculated explicitly and a clas-

sical identification approach based on RMSE minimization can be applied.

Nevertheless, the proposed example is useful to understand the PINN po-

tential about the given problem and is a prelude of its application to the

non-linear SDM.

In the following sections, we analyze how the PINN estimates the

parameters and satisfies the physical constraints.

3.2.3 PV module circuit parameters and time domain

waveforms

Table 3.1 describes the electric characteristics given by the manufac-

turer based on the datasheet for the Kyocera KC175GHT-2 panel at STC

and the parameters of the SDM tuned for representing the panel [4].

According to [5], the capacitor value calculated for 16 cell. for calcu-

late for 48 cells, it can be expressed as follows:

C16cell×3 = 13316.44
48 = 277.33 nF (13)

The input is the MPP step voltage (Fig. 3.3), and the output is the

corresponding MPP step response current (Fig. 5.9).

The applied stepwise voltage is typical of MPPT control and is defined

in (14) for a total duration of 4 µs:

V (t) =



23.4 0 ≤ t < 1 µs

23.6 1 µs ≤ t < 2 µs

23.4 2 µs ≤ t < 3 µs

23.2 t ≥ 3 µs

(14)



Table 3.1: Characteristics of a PV panel: Kyocera KC175GHT-2 at STC and .

Characteristics at STC

Voc 29.2 [V]

Isc 8.09 [A]

MPP 23.6 [V], 7.42 [A]

Thermal Coefficients
αv = −109 [mV/◦C]

αI = 3.18 [mA/◦C]

Number of Cells 48

SDM Parameters

Iph 8.09 [A]

Rs 0.2185 [Ω]

Rsh 93.0571 [Ω]

Based on (9), the parameters Rs, Rsh, Iph, and C need to be esti-

mated. The details of the PINN architecture and training configuration are

summarized in Table 6.1. In addition, (12) was considered as the loss func-

tion. The contribution of the data-based component was controlled by the

weighting factor λ1.

Figure 3.3: Step voltage input of the equivalent circuit in Simulink.



Figure 3.4: Step response current of the equivalent circuit in Simulink.

Table 3.2: PINN architecture and Training Details

Category Details

Neural Network Structure 30 neurons, 3 hidden layers

Activation Function Tanh

Optimizer AdamW

Input Data Points 3000

Parameters Estimated Rs, Rsh, C, iph

Training Epochs 250,001

Learning Rate 0.0005

Figures 3.5–3.8 illustrate the influence of each parameter on the out-

put current. Increasing Rs reduces the peak current while increasing the

initial slope. Increasing C, increases the peak current and results in a faster

drop after discharge. Increasing Iph raises the overall output current and

the final constant-current level. The model exhibits the lowest sensitivity to

Iph and the highest sensitivity to Rsh.



Table 3.3: Parameter ranges for the estimation process.

Parameter Range

Iph [0.1 A, 12 A]

Rs [0.1 Ω, 0.35 Ω]

Rsh [45 Ω, 140 Ω]

C [125 nF, 375 nF]

Figure 3.5: Effect of varying Iph on the output current.

Figure 3.6: Effect of varying Rs on the output current.



Figure 3.7: Effect of varying Rsh on the output current.

Figure 3.8: Effect of varying C on the output current.

Due to the high sensitivity to Rsh, several thresholds were tested for

Rsh to determine an appropriate point for learning rate adjustment. When

the value of Rsh during training reaches 90 Ω, the learning rate is reduced

to 1 × 10−7.

This threshold was chosen based on the physical behavior of the mod-

ule, since increases in Rsh have negligible impact on the output current and

the curves for different values of Rsh are hardly distinguishable. The input

data consist of voltage and current values over time obtained from Simulink.

The considered range for each parameter is reported in Table 3.3. The PINN

framework embeds Kirchhoff’s current law and the PV module’s dynamic re-

sponse, into the training process. The model is trained for 250,001 epochs



to ensure it can capture the converge properly for all parameters. Also, the

L2 regularization [6] with a value of 10−8 is applied to improve the over-

all performance of the model. This simulation enables the evaluation of

the system’s performance under dynamic conditions and voltage variations.

Figure 3.9 shows the comparison between the predicted and actual output

current. Fig. 3.10 shows the evolution of the estimated parameters during

training. The PINN demonstrates low sensitivity to the initial parameter

values, which is beneficial in real applications where the exact range of pa-

rameters is not known. This property enables the model to achieve reliable

convergence even with uncertain or approximate initial conditions.Moreover,

it indicates that the network has effectively learned the underlying physical

relationships of the system, rather than relying on specific starting points.

As a result, the approach can be confidently applied to various operating

conditions and datasets without extensive parameter tuning.

Figure 3.9: Comparison of predicted iac and simulated current data for the linear

case. The blue dots represent the true data, while the red line shows the predicted

current.



(a) Rsh (Ω) (b) Iph (A)

(c) C (F ) (d) Rs (Ω)

Figure 3.10: Evolution of estimated parameters during training for the linear case.

To take advantage of this property and to ensure the reliability of the

results, this process was repeated for 100 different cases, each with random

initial values within the ranges given in Table 3.3. The training epochs

and network settings were identical for all cases. The results and analysis

of these 100 repetitions are presented in Fig. 3.11. Also, Fig. 3.12 shows

the probability distributions of the parameters Rs, C, Iph, and Rsh for the

100 cases obtained using the Monte Carlo method [7]. The values of Rs

range from 0.220 Ω to 0.228 Ω, with peaks around 0.220 Ω and 0.226 Ω. The

values of C are uniformly distributed between 278 nF and 288 nF, indicating

high stability in estimation. The values of Iph range between 8.090 A and

8.097 A with a nearly symmetric distribution, showing strong consistency.

The values of Rsh are between 90.5 Ω and 94 Ω.

These distributions confirm the stability of the model, and this feature

makes the method highly advantageous, since in many practical cases the



true parameter values are unknown.

Figure 3.11: Box plot of estimation errors for each parameter over 100 runs. The

average error for all parameters is below 2%, indicating high model accuracy.

(a) Rs (b) C

(c) Iph (d) Rsh

Figure 3.12: Probability distributions of estimated parameters over 100 Monte

Carlo samples.

To investigate the effect of noise on the parameter identification pro-



cess, Gaussian noise ranging from 0 to 5% was applied to the iac(t) samples.

The results are presented in Fig. 3.13. The box plots represent the error

percentage distributions for each parameter across different noise levels. For

Rs, the error remains low and stable up to 4% noise, with median values

below 2% and minimal variability. However, at 5% noise, the variability in-

creases significantly, and more outliers appear, indicating that Rs becomes

more sensitive to higher noise levels.

For Rsh, the error distribution demonstrates strong stability across all

noise levels. The median error remains close to 0.5%, and the interquartile

range is narrow, reflecting minimal variability. Even at 5% noise, the error

increases slightly to around 1%, with a few outliers. This suggests that Rsh

is robust under noise, with only minor sensitivity to higher noise levels.

The parameter C shows moderate sensitivity to noise. At lower noise

levels, the median error is around 1%, and the variability is limited. As

noise levels increase, especially at 5%, the interquartile range widens, and

the presence of outliers becomes more noticeable. This highlights that C is

affected by higher noise levels, leading to larger deviations in error.

The parameter Iph stands out as the most robust. Across all noise

levels, the median error remains consistently below 0.5%, with a very narrow

interquartile range. Even at 5% noise, Iph exhibits minimal variability and

very few outliers, emphasizing its strong resistance to noise and reliable

performance under varying conditions.

These observations highlight the effectiveness of the PINN framework

in handling measurement noise across a range of parameters. The consistent

performance for Iph and Rsh indicates that the model successfully leverages

physical constraints to maintain accuracy even in noisy environments. The

increased variability in Rs and C under higher noise conditions suggests

that further optimization could enhance robustness. Overall, the results

demonstrate the potential of PINNs for reliable parameter estimation in

real-world scenarios with uncertain or noisy data.

In the following subsection, the weighting strategy applied in the loss

function is discussed. The focus is on how different loss terms are balanced to



Figure 3.13: Error percentage distribution of Rsh, Rs , Iph, and C across noise levels

(0% to 5%). The bar heights represent the variations in parameter estimation due

to different levels of Gaussian noise, while the horizontal line indicates the true

value of the parameter for reference.

ensure stable training and accurate parameter estimation within the PINN

framework.

3.2.4 Adaptive Weighting in the Loss Function

In general, the total loss function in a PINN framework combines both

the data loss, which measures the discrepancy between model predictions and

observations, and the physics loss, which enforces the governing equations.

The weighting coefficients λdata and λphysics control the relative contribution

of these two components [2], and the total loss can be written as:

Ltotal = λdata Ldata + λphysics Lphysics (15)

where:

• Lphysics is the residual of the physical model.

• Ldata is the data mismatch loss.



• λ1 and λ2 are weighting coefficients that balance the contributions of

the data term and the physics term in the total loss function.

Selecting fixed values for the weights λ1 and λ2 is challenging, because

assigning a significantly larger value to λ1 leads the model to overfit the

physics and neglect the data, whereas a much larger λ2 causes the model

to overfit the data and disregard the underlying physical laws. To address

this problem, we develop a method base on adaptive weighting to adjust

the balance during training, leading to more stable convergence and more

accurate parameter estimation.

In order to balance the contributions of the data loss and physics-

based loss during training, a self-adaptive weighting approach inspired by

the concept of homoscedastic uncertainty was presented [8]. In this method,

each loss term is associated with an inherent noise level, and the total ob-

jective function is derived from the negative log-likelihood of a Gaussian

observation model. This formulation allows the network to automatically

learn appropriate weights for each loss component, improving training sta-

bility and convergence without manual tuning. For two losses, Lphysics and

Ldata, this yields:

L = 1
2σ2

physics
Lphysics + 1

2σ2
data

Ldata + log σphysics + log σdata (16)

The terms σ2
physics and σ2

data represent task-dependent variances that

act as weighting factors for the loss components. A smaller variance indicates

higher confidence in that task and therefore gives it a larger contribution in

the total loss.

To reduce the number of trainable parameters and balanced relation-

ship between the physics and data, a parameter α is introduced as:

σ2
physics = eα, σ2

data = e−α (17)

Inserting these terms into the likelihood-based formulation gives the

following expression:



L = 1
2e−αLphysics + 1

2eαLdata (18)

In this formulation, α serves as a dynamic parameter that adjusts the

relative importance of the data and physics losses during training. To keep

the optimization stable, a quadratic regularization term ηα2 is added, which

limits extreme values of α and promotes smoother convergence.

Finally, the total loss function is:

Ltotal = 1
2e−αLphysics + 1

2eαLdata + ηα2 (19)

This formulation allows the model to adaptively balance the influence

of the physics-based and data-driven components, leading to more stable

and physically consistent learning behavior without the need to manually

tune the weighting coefficients.

The sign of α provide direct insight into how the model distributes at-

tention between the two loss terms. A positive α implies eα > 1 and e−α < 1,

meaning that the data term is weighted more heavily. This typically occurs

in the early training phase, when the model prioritizes fitting the observed

data. because at the beginning of training, the network’s estimation of phys-

ical residuals or derivatives is typically unstable and unreliable. To prevent

the model from being dominated by inaccurate physical information, the

optimizer naturally increases the value of α. As a result, eα becomes larger

and e−α smaller, which means the network temporarily relies more on the

data loss Ldata and less on the physics loss Lphysics. As training continues

and the model begins to better capture the underlying physical dynamics,

the estimation of physical quantities becomes more stable. Conversely, a

negative α means eα < 1 and e−α > 1, indicating that the physics term

has a greater influence. This usually happens after the network has sta-

bilized and learned the main data patterns, allowing it to focus more on

satisfying physical constraints. Consequently, the value of α gradually de-

creases, reducing the dominance of the data term and restoring a balanced

contribution from both physics and data. This adaptive process allows the



model to start from data-driven learning for stability and then progressively

integrate physical knowledge for consistency and generalization. Overall, α

functions as an adaptive control parameter that reflects the model’s con-

fidence in each source of information. A larger, positive α corresponds to

higher uncertainty in the physics component and therefore greater reliance

on data, while a smaller or negative α indicates growing confidence in the

physical relationships. The change in sign and magnitude of α throughout

training is thus a natural outcome of the learning process, demonstrating

how the model intelligently shifts between data-driven and physics-informed

learning as it converges toward an optimal balance.

In the training process, along with the main parameters Rs, Rsh, Iph,

and C, the balancing coefficient α was also learned using the neural network

configuration presented in Table 3.2, within the parameter ranges specified

in Table 3.3. The evolution of the learned α during the training is illustrated

in Figure 3.14.

Figure 3.14: Learned α during training.

As shown in Figure 3.14, the value of α initially increases during the

early training epochs. This behavior occurs because the network’s estima-

tion of the physical residuals is unstable and less reliable. Consequently, the



model temporarily increases α, which strengthens the weight of the data loss

(Ldata) through eα and weakens the physics-based term (Lphysics) through

e−α. As the training progresses and the model begins to better capture the

underlying system dynamics, restoring a balance between the physics and

data components. The final convergence of α toward a small positive value

indicates that both the physical and data-driven losses contribute compa-

rably to the optimization process, ensuring stable and physically consistent

learning.

The estimated parameter during the training are shown in Fig 3.15.

These plots demonstrate that all four parameters converge accurately to-

ward their true values, validating the effectiveness of the adaptive weighting

mechanism.

(a) Iph(A) (b) Rs(Ω)

(c) Rsh(Ω) (d) C(F )

Figure 3.15: Evolution of estimated parameters during training for the linear case.

Consequently, PINN provides a robust framework for parameter esti-



mation and system identification without relying on prior knowledge of the

exact values, which highlights its significant contribution and applicability.

Building on these results, the method proves particularly well suited to the

PV problem.

In the following section, the model is further developed to address the

nonlinear case, thereby extending its applicability to more realistic operating

conditions.

3.3 Nonlinear Singel Diod Modeling

In PV semiconductors, the depletion capacitance is what matters

when the bias is low or reversed. It changes linearly with small changes

in the voltage, causing the electric field to change [9]. When the forward

bias is bigger, voltage-dependent effects like carrier accumulation (diffusion

capacitance) become more important, leading to nonlinear behavior. Differ-

ent from linear capacitance, diffusion capacitance grows exponentially with

voltage. This is because minority carriers build up in almost neutral areas,

making the link between charge and voltage not linear. This change from

linear (depletion-dominated) to nonlinear (diffusion-dominated) capacitance

is a key feature of how systems like photovoltaic cells respond to changes in

operational and environmental factors [10].

Fig. 3.16 shows the PV module SDM with the diode replaced by its

dynamic nonlinear capacitance.

Figure 3.16: Dynamic and nonlinear SDM of the PV module that varies with

voltage.



Equation (19) describes the diffusion capacitance in a PN junction

[10], which arises from the injection of minority carriers into the neutral

region and increases exponentially with the forward bias voltage vc(t):

C(vc(t)) = q2n2
i A

2kT

(√
Dpτp0

Nd
+
√

Dnτn0
Na

)
exp

(
qvc(t)

kT

)
(19)

The parameter q represents the electron charge, the parameter ni de-

notes the intrinsic carrier concentration, the variable A refers to the junction

area, the Boltzmann constant is represented by k, absolute temperature in

Kelvin is denoted by T , the parameters Dp and Dn are the diffusion coeffi-

cients for holes and electrons, and the carrier lifetimes for holes and electrons

are represented by τp0 and τn0. Lastly, Nd and Na indicate the donor and

acceptor atom concentrations in the semiconductor.

At low voltages, depletion capacitance is the primary factor, whereas

at higher voltages, diffusion capacitance gains importance because of de-

creased potential barriers and enhanced carrier storage. The relationship

between temperature, minority carrier lifetimes, and dopant concentrations

is represented by the coefficient b, defined as follows:

b = q2n2
i A

2kT

(√
Dpτp0

Nd
+
√

Dnτn0
Na

)
(20)

Thus, the simplified diffusion capacitance becomes:

C(vc(t)) = b · exp
(

qvc(t)
kT

)
(21)

For the current through the capacitor, we relate it to the time deriva-

tive of the charge, Q, on the capacitor. By assuming Q(t) = C(vc(t)) · vc(t),

the current is:

ic(t) = dQ

dt
= d(C(vc(t)) · vc(t))

dt
(22)

Substituting the expression for C, we have:

ic(t) = b ·
d
(

vc(t) · exp
(

qvc(t)
kT

))
dt

(23)



According to Kirchhoff’s law, the current produced by the photogen-

erated Iph is distributed among the current through the capacitor ic, the

current through the shunt resistor iRsh , and the total output current iac(t).

The equation is:

Iph − ic(t) − iRsh(t) − iac(t) = 0 (24)

The iRsh(t) expression is as follows:

iRsh(t) = vc(t)
Rsh

(25)

So we have:

iac(t) = Iph − b ·
d
(

vc(t) · exp
(

qvc(t)
kT

))
dt

− vc(t)
Rsh

(26)

On the other hand, the input voltage in the circuit is:

vac(t) = −Rs · iac(t) + vc(t) (27)

Thus, we have:

vc(t) − vac(t)
Rs

= Iph − vc(t)
Rsh

− d

dt

(
b e

qvc(t)
KT vc(t)

)
(28)

In (28), if we consider:

b

(
qvc(t)
KT

+ 1
)

e
qvc(t)

KT
dvc(t)

dt
= α(t) (29)

it is possible to obtain:

Iph − vc(t)
(

1
Rsh

+ 1
Rs

)
+ vac(t)

Rs
− α(t) = 0 (30)

Moreover, the output current is as follows:

iac(t) = vc(t) − vac(t)
Rs

(31)

Finally, if:

Iph − vc(t)
(

1
Rsh

+ 1
Rs

)
+ vac(t)

Rs

−b e
qvc(t)

KT
dvc

dt

(
1 + qvc(t)

KT

)
= 0 (32)



The model becomes:
dvc(t)

dt
= 1

b e
qvc(t)

KT

(
1 + qvc(t)

KT

)(Iph

− vc(t)
(

1
Rsh

+ 1
Rs

)
+ vac(t)

Rs

)
(33)

This equation represents the differential equation governing the ca-

pacitor voltage vc(t) in a SDM of a PV system. For network training, the

square-wave voltage waveform vac(t) (Fig. 3.17), serves as the input to (33).

The PINN is designed to solve (33) by estimating vc(t) so that, once vc(t) is

substituted into (26), the current iac(t) is calculated.

Figure 3.17: vac(t) in Simulink MATLAB.

Figure 3.18: iac(t) in Simulink MATLAB.

The panel specifications considered in this analysis are given in Ta-

ble 3.1. The value b = 3.88 × 10−16F is considered as a constant coefficient



for b. The PINN structure consists of 10 neurons and 3 hidden layers. The

activation function is Tanh, and the optimizer is AdamW. A total of 600 in-

put data points, consisting of voltage and current values over time, are used

to estimate 4 parameters (Rs, Rsh, b, iph). The number of training epochs

is set to 150001, and the learning rate for all parameters is determined as

0.0005. The initial values chosen randomly and the range considered for each

parameter are shown in Table 3.4. Fig. 3.19 shows the evolution of the es-

timated parameters during training, while Fig. 5.5 the comparison between

the simulated iac(t) and the one obtained by the PINN-based identification.

(a) Rsh (Ω) (b) b (F )

(c) Rs (Ω) (d) Iph (A)

Figure 3.19: Evolution of estimated parameters during training for the linear case.

The results show that the parameters converge well. To investigate the

effect of noise on the parameters identification process, a Gaussian noise from

0 to 5% has been applied to the iac(t) samples. Results are shown in Fig. 3.21.

As for Rs, the identification error remains low under noise levels up to 4%.



Table 3.4: Parameter Ranges for the Estimation Process

Parameter Range

Iph [0.1A, 12A]

Rs [0.1Ω, 0.35Ω]

Rsh [45Ω, 140Ω]

b [2 ×10−16F, 6 × 10−16F ]

Figure 3.20: Comparison of the simulated iac(t) in Simulink and the one obtained

through the PINN-based identification. The blue dots represent the simulated

data, while the red line shows the current waveform based on the parameters

identified by the PINN.

At a 5% noise, the variability and presence of outliers increases significantly,

showing that Rs becomes more sensitive to higher noise values. Similarly,

Rsh exhibits stability across most noise levels, with consistently low errors

and minimal variability. Even at 5% noise, its performance remains robust,

though some sensitivity appears in the form of larger outliers. Instead,

b demonstrates higher baseline errors compared to other parameters, with

median values around 6%–7%. Noise significantly affects the identification



of b, as the error distribution is larger and more frequent outliers at higher

noise levels appear. On the other hand, Iph stands out as the most robust

parameter, with consistently low errors and narrow distributions even under

5% noise, highlighting its strong resilience to measurement variability.

Figure 3.21: Error percentage distribution of Rsh, Rs , Iph, and b across noise

levels (0% to 5%). The box plots represent the interquartile range (IQR), with the

horizontal line inside each box indicating the median error percentage. The bars

(circles, squares, triangles, and diamonds) outside the boxes represent outliers

(errors deviating significantly from the main distribution). Blue refers to Rsh,

green to Rs, orange refers to Iph, and purple to b.

In the following subsection, the Newton–Raphson analysis method

is discussed for evaluating the behavior of the static parameters. This ap-

proach is employed to analyze the nonlinear relationships between the model

parameters and the electrical characteristics of the PV, providing a deeper

understanding of their steady-state behavior. The obtained results are then

compared with those derived from the PINN-based estimation to validate

the accuracy and consistency of the proposed approach.

3.4 Static Parameter Analysis

According to [11], the static parameters can be calculated using the

Newton-Raphson (NR) method [12] based on datasheet values. Comparing



NR with the static SDM enables a more comprehensive assessment of the

PINN. The NR method is one of the most powerful numerical techniques

for solving nonlinear equations. In this study, the NR method is used to

estimate the parameters of a static SDM. This method iteratively computes

the roots of a nonlinear equation, progressively refining the estimated value

of the independent variable to converge to the actual value.

In the static SDM, the output current of the PV module is given by:

I = Iph − Is

(
e

V +IRs
aVt − 1

)
− V + IRs

Rsh
(18)

To estimate the unknown parameters of the SDM, a system of five

independent nonlinear equations is required; they are the following ones:

Iph − Is

(
e

RsIsc
ηVt − 1

)
− RsIsc

Rsh
− Isc = 0 (19)

Iph − Is

(
e

VMP P +RsIMP P
ηVt − 1

)
−VMP P + RsIMP P

Rsh
− IMP P = 0

(20)

Iph − Is

(
e

Voc
ηVt − 1

)
− Voc

Rsh
= 0 (21)

∂Ppv

∂Vpv

∣∣∣∣∣
MP P

= 0 (22)

∂Ipv

∂Vpv

∣∣∣∣∣
MP P

= − IMP P

VMP P
(23)

By solving (19-23) using the NR method, the static parameters have

been estimated. This iterative process continues until the estimated values

converge, meaning that the changes in subsequent iterations become negli-

gible. In Fig. 3.22, the results obtained from the NR and PINN methods

are compared. The values estimated by the PINN method are closer to the

expected values, as shown in Table 3.5. The PINN method is able to keep

the error value for some parameters small.



Table 3.5: Comparison among the values of the estimated parameters obtained by

the NR method and by the PINN-based one [8].

Parameter SDM value [8] NR PINN

Iph (A) 8.0900 7.8484 8.0785

Rs (Ω) 0.2185 0.2449 0.2180

Rsh (Ω) 93.0571 92.4989 92.8187

Figure 3.22: Comparison of Percentage Errors in Estimated Circuit Parame-

ters Using Newton-Raphson and PINN Methods. The results indicate that the

PINN model provides significantly lower percentage errors across all parameters

(Iph,Rs,Rsh ) compared to the Newton-Raphson method, demonstrating its supe-

rior accuracy in parameter estimation.

In Fig. 3.22, the percentage error results obtained from the NR and

PINN methods are compared.

For the estimated Rs obtained from both methods, a significant dif-

ference between the NR and PINN estimates highlights its sensitivity to the

solution approach. The governing equations that define Rs exhibit nonlin-

ear behavior, making it more challenging to estimate accurately. The PINN

approach integrates data-driven learning with physical constraints, refining

parameter estimation by adapting to the nonlinear nature of the equations.

Unlike purely numerical methods, PINN can account for small variations in

the data and improve robustness against noise and modeling inaccuracies.



This makes it particularly useful for estimating parameters that are sensitive

to computational approaches, such as Rs.

However, the estimation of Rs remains challenging due to its strong

sensitivity to the transient regions. The precision of measurement instru-

ments, sampling frequency, and inherent system noise can further amplify

these effects, making the accurate estimation of Rs difficult even for a well-

trained PINN model. Moreover, even when measurement data are available,

essential information related to the fast transient behavior may be partially

lost or distorted due to limited temporal resolution or filtering effects, fur-

ther complicating the estimation process. This issue will be examined in

more detail, by focusing on how the sensitivity of Rs to transient dynamics

influences convergence, and exploring potential modifications to the loss for-

mulation and network architecture to enhance the reliability of Rs estimation

under realistic measurement conditions.

In general, this chapter developed the baseline framework of the PINN

applied to the dynamic SDM of a PV system. The chapter focused on inte-

grating the governing physical equations of the PV circuit directly into the

neural network structure, enabling the model to learn both from data and

from the underlying physics. In this analysis, the transient behavior of the

circuit was embedded into the loss function, allowing the network to infer

the dynamic evolution of system parameters. The implementation relied on

minimizing a hybrid loss function that combined data loss and physics loss

terms. This structure allowed the PINN to reconstruct the physical consis-

tency of the system even in cases where measurements were incomplete or

affected by noise. This chapter validated the proposed framework through

simulated case studies, showing that the network effectively learned the time-

domain characteristics of the PV system. The combination of data-driven

learning and embedded physical constraints established the proposed PINN

as a powerful and reliable tool for dynamic parameter identification. The

findings of this chapter formed the foundation for further developments in

multi-network and layered PINN structures introduced in the subsequent

chapters. To further improve training stability, Chapter 3 introduced an



adaptive weighting scheme that dynamically balanced the contributions of

the data and physics terms during optimization. This adaptive mechanism

accelerated convergence in the early epochs and ensured fine-tuning precision

in later stages of training. The results demonstrated that the proposed adap-

tive PINN achieved faster convergence and lower estimation errors compared

to conventional optimization-based methods such as Newton–Raphson and

genetic algorithms. The chapter also investigated the effect of noise on esti-

mation accuracy. The model was tested under multiple noise levels, and the

results showed that the physics-informed component significantly improved

robustness against data uncertainty. Even under severe noise contamina-

tion, the PINN maintained smooth parameter trajectories and physically

consistent predictions. The estimated parameters closely matched the true

parameters considered, confirming the model’s ability to accurately capture

both static and dynamic behavior. In the next chapter, this issue is dis-

cussed in detail, and a new PINN-based model is developed to address the

challenges associated with Rs estimation.
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Chapter 4





4
Multiple Physics-Informed Neu-

ral Networks

4.1 Introduction

In real-world scenarios, measurements are often affected by sensor

noise, hardware limitations, or communication errors, which can lead to

missing or corrupted data. Such imperfections reduce the reliability of anal-

ysis and fault diagnosis. Accurate estimation of parameters heavily relies

on the model’s ability to capture transitions in the current waveform, par-

ticularly during transient and peak regions. The transient regions of the

waveform usually contain the most useful information. When these regions

are not sampled with sufficient time resolution or the sensor bandwidth is

limited, important features that describe the system’s fast response may

be lost, leading to reduced estimation accuracy [1]. Previous studies have

shown that limited sampling resolution can result in biased or unstable es-

timates of Rs, especially when the sampling rate is not sufficent to capture

the rapid changes in the current waveform (Fig. 4.1). Overall, the reliability

of parameter identification strongly depends on the quality of the measured

waveform and the sampling rate of the data.

In the next section, this issue and its possible solutions will be dis-
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Figure 4.1: Comparison of the real current and the measured current over time.

The discrepancies between the two curves may arise in real-world scenarios due

to factors such as measurement noise, sensor delays, limited sampling rates, or

filtering applied during data acquisition. The measured waveform fails to accu-

rately capture the sharp peak, potentially leading to significant information loss

in transient regions that are essential for reliable estimation of Rs.

cussed in detail, including the analysis of how transient behavior affects

convergence and the introduction of strategies to improve the stability and

accuracy of Rs estimation within the PINN framework.

4.2 Simulation Scenario and Data Description

In this scenario, the dataset is synthetically generated through dy-

namic simulation of an equivalent PV circuit model developed in Simulink,

similar to the modeling framework discussed in the previous chapter. The

input voltage signal vin(t) is designed to replicate the typical behavior as-

sociated with MPP tracking, while the output current iac(t) represents the

corresponding response of the SDM. First, the set of 4000 input-output data

points was initially extracted from a Simulink. To emulate more realistic and

cost-effective scenarios we systematically downsampled the original dataset

to obtain subsets containing 2000, 1000, 500, and 200 points.

Taking into account the simulation scenario, the PINN framework

model applied to analyze the system. As illustrated in Fig. 4.2, the accuracy

of parameter estimation progressively declined as the number of available

data points was reduced. While the results remained consistent with the



Figure 4.2: Error percentage for model parameters across different data sizes (N).

The bar chart illustrates the estimation error for four parameters (C, Rsh, Rs,

Iph) using datasets of varying sizes (N = 4000, 2000, 1000, 500, and 200). The

errors for Rs and C increase notably as N decreases, indicating higher sensitivity to

data volume. In contrast, Rsh and Iph maintain relatively stable error percentages

across all data sizes.

reference values for N = 4000 and N = 2000, significant deviations were

observed at lower sampling levels. In particular, the parameters Rs and C

exhibited considerable sensitivity to reduced data density: the relative error

in C increased from approximately 1.7% at N = 4000 to over 8% at N = 200,

while the error in Rs increases from 2.4% to 17.4% in the same range. By

contrast, the estimates of Rsh and Iph remained largely unaffected by the

sampling rate.

This performance drop can be primarily attributed to the transient

segments of the input waveform, where the voltage undergoes rapid varia-

tions over short time intervals. During such transitions, particularly at rising

and falling edges, the system’s dynamic response is dominated by parame-

ters such as Rs and C, which control the speed and shape of the transient

behavior. As the data becomes sparser through downsampling, the resolu-

tion around these fast-changing regions diminishes, leading to inadequate

representation of the system’s dynamics inaccurate parameter estimation.

In the next section, we introduce a new network and loss function

designed to address the problems discussed above.



4.3 Multiple Physics-Informed Neural Networks

In typical PINN frameworks, a single neural network is used to learn

the solution, and the loss function usually combines two terms. One encour-

ages the network to fit the observed data, while the other ensures that the

solution satisfies the underlying physical laws through automatic differenti-

ation. While this approach provides a balance between data-driven learning

and physical constraints, it may fall short when key parameters exert subtle

effects on the system. In such cases, the network may struggle to accurately

capture the underlying dynamics, leading to slow convergence and limited

generalization [2]. To address these limitations, we develop a multiple net-

work architecture in which each key physical parameter is estimated via a

dedicated neural network. This separation allows each network to adapt to

the specific dynamic behavior of its associated parameter, thereby improv-

ing accuracy, enhancing stability, and reducing training time. By aligning

both the architecture and the loss function more closely with the underlying

physics, the proposed method enhances model robustness and generalization

in practical scenarios involving limited or imperfect data. The structure of

the proposed network is illustrated in Fig. 4.3. This introduces a new per-

spective, where the learning process is guided not only by data and equations

but also by the distinct physical roles of each parameter. This physics-based

viewpoint brings valuable interpretability to the learning process and allows

the model to focus on what truly matters in the behavior of photovoltaic

systems.

This architectural separation leverages the fundamentally different

roles and temporal behaviors of the parameters involved in the photovoltaic

system model. Parameters such as Rs and C are tightly dependent on the

system’s transient response. Further details of the neural network structure

and training configuration are provided in Table 4.1. Accurately estimating

these parameters requires the network to be sensitive to local variations and

fast-changing patterns in the data. For this reason, a deeper neural network

with batch normalization, residual connections, and layer normalization is



Figure 4.3: Architecture of the PINN used for modeling and parameter estimation.

The network takes voltage V (t) and output current Iout(t) as inputs and passes

them through hidden layers to generate predictions for internal quantities. These

outputs are constrained by physical laws in the loss function, including residual

terms derived from the circuit model and comparison with observed data.The

total loss is computed from a combination of data-driven and physics-based terms,

enabling the network to infer Rs more robustly.

employed that allows the model to better capture rapid dynamics, stabi-

lize training, and maintain gradient flow across layers. Batch normalization

helps keep the input to each layer stable during training, which makes the

learning process faster and more reliable. Residual connections make it eas-

ier for the network to pass information between layers, especially in deeper

networks, and prevent problems like vanishing gradients. Layer normaliza-

tion also helps keep the training stable, especially when the batch size is

small or changes during training. In contrast, Iph and Rsh are influenced

more by environmental conditions and exhibit relatively smooth or slowly

varying behavior. Estimating them through a simpler network minimizes un-

necessary complexity and overfitting, while preserving generalization in the

presence of noise or sparse data. The main advantage of this architectural

separation lies in its ability to disentangle the learning processes associated

with parameters that operate on different temporal and physical scales. By

assigning dedicated networks to each group of parameters, the model allows

each sub-network to focus on a specific dynamic behavior without being

affected by unrelated variations in the data.



Table 4.1: Network architecture designed based on the behavioral differences of

parameters.

Network Information Network 1 Network 2

Number of Layers 15 10

Neurons per Layer 3 3

Activation Function Tanh Tanh

Optimizer AdamW AdamW

Learning Rate 5 × 10−4 5 × 10−4

L2 Regularizer 1 × 10−8 1 × 10−8

Epochs 100001 100001

Batch Normalization Yes No

Residual Connections Yes No

Layer Normalization Yes No

The effectiveness of this separation is illustrated in Fig. 4.4.

Figure 4.4: Comparison of parameter estimation error between a PINN and a

Multiple-PINN architecture. The use of multiple PINNs significantly reduces the

percentage error in estimating Rs and C, which are typically more sensitive to

data dynamics. All parameters show improved accuracy under the multiple-PINN

network, demonstrating its effectiveness in learning parameter behaviors.

As shown in Fig. 4.1, the loss of the waveform leads to a substantial



loss of high-frequency information precisely at regions where sharp voltage or

current transitions occur. These transition zones encapsulate the system’s

most informative dynamic content, where derivatives of the signals are at

their peak and the influence of dynamic parameters such as Rs and C is

most pronounced. The absence of sufficient temporal granularity in these

regions compromises the sensitivity of the loss function to variations in these

parameters, thereby hindering their accurate estimation. In effect, this in-

formation loss reduces the observability of transient-driven dynamics and

deteriorates the model’s ability to resolve parameters that predominantly

govern high-rate system responses. In PINNs, the loss function combines

physical laws and observed data, balancing them through weighting factors.

The loss function is defined in equation (1).

L(t, θ) = 1
M

M∑
i=1

([
dVc

dt
− uPINN(ti; θ)

]2
)

+ λ1 · 1
M

M∑
j=1

(uPINN(tj ; θ) − uobs(tj))2

+ λ2 · 1
M

M∑
k=1

[ dVc

dt

∣∣∣∣
Rs

− uPINN(tk; Rs, θ)
]2


(1)

The loss function used in this model consists of three components. The

first term is the physics-informed loss, which ensures physical consistency by

minimizing the residuals of the governing differential equations. The second

term is the data loss, which measures the difference between the predicted

and observed outputs based on the input data. The third component includes

a term involving the derivative of the governing differential equations with

respect to Rs, since Rs is highly sensitive to changes in the waveform during

the transient phase. To improve the accuracy of Rs estimation, we include

a term in the loss function based on the analytical derivative of the system

equation with respect to Rs. This term is derived from the time derivative

of the capacitor voltage Vc, which inherently depends on Rs through the

system’s physical dynamics. By incorporating this derivative-based term,

the loss function accounts not only for discrepancies in the predicted output,



but also for how sensitively the system responds to variations in Rs. This

leads to more accurate and physically meaningful parameter estimation.

In our loss function, λ1 and λ2 are weighting coefficients assigned to

the data-driven and physics-informed terms, respectively. While λ1 = 1000

ensures that the model remains closely aligned with the observed data,

λ2 = 10−8 specifically controls the influence of the regularization term asso-

ciated with Rs, which was added to compensate for the loss of data affecting

its estimation. λ1 coefficients were selected through a grid search over the

range [0, 1500] with 100 evaluation steps to ensure a balanced optimization.

Although the numerical contribution of this term to the total loss is small, it

becomes increasingly important during transient moments, specifically when

the input voltage changes rapidly and the system exhibits nonlinear behav-

ior. In the transient moments, the derivative of the output current with

respect to Rs grows sharply, reflecting the stronger influence of Rs on the

system’s dynamic response. By penalizing large deviations in this deriva-

tive, the term implicitly encourages the network to capture more realistic

and physically consistent values of Rs. This additional constraint acts as a

form of regularization that stabilizes the training process.

Given the incomplete information about Rs, the inclusion of a physics-

informed constraint allows the model to preserve physical consistency, while

the small value of λ2 ensures that this term contributes meaningfully without

overwhelming the learning process. The effectiveness of the Rs term in loss

function is illustrated in Fig. 4.5.

To verify the effectiveness of the proposed PINN, the analysis was

first conducted on the linear model using the defined dataset and simula-

tion scenario. In the following subsection, this linear model is employed to

confirm the validity and reliability of the proposed PINN formulation before

applying it to more complex cases.



Figure 4.5: Comparison of parameter estimation error with and without the in-

clusion of the Rs term in the loss function. Including the Rs-dependent physical

constraint significantly reduces the percentage error for the Rs and C parameters,

improving model accuracy. The Rsh and Iph parameters show only minor changes,

indicating less sensitivity to this term in the loss formulation.

4.3.1 Multiple PINN Validation on Linear Diode Model

To clearly analyze the effect of data loss in the high-frequency tran-

sient region of the system’s response, this study restricts the investigation

to a single transient case, as shown in Fig. 4.6. Initially, there were 74 data

points consisting of voltage and current values over time, which increased to

116 data points after upsampling in the transient region. The data obtained

from Simulink like pervios chapter and this input are used in the Python.

Figure 4.6: Input vac(t) step waveform.



By downsampling the data around the transient region, we generate

the scenario illustrated in Fig. 4.7.

Figure 4.7: Original and downsampled current input used for parameter estimation

in the multiple PINN model. The plot shows a sharp current peak around t =

1.5 µs, followed by an exponential decay. While the downsampled signal (orange

markers) closely follows the original (blue line), slight loss of resolution near the

peak may influence the accuracy of parameter estimation.

The range considered for each parameter is shown in Table 4.2.

Table 4.2: Parameter Ranges for the Estimation Process

Parameter Range

Iph [0.1A, 12A]

Rs [0.1Ω, 0.35Ω]

Rsh [45Ω, 140Ω]

C [125 × 10−9 F, 375 × 10−9 F]

Fig. 4.8 shows how the parameter estimates change and improve dur-

ing the training.

Initially, the parameters are randomly initialized within the ranges

provided in Table 4.2, and their values differ considerably from the true

ones. As training continues, the PINN gradually adjusts these estimates

by incorporating both observed data and the underlying physical equations,



Figure 4.8: Evolution of parameters for linear case during training: Rsh, Rs, C,

and Iph.

leading to improved accuracy over time. The parameters Iph and Rsh con-

verge quickly and reach stable values close to their actual values. On the

other hand, Rs and C take longer to stabilize and show more noticeable fluc-

tuations during training, reflecting the higher complexity of their physical

dynamics.

Fig. 4.9 shows a comparison between the predicted and true output

current.

These observations confirm that the multiple PINN is capable of ac-

curately estimating circuit parameters, although convergence speed and sta-

bility are influenced by the physical characteristics and sensitivity of each

parameter.

To evaluate the effectiveness of the proposed method, its results were

compared with those obtained using the GA [3]. The GA does not rely



Figure 4.9: Comparison between predicted current and observed data for linear

case. The plot shows the true current measurements (blue dots) and the model-

predicted current (red line).

on any prior physical knowledge of the system. Instead, it operates solely

based on available input-output data. To ensure a fair comparison with the

multiple PINN model, the GA is configured with consistent hyperparame-

ters based on [4]. In the GA, a population of 50 individuals is evolved over

50,000 generations. At each generation, new candidate solutions are gen-

erated through arithmetic crossover between selected parents. To maintain

genetic diversity and enhance global exploration, a mutation probability of

5% is applied by introducing small random variations to the values of Rs,

Rsh, Iph, and C.

To assess the accuracy of parameter estimation, the percentage errors

for each method are presented in Fig. 4.10. In this comparison, the estima-

tion error for Rs is about 10.1% with GA and 2.9% with Multiple PINN.

For Rsh, the errors are approximately 0.3% with GA and 0.8% with Multi-

ple PINN, which are nearly the same. For Iph, estimation with GA has an

error of around 0.3% and estimation with Multiple PINN around 0.1%. For

the C, the estimation error is 7.0% with GA and 1.2% with Multiple PINN.



Overall, Multiple PINN shows better accuracy in parameter estimation.

Figure 4.10: Comparison of parameter estimation errors between the GA and the

proposed Multiple PINN approach with Rs term in loss function. The Multiple

PINN method significantly reduces estimation errors across all parameters (Rs,

Rsh, Iph, and C), particularly for Rs and C, where the GA approach exhibits the

highest error.

Based on the literature [5], uniform noise is considered one of the

important types of measurement noise. This type of noise is uniformly dis-

tributed over a specific interval and is often used to simulate measurement

uncertainties in physical models, including PV systems. The impact of dif-

ferent levels of uniform noise (from 0% to 5%) on the accuracy of parameter

estimation is investigated. For each noise level, the model was 10 training

times to assess the stability and variability of the estimation results. The

results are illustrated in Fig. 4.11, which presents boxplots of the percentage

error for parameters.

Among all parameters, Rs shows the highest sensitivity to noise. At

0% noise, the average percentage error is below 1%, but as noise increases

to 5%, the median error rises to around 3.5%, with a noticeable increase

in variability, especially between 3% and 5% noise levels. This indicates a

significant drop in estimation accuracy for Rs in noisy conditions.

In contrast, Rsh demonstrates highly stable behavior. Across all noise

levels, the median error remains consistently between 0.7% and 0.75%, and



Figure 4.11: Error percentage distribution of Rsh, Rs , Iph, and C across noise levels

(0% to 5%). The bar heights represent the variations in parameter estimation due

to different levels of uniform noise, while the horizontal line indicates the true value

of the parameter for reference.

the maximum observed error does not exceed 1.07%. The error distributions

are compact and uniform, reflecting the robustness of Rsh estimation against

uniform noise. The parameter Iph also maintains high estimation accuracy.

At 0% noise, the error is around 0.1%, and even at 5% noise, the median

remains as low as 0.18%. This shows that the model is highly reliable in

estimating Iph under noisy conditions. The parameter C is also affected

by noise, though to a lesser extent than Rs. The median error increases

from approximately 2% at 0% noise to around 4% at 5% noise. While a few

outliers appear at higher noise levels, the general trend indicates a gradual

increase in error with rising noise intensity.

In the next section of our analysis, we examined the nonlinear char-

acteristics of the PV system parameters, with particular attention to the

capacitor.



4.4 Nonlinear Capacitance Model

In this section, we focus on the nonlinear dynamics of the system to

better capture its inherent behavior and evaluate the performance of the

proposed algorithm. Specifically, we examined how the capacitor’s response

changes with varying voltage levels, emphasizing its voltage-dependent char-

acteristics. The equivalent circuit considered for this analysis is shown in

Fig. 3.16, which represents the nonlinear behavior of the PV system with a

voltage-dependent capacitor. All subsequent model analyses are carried out

based on the mathematical formulations presented in equations (19–33).

In Simulink, equation (20) is implemented as a function for C, which

varies with the capacitor voltage. The value b = 3.88×10−16 F is considered

a constant coefficient.

The input and output waveforms used for training are the same as

those shown in Fig. 4.6 and Fig. 4.7. The number of input data points is

116, with upsampling similar to the linear model.

To train the network, we use the loss function defined in equation (33).

The range considered for each parameter is shown in Table 5.3.

Table 4.3: Parameter Ranges for the Estimation Process

Parameter Range

Iph [0.1A, 12A]

Rs [0.1Ω, 0.35Ω]

Rsh [45Ω, 140Ω]

b [0.94 × 10−16 F, 6.82 × 10−16 F]

The network structure used for parameter estimation follows the con-

figuration presented in Table 5.3.

For the estimation of b and Rs, Network 1 is used to ensure better

learning performance and convergence. In contrast, for estimating Iph and



Figure 4.12: Evolution of parameters for linear case during training: Rsh, Rs, b,

and Iph.

Rsh, which show more stable behavior and are less sensitive to noise, Net-

work 2 is applied. Fig. 4.12 shows how the parameter estimates change and

improve during training.

Fig. 4.13 shows a comparison between the predicted and true output

current.

Fig. 4.14 compares parameter estimation errors of a nonlinear model

with and without including the Rs term in the loss function. As shown,

incorporating the Rs term in the loss function significantly improves the

accuracy of Rs and b estimation, leading to lower overall errors.

Fig. 4.15 shows a comparison of parameter estimation errors between

the standard PINN and the Multiple PINN approach for the nonlinear case.

The results indicate that the Multiple PINN significantly reduces the per-

centage error, especially for sensitive parameters such as Rs and b.



Figure 4.13: Comparison between predicted current and observed data for nonlinear

case. The plot shows the true current measurements (blue dots) and the model-

predicted current (red line).

Figure 4.14: Comparison of parameter estimation error with and without the in-

clusion of the Rs term in the loss function. Including the Rs-dependent physical

constraint significantly reduces the percentage error for the Rs and b parameters,

improving model accuracy. The Rsh and Iph parameters show only minor changes,

indicating less sensitivity to this term in the loss formulation.

Similar to the linear model, the nonlinear model was also evaluated

using a GA and compared under the same conditions to allow a clear and

consistent comparison of performance. To assess the accuracy of parameter



Figure 4.15: Comparison of parameter estimation error between a PINN and a

Multiple-PINN architecture. The use of multiple PINNs significantly reduces the

percentage error in estimating Rs and b, which are typically more sensitive to data

dynamics.

estimation, the percentage errors for each method are presented in Fig. 4.16.

In this comparison, the estimation error for Rs is about 8.0% with GA and

4.3% with Multiple PINN. For Rsh, the errors are approximately 0.7% with

GA and 0.6% with Multiple PINN, which are nearly the same. For Iph, GA

has an error of around 0.1% and Multiple PINN around 0.2%. For the param-

eter b, the error is 16.1% with GA and 3.8% with Multiple PINN. Overall,

Multiple PINN shows better accuracy in parameter estimation compared to

GA.

Following the same approach used for the linear model, the effect of

uniform noise was also examined for the nonlinear case.

Noise levels ranging from 0% to 5% were applied to the input data in

order to evaluate the stability and reliability of parameter estimation. The

resulting percentage errors are illustrated in Fig. 4.17. The parameter Rs

While the median error remained below 5% in the absence of noise, it reached

approximately 10% at 3% and 4% noise, and stayed at a similar level under

5% noise. This trend indicates a sensitivity of Rs to noise in the nonlinear

model. In contrast, the estimation of Rsh was only slightly affected. The

median error increased modestly from around 0.6% at 0% noise to about



Figure 4.16: Parameter estimation error comparison between the GA and the pro-

posed Multiple PINN approach, including the nonlinear parameter b with Rs term

in loss function. The Multiple PINN significantly reduces the error for both linear

parameters (Rs, Rsh, Iph) and the nonlinear parameter b, which shows the highest

discrepancy in GA results.

2.2% at 5%, with limited variation across samples. This suggests that Rsh

is relatively stable and less sensitive to noise. For Iph, the error remained

consistently low. It increased only marginally, from below 1% without noise

to approximately 1% at the highest noise level, indicating that this parameter

is highly robust against noise. The parameter b exhibited a more noticeable

response. The median error rose from around 2% at 0% noise to nearly 8%

at 5% noise, along with a broader distribution of error values. This reflects

a decline in estimation accuracy as noise increases.

Overall, the nonlinear model shows a higher sensitivity to noise com-

pared to the linear case. While some parameters such as Rsh and Iph remain

relatively unaffected, others demonstrate greater vulnerability under noisy

conditions.

This chapter extended the baseline framework by introducing a Multi-

ple PINN architecture to enhance the robustness and accuracy of parameter

estimation in dynamic photovoltaic models. The chapter began by analyzing

the limitations of standard PINNs under reduced data resolution and mea-

surement noise, highlighting how insufficient sampling in transient regions



Figure 4.17: Error percentage distribution of Rsh, Rs , Iph, and b across noise levels

(0% to 5%). The bar heights represent the variations in parameter estimation due

to different levels of uniform noise, while the horizontal line indicates the true value

of the parameter for reference.

could lead to biased estimation of parameters. To address this limitation,

the proposed Multiple PINN structure developed the learning process by as-

signing independent subnetworks to different groups of parameters according

to their physical behavior and time response. While one subnetwork focused

on transient parameters, another subnetwork estimated other parameters.

All subnetworks were governed by the same physical equations embedded

within the loss function. The chapter presented the detailed network design,

training configuration, and validation through simulated case studies based

on the dynamic SDM. The results demonstrated that the Multiple PINN

significantly improved convergence stability and maintained high accuracy

even with noisy or downsampled data. Compared to a single PINN and

optimization-based methods such as Genetic Algorithms, the Multiple PINN

achieved stronger resilience to measurement uncertainties. This development

highlighted an important advancement in the proposed framework, establish-

ing a scalable and physically consistent approach to parameter identification

in PV systems. The results confirmed that dividing the learning process

across multiple physics-informed subnetworks allowed for a more efficient



representation of parameter dynamics. Based on this analysis, the proposed

approach was able to accurately estimate the parameter values of the sys-

tem, demonstrating its capability in capturing the nonlinear characteristics

of the PV model. However, one of the most critical factors influencing the

overall performance and stability of such models is the environmental condi-

tion, particularly solar irradiance and temperature which directly affect the

current–voltage characteristics and dynamic response of the system. These

environmental effects are therefore examined in detail in the next chapter,

where a new network architecture is proposed to explicitly account for these

dependencies and improve the model’s adaptability under varying operating

conditions.
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Chapter 5





5
Two-Level Layered Physics-Informed

Neural Networks

5.1 Introduction

The behavior of the depletion capacitance (C) in photovoltaic (PV)

semiconductors plays a crucial role in describing the dynamic response of the

system. This capacitance originates from the separation of charge carriers

within the p–n junction, forming a space-charge region whose width varies

with the applied electrical conditions. As reported in [1], the value of C

depends on the instantaneous voltage and current applied to the module,

since these quantities directly influence the charge distribution within the

junction. Under transient conditions, the continuous redistribution of carri-

ers and the evolution of the internal electric field lead to a time-varying and

inherently nonlinear capacitance behavior.

The equivalent circuit used for this analysis is shown in Fig. 3.16, rep-

resenting the nonlinear dynamics of the PV system with a voltage-dependent

capacitor. In earlier nonlinear model, the capacitance was assumed to de-

pend solely on the terminal voltage. In contrast, the present work extends

this representation by considering both voltage and current dependencies,

which allows the model to capture the coupled nonlinear interactions be-
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tween electrical and dynamic effects more accurately.

Additionally, environmental factors such as irradiance and temper-

ature are integrated into the model, as they significantly affect both the

capacitance and the current–voltage characteristics of the PV cell. This en-

hanced nonlinear model therefore provides a more realistic description of

the PV module’s dynamic behavior under real operating conditions, where

environmental variations and electrical transients occur simultaneously.

In the following sections, the focus is placed on the modeling and

development of a PINN framework based on the challenges identified in

this nonlinear formulation. The proposed model is designed to accurately

capture the dynamic behavior of the PV system by incorporating both elec-

trical and environmental dependencies. Through this approach, the PINN

is trained to learn the underlying physical relationships governing the sys-

tem, enabling robust estimation of parameters and improved prediction of

transient responses under realistic operating conditions.

5.2 Nonlinear model of PV

Fig. 5.1 illustrates the SDM of the PV module, in which the diode

is replaced by a non-linear capacitance that varies with both current and

voltage [1, 2].

Figure 5.1: Dynamic and nonlinear SDM of the PV module that varies with both

current and voltage.

The following expression defines the capacitance model as a function

of both voltage and current:



C(Vac(t), iac(t)) = Cj0√
1 + (Vac(t)+Rsiac(t))

Vj

(1)

In equation (1), Cj0 represents the junction capacitance, while Vj

refers to the built-in junction. These parameters define how the depletion

capacitance changes with voltage in the circuit model. The current through

the capacitor is obtained by differentiating the charge with respect to time.

Assuming Q(t) = C(vc(t)) · vc(t), the expression for charge becomes:

Q(t) = Cj0Vac(t)√
1 + (Vac(t)+Rsiac(t))

Vj

(2)

The capacitive current can be expressed as the time derivative of the

charge:

ic(t) = dQ(t)
dt

= d

dt

 Cj0Vac(t)√
1 + (Vac(t)+Rsiac(t))

Vj

 (3)

The capacitive current can also be written as:

ic(t) = Cj0
d

dt

 Vac(t)√
1 + (Vac(t)+2Rsiac(t))

Vj

 (4)

According to Kirchhoff’s current law, the photogenerated current Iph

is divided among the capacitive current ic(t), the current through the shunt

resistor iRsh(t), and the output current iac(t), leading to the following rela-

tion:

Iph − ic(t) − iRsh
(t) − iac(t) = 0 (5)

The current flowing through the shunt resistance is:

iRsh
(t) = vc(t)

Rsh
(6)

So we have:



iac(t) = Iph − Cj0
d

dt

 Vac(t)√
1 + (Vac(t)+2Rsiac(t))

Vj

− vc(t)
Rsh

(7)

And the voltage-current relationship is:

vc(t) = Vac(t) − Rsiac(t) (8)

Using this relation in the total current equation gives:

(vc(t) − Vac(t))
Rs

= Iph−

Cj0
d

dt

 Vac(t)√
1 + (Vac(t)+2Rsiac(t))

Vj

− vc(t)
Rsh

(9)

The final equation becomes:

d

dt

 Vac(t)√
1 + (Vac(t)+2Rsiac(t))

Vj

 = 1
Cj0

(
Iph

+Vac(t)
Rsh

− vc(t)
(

1
Rsh

+ 1
Rs

))
(10)

Equation (10) describes the nonlinear variations of the junction ca-

pacitance with respect to the input voltage and current.

According to the literature [3], several essential parameters of SDM

depend on irradiance (G) and temperature (T ). The equations are as follows:

Iph(G, T ) = G

GST C
[Iph,ST C + α(T − TST C)] (11)

Rs(G, T ) = Rs,ST C (12)

Rsh(G, T ) = Rsh,ST C · GST C

G
(13)

We considered the value for Rs,ST C , Rsh,ST C , Iph,ST C based on Ta-

ble 3.1. GST C and TST C are the irradiance and temperature under STC



condition ( GST C = 1000 W/m2, TST C = 25◦C). α is the temperature coef-

ficient of the current and α = 3.18 mA/◦C based on Table 3.1.

From equations (11)–(13), it can be observed that the SDM param-

eters are functions of G and T . Therefore, estimating G and T using the

step waveform and step response waveform is sufficient to determine the de-

pendent parameters, eliminating the need to estimate them separately. In

the first step of the analysis, the series resistance Rs is considered constant,

following the assumptions commonly adopted in the literature. This simplifi-

cation allows for an initial evaluation of the model performance and provides

a reference for comparing the results obtained in the subsequent adaptive

estimation stages.

On the other hand, Cj0 in equation (10) represents the junction ca-

pacitance. Its explicit dependence on irradiance G and temperature T is

not established in the literature. In this study, Cj0 is considered as an in-

dependent dynamic component and is estimated separately. Based on the

identified electrical and environmental characteristics, a new PINN model

was developed to address these features and capture the system’s dynamic

behavior more effectively. The details of this model are discussed in the

following section.

5.3 Two-level layered physics informed neural

network

To better capture the complex interactions between the electrical and

environmental variables of the PV system, an enhanced PINN architecture

was designed. This model integrates both physical knowledge and data-

driven learning to account for the nonlinear dependencies introduced by

irradiance and temperature variations. It aims to simultaneously estimate

the system parameters and the environmental conditions influencing them,

providing a unified and adaptive modeling framework. The architecture in-

cludes two connected neural subnetworks. The parameters Iph, Rs, and Rsh



themselves depend on environmental conditions such as irradiance G and

temperature T . The parameter Cj0 is treated separately from Rs, Rsh, and

Iph because the model does not express it as a function of temperature or

irradiance, but only as dependent on voltage and current. These dependen-

cies are implicitly encoded in the first layer of the proposed two-level layered

PINN (Fig. 4.3), which receives voltage and current over time and learns to

estimate G and T . This layer starts by minimizing the loss associated with

environmental variables and system-level behavior, where the loss function is

constructed based on the governing differential equation (10). As the train-

ing progresses and the error in estimating G and T decreases, the network

gradually enables the second layer to refine the output dynamics by focusing

on the internal parameter Cj0, which appears explicitly in the differential

structure of equation (10). Once the external conditions are sufficiently cap-

tured and the system behavior stabilizes, the second layer effectively starts

to learn Cj0 with higher accuracy. This staged training process prevents in-

terference between parameter spaces and allows the model to better capture

the nonlinear transient behavior of the PV system. The layered strategy

ensures that learning follows the structure of the physical model, improving

both robustness and accuracy.

Table 5.1 summarizes the architectures of the two-level layered PINN

used to estimate the parameters. Cj0 has a more complex and nonlinear be-

havior. Batch normalization, residual connections, and layer normalization

are used to improve learning and estimation accuracy for Cj0. Batch normal-

ization stabilizes training by reducing internal covariate shift, while residual

connections improve gradient flow. Layer normalization is also applied to

enhance robustness, particularly in deeper layers. The use of a two-level

layered PINN architecture improves the overall estimation performance by

decoupling the learning of global and local parameters. Estimating irradi-

ance and temperature in the first stage allows the second stage to operate

on more physically-informed inputs, resulting in faster convergence, reduced

training complexity, and improved accuracy in estimating Cj0 that changes

with voltage and current.



Table 5.1: Network architecture designed based on the behavioral differences of

parameter Cj0.

Network Information Network for Cj0 Network for T, G

Number of Layers 28 30

Neurons per Layer 3 3

Activation Function Tanh Tanh

Optimizer AdamW AdamW

Learning Rate 2 × 10−4 5 × 10−4

L2 Regularizer 1 × 10−8 1 × 10−8

Epochs 50001 50001

Batch Normalization Yes No

Residual Connections Yes No

Layer Normalization Yes No

Also, the loss function is formulated as presented in equation (14).

L(t, θ) = 1
M

M∑
i=1

([
dVc

dt
− uPINN(ti; θ)

]2
)

+ λ1 · 1
M

M∑
j=1

(uPINN(tj ; θ) − uobs(tj))2

+ λ2 · 1
M

M∑
k=1

([Iph,STC + α(T − TSTC)] · uPINN(tk; θ))

(14)

The loss function in equation (14) is composed of three main terms,

each reflecting a different aspect of the learning objective. The first term

represents the physics-based component, which penalizes the discrepancy

between the predicted value uPINN(t; θ) and the time derivative of the ca-

pacitor voltage dVc

dt . This term ensures that the neural network’s output

adheres to the governing differential equation, thus embedding physical con-

sistency into the training process. The second term, corresponds to the

data-driven loss, which minimizes the error between the model’s predictions



and the observed measurements uobs(t). This term helps guide the learning

process using available data and becomes especially important in estimating

parameters with highly nonlinear behavior, such as Cj0. The coefficient λ1

controls the contribution of the data-driven term. The third term, introduces

temperature dependence into the loss formulation. Including this term helps

the network attribute temperature-induced variations to the correct physi-

cal sources, improving estimation accuracy and preventing parameter cross-

dependency [4]. To ensure its impact is properly captured, it is weighted

by λ2. As shown in Fig. 5.2, without including T in the loss function, the

model misattribute temperature effect to other parameters, resulting in bi-

ased estimates. According to (14) in our loss function framework, M = 150

represents the number of training samples used for the data loss. The loss

weighting factors are empirically set to λ1 = 1000 for the data loss, ensuring

that the model closely fits the observed data, and λ2 = 10 to maintain the

temperature effect’s influence without letting it dominate the training pro-

cess. We have searched for the best value for λ1, λ2 in the range [1, 1500]

using 100 steps.

Figure 5.2: Effect of including the temperature term in the loss function. The

model without the T term in loss function (blue curve) becomes unstable, while

the model with the T term in loss function (orange curve) converges smoothly.

For input data, only the transient part of the current is used, and the

dataset consists of 150 samples containing voltage and current values over

time. Using only the transient region helps reduce the amount of data and

improves the efficiency of training as well as the accuracy of parameter esti-



mation. The structure shown in Fig. 5.3 represents a two-level layered PINN

developed for parameter estimation in PV systems. This model combines

measurement data with physical laws described by differential equations.

Figure 5.3: Architecture of the proposed two-level layered PINN. The Layer 1

focuses on estimating the G and T . These estimates are then used by the Layer 2

to refine the model output and estimate the junction Cj0.

Fig.5.4 illustrates the impact of using a on-level layered PINN versus a

two-level layered PINN architecture, where the percentage error of each pa-

rameter is compared to evaluate the performance of both models. Table 5.2

summarizes the value ranges used in the training process. The initial values

for all parameters are randomly assigned, and the model is trained using 150

data points taken from the transient region of the current response.

Table 5.2: Value ranges used for each parameter during training

Parameter Range

G [700 W/m2, 1500 W/m2]

T [270 K, 320 K]

Cj0 [0.1 × 10−7F, 3.5 × 10−7F]

The output current is illustrated in Fig. 5.5, demonstrating that the

response predicted by the PINN closely matches the true output throughout



Figure 5.4: Comparison of parameter estimation errors between the one-level lay-

ered PINN and the two-level layered PINN approach. The results show that while

both methods achieve low errors for parameters T and G, the two-level layered

PINN significantly reduces the estimation error for Cj0, indicating its superior

ability to capture complex parameter dynamics.

the transient region.

Figure 5.5: Comparison of simulated iac(t) and Two-level layered PINN-identified

waveform.

Fig. 5.6 presents the convergence behavior of the estimated parame-

ters T , G, and Cj0 over the training epochs. As illustrated, all parameters

gradually converge to their true values over time, which are considered ref-

erence values under STC. The values of T and G are defined under STC



as T = 298◦k and G = 1000 W/m2, and the value of Cj0 is taken to be

1.6×10−7 F. This consistency supports the assumption that the network ef-

fectively identifies the underlying physical parameters governing the system

dynamics during training.

Figure 5.6: Evolution of parameters during training: G, T , and Cj0.

Similar to the previous chapter, other methodes employed for pa-

rameter estimation to provide a comparative benchmark. To evaluate the

performance of different estimation methods, the percentage errors for each

parameter are presented in Fig. 5.7. To ensure a fair comparison with the



proposed PINN model, both GA and PSO were implemented with consis-

tently tuned configurations. According to the literature [5], more robust

hyperparameters were employed to improve the accuracy of parameter esti-

mation using GA and PSO.

For the GA, we use a population size of 50 and run the optimiza-

tion over 50,000 generations. Parent solutions combine using arithmetic

crossover, and mutations are introduced with a 5% probability by applying

small perturbations to the Cj0, T , and G values.

For the PSO, we use a swarm size of 50 and conduct the optimization

over 50,000 generations within the same search space. The inertia weight

is set to 0.7, and both the cognitive and social acceleration coefficients are

fixed at 1.5 to balance exploration and exploitation.

Both methods use the parameter boundaries defined in Table 5.2, and

these values are determined through empirical testing.

In contrast, the PINN integrates both input data and the underlying

physical laws governing the system, leading to more informed and potentially

more accurate estimations. All the methods demonstrate strong performance

in estimating the (T ) and (G), with comparable and minimal percentage er-

rors. However, a significant discrepancy arises in the estimation of Cj0. The

two previous methods, exhibit noticeably higher errors, suggesting that rely-

ing solely on observed data insufficient for accurately capturing the complex

behaviour of Cj0.

Figure 5.7: Comparison of percentage errors in estimating the parameters Cj0, G,

and T using GA, PSO, and PINN. While all three methods show similar and low

errors for G and T , the PINN significantly outperforms the data-driven approaches

(GA and PSO) in estimating Cj0, demonstrating its advantage in capturing more

complex system behaviors.



To examine how noise influences the parameter identification process,

according to [6], Gaussian noise with levels from 0% to 5% is added to

the iac(t) samples. Figure 5.8 shows how increasing noise levels affect the

accuracy of the estimated output current, with RMSE increasing consistently

from 0% to 5%.

Figure 5.8: RMSE values for different noise levels affect the accuracy of the esti-

mated output current

Fig. 5.9 presents the percentage error distributions for the estimated

parameters Cj0, G, and T under different levels of Gaussian noise (0% to

5%) added to the iac(t). For each noise level, the experiment was repeated

10 times to ensure statistical reliability, and the results reflect the variability

and robustness of the estimation process under noisy conditions.

The estimation error of Cj0 for 10 times increases from approximately

2.1% at 0% noise to around 5.3% at 5% noise, with noticeable growth in

variance and outliers beyond 3% noise. For parameter G, the error remains

consistently low, increasing slightly from 0.23% to 0.29% across all noise lev-

els. Similarly, the median error of T changes from about 1.4% at 0% noise

to 1.7% at 5%, showing only a marginal increase. These results indicate

that Cj0 is significantly more affected by noise compared to G and T . These

box plots effectively capture both the central tendency (median error) and

the spread (variance and presence of outliers) of the estimation accuracy

under noisy conditions. A wider interquartile range and larger number of

outliers, especially in the case of Cj0, indicate greater sensitivity and higher



Figure 5.9: Distribution of error percentages in estimating parameters Cj0, G, and

T across different Gaussian noise levels (0% to 5%) applied to iac(t). As the noise

level increases, the estimation error for Cj0 shows greater variation and sensitivity

compared to G and T , which remain relatively stable and less affected.

estimation uncertainty due to noise. This heightened sensitivity of Cj0 to

noise can be attributed to its physical role in the system. As a junction

capacitance, Cj0 primarily governs the transient response of the circuit dur-

ing high-frequency or switching conditions. In such transition regions, small

fluctuations in the current or voltage can lead to disproportionately large

variations in the estimated capacitance due to its nonlinear dependence on

voltage. Unlike parameters such as G or T , which influence the steady-state

characteristics more directly and are inferred from longer-term signal behav-

ior, Cj0 is inherently linked to fast, high-frequency dynamics where noise has

a more immediate and amplified effect.

In this analysis, the series resistance Rs was kept constant according

to the assumptions commonly adopted in the literature, since its variation

was considered to have a secondary influence compared to other parameters.

However, Rs plays a crucial role in shaping the transient response and overall

accuracy of the electrical model. Therefore, in the following section, Rs is

also estimated together with G, T , and Cj0 to further assess the robustness

and generalization capability of the proposed model.



5.4 Extended Parameter Estimation Includ-

ing Rs

In the previous section, Rs is following STC assumptions. However,

because Rs is highly sensitive to system degradation and fault conditions,

excluding it from the estimation process limits the model’s ability to ex-

tract meaningful diagnostic information. Therefore, the current framework

treats Rs as an estimable parameter and includes it in the training pro-

cess. Similar to the previous cases, the training data were obtained from the

Simulink model under the same operating conditions. The model assigns

random initial values to all parameters and trains using 150 data points

taken from the transient region of the current response. The output cur-

rent appears in Fig. 5.10, which shows that the response predicted by the

PINN closely matches the true output throughout the transient region. The

network structure for parameter estimation follows the configuration pre-

sented in Table 5.3. Figure 5.11 illustrates the convergence of the estimated

parameters.

Table 5.3: Value Ranges Used for Each Parameter During Training

Parameter Range

G [100 W/m2, 2500 W/m2]

T [0 K, 400 K]

Rs [0.1Ω, 0.35Ω]

C [125 × 10−9 F, 375 × 10−9 F]

Given that the transient parts of the signal typically contain high-

frequency components and rapid variations, the model applies upsampling

in those regions to improve the accuracy of parameters like Cj0, which are

particularly sensitive to transient behavior. By increasing the resolution



Figure 5.10: Comparison between predicted current and observed data. The plot

shows the true current measurements (blue dots) and the model-predicted current

(red line).

Figure 5.11: Evolution of parameters during training: Rs, Cj0, T , and G.

in these regions, the model captures more detailed information about the

system’s dynamic response. The effect of this modification appears in the

improved convergence of Cj0 and its increased robustness to noise in the final



estimation.In the previous configuration, only the transient portion of the

signal was considered for parameter estimation, as it carries most of the dy-

namic information required for identifying parameters such as Cj0 . However,

since the series resistance Rs mainly affects the steady-state characteristics

and the voltage drop before the transient occurs, it cannot be accurately

estimated without considering the steady-state segment. Therefore, in the

extended analysis, both transient and pre-transient parts of the signal are

incorporated, enabling the model to capture a more complete system behav-

ior and to achieve more accurate and physically consistent estimation of Rs,

G, T , and Cj0 .

In general, in this chapter we improved the PINN framework by

developing a Two-Level Layered PINN designed to capture the nonlinear,

irradiance-, and temperature-dependent behavior of photovoltaic systems.

The chapter introduced an advanced modeling strategy in which the nonlin-

ear capacitance was formulated as a function of both voltage and current,

allowing the network to account for dynamic effects under varying operating

conditions. This formulation was based on the dynamic SDM. The proposed

Two-Level Layered PINN architecture consisted of two interconnected learn-

ing levels. The first level estimated the environmental parameters, while the

second level focused on the transient dynamics and estimated the junction ca-

pacitance parameter (Cj0) from the electrical responses, leveraging the G and

T values predicted by the first level. Both levels were trained under shared

physical constraints to maintain internal consistency between the electrical

and environmental domains. This network design enabled the model to infer

unmeasured external conditions directly from the observed circuit dynam-

ics. Simulation results validated the effectiveness of the Two-Level Layered

PINN in accurately reconstructing both circuit parameters and environmen-

tal variables under noisy and dynamic conditions. This chapter represented a

significant advancement in the proposed framework, transforming the PINN

approach from a parameter-estimation tool into a comprehensive diagnostic

model capable of real-time inference of both electrical parameters and oper-

ating conditions in photovoltaic systems. In the next chapter we will discuss



about exprimental mesurment and analysis.
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Chapter 6





6
Experimental Data Analysis and

Model Comparison

As discussed in the previous chapters, the transient region of the wave-

form provides valuable insights into the system’s dynamic characteristics. By

analyzing this region, it becomes possible to identify the physical parameters

of the system more accurately and to understand how it responds to sudden

perturbations or changes in operating conditions.

Therefore, studying the transient response not only helps in param-

eter estimation but also provides a deeper understanding of the underlying

physical processes governing the system’s dynamics. In this chapter, we fo-

cus on the study and analysis of the transient response observed in the real

data.

6.1 Exprimental setup

To experimentally validate the proposed approach, two series-connected

PV panels from SOLBIAN, model SP16L [1], were used for testing. This

configuration provided the voltage level required by the power converter, en-

suring compatibility with the laboratory setup. Under STC, the array deliv-

ers a nominal power of 108 W, with an open-circuit voltage of Voc = 23.02 V,
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a maximum power point voltage of Vmpp = 19.2 V, a short-circuit current of

Isc = 6 A, and a maximum power point current of Impp = 5.6 A.

The array was characterized with a BioLogic SP-200 potentiostat

equipped with an HCV-3048 power booster and an HV-48 high-voltage

probe [2]. This setup enabled IV curve measurement to determine the max-

imum range of step perturbations. Measurements were automated using the

EC-Lab Dynamic Link Library interfaced with a Python script. The pro-

tocol consisted of a DC voltage sweep to obtain the IV curve, followed by

MPP identification. Irradiance was monitored with a Kipp-Zonen CMP10

pyranometer [3], and cell temperature with a PT100 sensor mounted on the

rear surface.

A three-phase interleaved boost converter was used to apply the step

perturbation [4]. Based on the I-V characterization, the converter’s duty

cycle was configured to establish a stable initial operating point for the PV

string near the Maximum Power Point (MPP). This point was intentionally

set on the constant-voltage side of the I-V curve, at a voltage V = 1.2 ·VMPP.

From this position, the step perturbation could be applied across the linear

MPP region without falling into the constant-current region. Voltage and

current waveforms were acquired using a Tektronix 3 Series MDO oscillo-

scope [5]. Voltage measurements were performed with a THDP0200 dif-

ferential probe, offering a 150 Vp range and 20 MHz bandwidth [8], while

current was measured using a TCP0030A 30A AC/DC probe [9]. The ac-

quisition system was configured to record 10 M samples over a 10 µs time

window, achieving an effective sample rate of 1 GS/s. This high-density,

single-shot capture ensures nanosecond-level temporal resolution, enabling

accurate characterization of fast transients without aliasing or data distor-

tion. The resulting waveforms serve as the basis for subsequent analysis and

model validation.



6.2 waveform analysis

Figures 6.1a and 6.1b show the measured voltage and current wave-

forms of the photovoltaic panel under real experimental conditions.

(a) Measured voltage waveform of the PV panel. The red line indicates

the selected transient time window.

(b) Measured current waveform of the PV panel. The red line indicates

the corresponding transient region extracted from the measured data.

Figure 6.1: Measured voltage and current waveforms of the photovoltaic panel

under real experimental conditions.

As illustrated in Figures 6.1a and 6.1b, the input voltage exhibits a

stepwise variation, and for each voltage step, the output current responds

with a transient behavior before settling to a new steady-state value.

The measured data are noisy due to real operating conditions. To



(a) Selected transient region of the measured current waveform.

(b) Selected transient region of the measured voltage waveform.

Figure 6.2: selected transient regions in the measured voltage and current wave-

forms. The red wavefrom correspond to the specific time window extracted from

the original data for dynamic analysis.

analyze the panel’s dynamic behavior, a specific transient time window is

selected from both the voltage and current signals. This window includes

2,481 data samples and represents the transition between two steady-state

operating points, as shown by the red waveform in Figures 6.1a and 6.1b.

The gray waveform corresponds to the complete dataset that includes 10

million data points. Since the transient region is of primary interest in

this study, it is not necessary to include the entire 10 million point dataset.

Therefore, the red segment including 2,481 samples is extracted and analyzed

to capture the essential dynamic behavior between the two steady states.



Figures 6.2a and 6.2b show the selected transient time windows of the

measured voltage and current waveform from the PV panel. In Figure 6.2a,

the input voltage exhibits a step increase followed by brief oscillations around

the new steady-state value and in Figure 6.2b, the output current presents

a dynamic transition in response to the voltage step, and finally settles to a

new steady-state value.

Overall, Figures 6.2a and 6.2b illustrate the system’s transition be-

tween two steady-state operating points. These selected regions form the

basis for parameters estimation and the training of the PINN model.

6.3 Parameter Estimation from Experimental

PV Data Using Physics-Informed Neural

Networks

Before applying the PINN for parameter estimation, we obtain an

initial approximation of the PV model parameters using the static SDM

based on the electrical characteristics provided in the module datasheet.

Under STC, the datasheet provides only four characteristic points: the

open-circuit voltage (Voc), the short-circuit current (Isc), the voltage at the

maximum power point (Vmpp), and the current at the maximum power point

(Impp). However, to accurately estimate the parameters, it is necessary to

consider the actual operating point of the PV module, since the parameters

depend on the voltage–current conditions. The measured operating point of

the PV module (V = 13.5 V, I = 1.65 A) is used to further refine and verify

the parameter estimation under real experimental conditions. The static

parameters of the PV panel at the measured operating point are determined

by numerically solving the nonlinear system through the Newton–Raphson

method [6]. The obtained values represent:

Rs ≈ 0.28 Ω, Rsh ≈ 58 Ω, Iph ≈ 1.64 A,

This estimation provides the static parameters of the model.



To estimate the model parameters based on measurement data, a stan-

dard PINN is used while assuming linear capacitor behavior in the model.

Due to the noise in the measured waveform of the experimental data, an

adaptive loss weighting approach is use to ensure a balanced contribution

between the data information and physics information during parameter es-

timation. The relative weights of these loss components are dynamically

adjusted during training, allowing the network to dynamically adjust the

influence of each loss component, ensuring that no term dominates the opti-

mization process, following the adaptive weighting formulation presented in

Chapter 3.

The details of the neural network and training configuration are pro-

vided in Table 6.1.

For training, we use the parameter ranges in Table 6.2 with ran-

dom initial values. The parameter ranges are centered around the nominal

datasheet values and extended up to about three times their magnitude.

Since no specific reference is available for the capacitance value based on

datasheet value, its range is determined based on the typical values consid-

ered in the previous chapters and reported in the literature for PV systems.

Table 6.1: Neural Network and Training Details

Category Details

Neural Network Structure 10 neurons, 3 hidden layers

Activation Function Tanh

Optimizer AdamW

Input Data Points 2481

Parameters Estimated Rs, Rsh, C, iph

Training Epochs 20,001

Learning Rate 0.0005



Table 6.2: Parameter ranges considered for the estimation process.

Parameter Range

Iph [0.5A, 5A]

Rs [0.1Ω, 0.85Ω]

Rsh [20Ω, 180Ω]

C [1 × 10−6 F, 5 × 10−6 F]

(a) Iph(A) (b) Rs(Ω)

(c) Rsh(Ω) (d) C(F )

Figure 6.3: Evolution of estimated parameters during training for the linear case.

Figure 6.3 shows that the estimated parameters converge to values

close to the datasheet values under the considered operating conditions. Fig-

ure 6.4 illustrates the convergence of the adaptive weight parameter α, which

becomes negative during training. This indicates that the network decreases



Figure 6.4: Evolution of α during training.

the influence of the data base term in cost function and relies more on the

physics information, consistent with the adaptive weighting approach de-

scribed in Chapter 3.

The complete measured current data over the selected time range is

illustrated in Fig. 6.5(a). To enable a more detailed analysis of the system

behavior in the transient region, the section of the transient region data

highlighted by the boxed area has been magnified, as shown in Fig. 6.5(b).

This zoom is only a closer view of the same raw data, without any filtering

or processing, allowing a clearer observation of the instantaneous variations

and oscillations in the current response.

To better evaluate the model’s performance, a detailed view of the

transient section is provided in Fig. 6.6 to examine how the predicted current

compares with the measured data.

The predicted current does not fit the measured data well in some re-

gions because during the transition to a new operating point, the system ex-

hibits additional nonlinear behavior that cannot be perfectly captured when

a linear capacitance value is assumed, which also affects the current response

and contributes to the observed mismatch. For this reason, the model is fur-



(a) Current data.

(b) Transient region for better analysis.

Figure 6.5: In the 6.5(a), the complete current data over the selected time range is

presented. For a more detailed analysis of the system behavior during the transient

region, the boxed area shown in the 6.5(b).

ther developed by a nonlinear capacitance that varies with voltage to better

represent the system’s dynamic behavior and improve the fitting accuracy.

The nonlinear capacitance model considered here follows the same formula-

tion as described in Chapter 3. Random initial values are consider to the

parameters, and the parameter ranges are chosen according to Table 6.2,

while the details of the neural network architecture and training configura-

tion are provided in Table 6.1. The only exception is the parameter b, whose

range is defined based on the previous chapters and relevant literature, and

is set between [2×10−16 F, 6×10−16 F], corresponding to values reported for



the PV technology.

Figure 6.6: Comparison of current waveform and PINN-identified waveform.

Figure 6.7 illustrates the convergence of the estimated parameters.

As shown in Figure 6.8, the convergence in the transient region is

improved, and the predicted current exhibits a much better fit compared to

the model with a constant capacitance.

To evaluate the performance of the different estimation methods, we

use a GA with a population size of 15 and optimization for 100,000 genera-

tions to evaluate the performance of different estimation methods.

RMSE values of each method are show in the Figure 6.11. The results

show that the PINN for nonlinear model achieves better identified waveform

than the GA and PINN for linear model. Because the measured voltage and

current waveform are affected by a high level of experimental noise, the PINN

leverages the governing circuit equations to guide the optimization toward

physically consistent solutions. This improvement results from incorporating

a nonlinear voltage-dependent capacitance, which enables the model to more

accurately capture the dynamic response of the PV module under varying

operating conditions.

Table 6.3 summarizes the estimated parameter values obtained by the

GA and PINN method for both the linear and nonlinear models. The results

show that the parameters identified by the PINN are generally closer to the



(a) Iph(A) (b) Rs(Ω)

(c) Rsh(Ω) (d) b(F )

Figure 6.7: Evolution of estimated parameters during training for the nonlinear

case.

Figure 6.8: Comparison of current waveform and PINN identified waveform for the

nonlinear case.



Figure 6.9: Comparison of current waveform and GA identified waveform for linear

case.

Figure 6.10: Comparison of current waveform and GA identified waveform for

nonlinear case.

datasheet values compared to those obtained by the GA.

Figure 6.12 compares the percentage errors of the estimated param-

eters relative to the datasheet values for both linear and nonlinear models

obtained using the GA and PINN methods.

In the inear model, the PINN demonstrates better accuracy compared

to the GA in all parameters. Specifically, the error of Rsh in PINN is sig-

nificantly reduced (around 3.8%) compared to GA (about 37%). Similarly,



Figure 6.11: Comparison of RMSE between the models.

Table 6.3: Estimated parameters for each model.

Model Rsh (Ω) Iph (A) Rs (Ω) C (F) b (F)

Datasheet 55.00 1.64 0.28 – –

GA (Linear) 75.51 1.93 0.35 1.83 × 10−6 –

PINN (Linear) 57.07 1.83 0.25 1.91 × 10−6 –

GA (Nonlinear) 73.51 1.88 0.33 – 1.82 × 10−16

PINN (Nonlinear) 50.20 1.86 0.24 – 2.49 × 10−16

Figure 6.12: Percentage error of the estimated parameters compared with datasheet

values for both linear and nonlinear models using GA and PINN approaches.

for Iph, PINN achieves an error of approximately 11.6%, which is lower than

the 17.7% error obtained by GA. The series resistance Rs is also estimated



more precisely by PINN (10.7% error) compared to GA (25%).

In the nonlinear model, the PINN maintains better overall perfor-

mance and stability. The shunt resistance Rsh error from about 33.6% in

GA and 8.7% in PINN, showing a substantial improvement. Although both

methods achieve comparable accuracy for Iph (around 13–15%), the PINN

slightly outperforms GA in estimating Rs (14.3% vs. 17.9%).

Overall, these results confirm that the PINN yields more reliable and

physically consistent parameter estimations compared to the GA.

In summary, the proposed PINN framework provides an efficient,

noise-resilient, and physically consistent approach for extracting equivalent

circuit parameters of PV modules from real transient measurements. The

experimental analysis demonstrates that the transient of the PV waveform

carries essential information about the system’s dynamic behavior. The re-

sults show that the PINN achieves significantly lower estimation errors than

the GA for all parameters, confirming the benefit of embedding the cir-

cuit’s physical equations into the learning process. Between the two PINN

configurations, the nonlinear version provides better fit in the transient re-

gion. Overall, the results support the effectiveness of the PINN framework

in extracting physically consistent parameters and reproducing the observed

transient dynamics, even under noisy real-world measurements.
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Chapter 7





7
Conclusion and outlook

In this thesis, we focus on the identification of parameters in dynam-

ics PV generators through a comprehensive time-domain analysis frame-

work. Unlike conventional steady-state or frequency-domain methods, the

time-domain approach enables the direct observation of the transient and

dynamic response of the PV system, offering deeper insight into its nonlin-

ear behavior under real operating conditions. This perspective allows for

the accurate tracking of current–voltage interactions and the extraction of

system parameters that are often hidden in static analysis.

To ensure accuracy, stability, and physical consistency, a PINN frame-

work was developed and optimized for PV system modeling. The proposed

PINN not only learns from measured data but also embeds the governing

physical equations directly into the learning process. This hybrid structure

bridges the gap between data-driven and physics-based modeling, ensuring

that the estimated parameters remain consistent with the real system be-

havior.

Based on the PINN structure, two novel PINN architectures were de-

signed to explore different ways of balancing data with physical constraints.

The first architecture emphasizes high-precision fitting of experimental wave-

forms, while the second focuses on improving generalization and robustness

under varying environmental conditions. Furthermore, the thesis investi-
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gates the effect of scaling, normalization, and adaptive loss weighting to

enhance the convergence speed and stability of the network during training.

The results demonstrate that the proposed PINN frameworks are ca-

pable of accurately estimating PV parameters with high precision and ro-

bustness. Even in the presence of measurement uncertainty or noise, the

models maintained consistent performance and physical interpretability.

The developed methodologies not only enhance parameter estimation

accuracy but also contribute to the understanding of PV system dynamics,

offering a foundation for future developments in diagnostics, control, and

performance optimization of renewable energy systems.

The research is structured across 7 chapters, each addressing a specific

stage in the development, implementation, and validation of the proposed

methodologies, progressively advancing from theoretical background to ex-

perimental verification.

This study demonstrates the practical feasibility of the proposed PINN

framework and confirms its capability to perform real-time diagnostic and

parameter estimation tasks in actual PV systems with strong physical con-

sistency and adaptability across different operating conditions.

One direction for future development is the design and implementa-

tion of hybrid PINN–LSTM architectures that incorporate temporal memory

and long-term dependencies between transient responses. By integrating a

recurrent structure such as LSTM or GRU with the PINN framework, tem-

poral features of the voltage and current signals v(t) and i(t) are encoded

into a dynamic latent space and then processed by the PINN head to enforce

the physical consistency of the circuit equations. In this configuration, the

LSTM acts as a temporal encoder that captures sequential dependencies,

while the PINN ensures that the predicted behavior follows the underlying

physical laws through automatic differentiation of the governing equations.

As a result, the hybrid model simultaneously forecasts the next current wave-

form, estimates the physical parameters, and minimizes the residual of the

PV dynamic equation.

A critical aspect of this development is the treatment of the vanishing



gradient problem, which becomes significant in PV circuits that operate on

very short time scales. The transient responses in such systems occur in

the range of microseconds to milliseconds, and the temporal derivatives of

voltage and current, computed through automatic differentiation within the

PINN framework, tend to approach zero because of the small numerical

magnitude of the time variable. As a result, the associated gradients decay

rapidly during backpropagation, which prevents the network from effectively

updating its weights and capturing the fast dynamics. This phenomenon

slows down convergence and can even stop learning in deep or long-sequence

models.

This issue is addressed through time rescaling, where the temporal

variable is normalized from the microsecond domain to the second domain

during training. This normalization keeps the derivatives within a numeri-

cally stable range and preserves effective gradient flow throughout the net-

work. After training, all quantities are rescaled back to their original physical

domain to ensure accurate physical interpretation. This method stabilizes

the learning process and prevents early gradient decay in the physics-based

layers. However, the vanishing gradient remains an important open issue

in physics-informed machine learning because the accuracy of these models

strongly depends on the stability of gradient propagation. This challenge

becomes even more critical for online monitoring and adaptive control appli-

cations, where the model must react in real time under high-frequency vari-

ations. Future research may explore advanced gradient normalization tech-

niques, improved weight initialization, and multi-scale PINN architectures

that jointly model both fast electrical transients and slower environmental

effects to maintain consistent performance across all operating conditions.

Another direction for future work is the extension of the current single-

scenario framework toward a graph-based state representation using Graph

Neural Networks (GNNs). In the current study, the network is trained and

tested under a single operating condition and waveform scenario. In real

PV systems, however, multiple operating states coexist, such as different

irradiance levels, partial shading, or converter switching modes, all of which



influence the electrical and dynamic behavior of the circuit. By representing

each operating condition as a node in a state graph and defining weighted

connections that describe the transition probabilities or correlations between

these nodes, a state matrix can capture the full dynamic landscape of the sys-

tem. Integrating GNNs into the PINN framework allows the model to learn

relationships between different operating states, share knowledge across con-

ditions, and generalize to unseen scenarios without retraining. This graph-

based extension also supports the development of adaptive control and fault

diagnosis systems, where the model transitions between learned states based

on real-time sensor feedback.

Combining the hybrid PINN–LSTM temporal modeling, gradient-

stabilized training, and GNN-based state representation creates a compre-

hensive, multi-layer learning framework that handles both fast transients and

global operational variability. Such an integrated approach enables robust

and physically consistent real-time monitoring, prediction, and control of PV

systems under a wide range of environmental and circuit-level conditions.

Another direction for future research involves integrating the devel-

oped PINN framework within a Digital Twin (DT) architecture supported by

a Control Communication Network (CCN) to enable real-time monitoring,

control, and optimization of large-scale PV systems. In this approach, the

Digital Twin acts as a virtual representation of the physical PV system, con-

tinuously synchronized with live sensor data such as voltage, current, tem-

perature, and irradiance. The PINN operates as the analytical core of the

twin, combining measurement data with the governing physical equations to

dynamically estimate parameters and internal states. The Control Commu-

nication Network (CCN) serves as the communication backbone connecting

the physical PV assets and their digital counterparts. It enables bidirec-

tional data flow, allowing sensor information, control commands, and model

updates to be exchanged in real time with minimal latency. Through this

connection, the Digital Twin can perform adaptive learning and predictive

control, updating the internal model as new measurements arrive.

By coupling the CCN infrastructure with the physics-informed capa-



bilities of PINNs, the Digital Twin can evolve into an intelligent, self-adaptive

monitoring system capable of identifying parameter drifts, detecting faults

at early stages, predicting performance under varying irradiance and tem-

perature profiles, and autonomously optimizing operating conditions. This

integration would extend the current PINN-based modeling approach from

single-module estimation to a system-level framework, enabling scalable, pre-

dictive, and real-time management of PV plants and future smart energy

grids.

Overall, this research contributes to advancing intelligent and physi-

cally consistent modeling approaches for next-generation PV systems, paving

the way for more resilient, efficient, and autonomous renewable energy in-

frastructures.





Appendix



.1 Appendix A: Multiple Physics-Informed Neu-

ral Network Framework

Instead of estimating all parameters using a single neural network, a

Multiple PINN architecture is adopted. The parameter vector is decomposed

as:

θ = [θ(1), θ(2)], (1)

where each subset of parameters is learned by an independent neural net-

work.

Two neural networks are defined in parallel:

θ(1)(x) = N1(x; w1), θ(2)(x) = N2(x; w2), (2)

where N1 and N2 are fully connected feedforward neural networks with dif-

ferent architectures. Each neural network has its own set of trainable weights

and biases, represented by w1 and w2.

Although the networks are structurally independent, they are cou-

pled through the same physics-based model. The estimated parameters are

injected into the governing equations to compute the model output current:

Imodel(t) = F
(
v(t), θ(1)(x), θ(2)(x)

)
, (3)

where F(·) represents the physical equations of the system, which are iden-

tical for both networks.

Both neural networks are trained simultaneously by minimizing a sin-

gle global loss function defined as:

L(w1, w2) = Ldata + Lphys, (4)

where Lphys loss of the governing differential equations and Ldata en-

forces consistency between original data and modeled data. This formulation

represents a baseline structure and can be extended by incorporating addi-

tional loss terms to account for further physical constraints, regularization,

or problem-specific objectives.



The loss function is minimized with respect to both parameter sets,

and gradients are computed via backpropagation through the shared physics

model:

∇wk
L = ∂L

∂θ(k)
∂θ(k)

∂wk
, k ∈ {1, 2}. (5)

This formulation enables parallel training of multiple neural networks

while enforcing physical consistency through a common loss function and

shared governing equations. The framework can be readily extended to more

than two networks without modifying the underlying physics or optimization

strategy.

.2 Appendix B: Two-Level Layered Physics-

Informed Neural Network

To improve convergence and decouple parameters with different phys-

ical roles, a two-level layered PINN architecture is employed. The physical

parameters are organized into:

θ = {θ(1), θ(2)}, (6)

where θ(1) represents global operating condition parameters and θ(2) repre-

sents dynamic parameters.

The first-level network is designed to capture the dominant, large-

scale components of the system dynamics. These parameters are estimated

through a neural network of:

θ(1)(t) = N1(t, v(t), i(t); w1), (7)

where w1 collects the trainable weights and biases of the first-level network.

By learning the dominant system behavior at this stage, the first-level

network provides a coarse but physically consistent representation of the

dynamics, effectively resolving parameters associated with larger numerical

scales. This learning strategy reduces scale imbalance.



The second-level network is designed to resolve parameters whose nu-

merical scales are significantly smaller than the dominant scale of the overall

system dynamics. These parameters are learned through a second neural

network of:

θ(2)(t) = N2(t, v(t), i(t), θ(1)(t); w2), (8)

where w2 collects the trainable weights and biases of the second-level net-

work.

The outputs of the first-level network provide a coarse, physically

consistent representation of the dominant system behavior and are therefore

used as informed inputs to the second level. This structure allows the second-

level network to focus on learning fine-scale dynamics once the large-scale

effects have been resolved.

Both levels are trained using the same loss function:

L(w1, w2) = Lphys + Ldata, (9)

where Lphys loss of the governing differential equations and Ldata en-

forces consistency between original data and modeled data. This formulation

represents a baseline structure and can be extended by incorporating addi-

tional loss terms to account for further physical constraints, regularization,

or problem-specific objectives.

The loss function is minimized with respect to both parameter sets,

and gradients are computed via backpropagation through the shared physics

model:

∇wk
L = ∂L

∂θ(k)
∂θ(k)

∂wk
, k ∈ {1, 2}. (10)

This layered formulation reduces interference between parameter spaces,

improves convergence for highly nonlinear parameters, and ensures that the

learning process follows the physical structure of the underlying model.
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