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ABSTRACT Accurate estimation of the equivalent circuit parameters of photovoltaic modules enables
comprehensive analysis of photovoltaic system’s electrical behaviour and facilitates the detection of
faults. This paper proposes a rigorous method for optimizing the current-voltage curve measurements by
minimizing the variance of the estimated parameters in the typical photovoltaic five-parameter equivalent
circuit model. Leveraging the Fisher Information Matrix and the D-optimal experiment design technique,
the proposed method aims to improve the accuracy of parameter estimation by optimizing the distribution
of current or voltage sampling points, reducing the overall parameter uncertainty as quantified by
the determinant of the inverse of Fisher Information Matrix. The study investigates both current and
voltage-based sampling approaches, showing that current sampling is preferable under partial shading,
while voltage sampling can be equivalently employed under uniform irradiance. The method is validated
through both numerical simulations and experimental data from five real photovoltaic modules under
both partial shading and uniform irradiance conditions. Experimental validation was conducted on five
commercial photovoltaic modules of different technologies, includingmonocrystalline, polycrystalline, HIT,
and TOPCon, confirming that the proposed optimization strategy consistently enhances estimation precision,
with variance reductions up to two orders of magnitude.

INDEX TERMS D-optimal design, equivalent circuit model, fisher information matrix, partial shading,
photovoltaics Cramér-Rao lower bound.

NOMENCLATURE
CRLB Cramér–Rao Lower Bound.
DC Direct Current.
EL Electronic Load.
FIM Fisher Information Matrix.
FSR Full Scale Range.
IID Independent and Identically Distributed.

The associate editor coordinating the review of this manuscript and
approving it for publication was Jenny Mahoney.

I–V Current–Voltage.
MPP Maximum Power Point.
PDF Probability Density Function.
PV Photovoltaic.
RMSE Root Mean Square Error.
STC Standard Test Conditions.
TOPCon Tunnel Oxide Passivated Contact.
G Irradiance (W/m2).
I Current through the PV module (A).
I0 Diode saturation current (A).
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Impp Maximum power point current at STC (A).
Iph Photogenerated current (A).
Isc Short Circuit Current (A).
M Number of parameters (-).
N Number of measurement points (-).
Pmpp Maximum power point power at STC (W).
Rs Series resistance (�).
Rsh Parallel (shunt) resistance (�).
Tc Cell temperature (K).
V Voltage across the PV module (V).
Vmpp Maximum power point voltage at STC (V).
Voc Open circuit voltage (V).
kb Boltzmann constant (1.380649× 10−23 J/K).
n Diode ideality factor (-).
q Electron charge (1.602176634× 10−19 C).
C Cramér–Rao Lower Bound.
F Fisher Information Matrix.
θ̂ Estimated parameter vector.
θ Vector of model parameters.
σ2
I Variance of current measurements (A2).

σ2
V Variance of voltage measurements (V2).

ωM Volume of the confidence ellipsoid with M
parameters.

I. INTRODUCTION
The growth of photovoltaic (PV) technology as a key com-
ponent in the global energy transition requires increasingly
accurate and efficient methods for monitoring and controlling
PV system performance.

Among the most well-known diagnostic and control tools
available, the Current–Voltage (I–V ) characteristic curve of
a PV module provides essential insights into its electrical
behaviour and operational state. This curve not only enables
real-time monitoring of performance but also serves as
the fundamental input for Maximum Power Point Tracking
(MPPT) algorithms in grid-connected inverters, thereby
directly influencing the energy conversion efficiency and
reliability of the PV system.

Accurate acquisition of the I–V curve typically relies
on dedicated instruments such as controllable electronic
loads, capacitive loads, andDC/DC converters. These devices
enable controlled sweeping of voltage or current across the
PV module and the recording of the corresponding electrical
response with high resolution, typically in the range of
10 mV and 10 mA [1]. The operational bandwidth of such
equipment spans from approximately 0.5 Hz to 200 Hz,
which is generally adequate for quasi-static characterization
of PV modules under stable irradiance conditions [2].

The analytical reproduction of the I–V curve of PV
modules requires a grey box mathematical model called
equivalent circuit. This model reproduces the I–V curve
based on a set of parameters that characterize physical
phenomena such as diode recombination, series and shunt
resistances, saturation current and photogenerated current.

Parameter identification is essential for a variety of appli-
cations, including model-based control, fault detection, and
performance forecasting.

Importantly, this identification procedure is non-invasive
and can be conducted in situ, making it suitable for both
laboratory research and field deployment [3].

Among the several modelling approaches, the five-
parameter equivalent circuit model is widely adopted due to
its favourable trade-off between accuracy and computational
burden [4], [5]. This model is capable of accurately capturing
the nonlinear I–V behaviour of PV modules under varying
environmental and operating conditions.

Recent literature has shown a growing interest in
data-driven and optimization-based techniques for PV
parameter estimation. The systematic review [6] explores
the use of machine learning algorithms in predicting PV
system parameters, highlighting their potential for model
generalization and fast deployment. Another review provides
a comprehensive comparison of analytical, numerical, and
heuristic methods, emphasizing their relative accuracy and
complexity [7]. Similarly, survey [8] addresses the use of
metaheuristic algorithms—such as genetic algorithms and
particle swarm optimization—for parameter extraction from
I–V curves, demonstrating their flexibility in non-linear
optimization scenarios.

Nevertheless, estimating the parameters of the equivalent
circuit remains a challenging problem due to the inherent
nonlinearity of the governing equations (and the consequent
possible multiplicity of identified parameters), their sensi-
tivity to measurement noise, environmental variability, and
the initial conditions used in the fitting process [9], [10].
The parameter estimation task is generally formulated as a
nonlinear least-squares optimization problem. Traditionally,
the Levenberg–Marquardt algorithm has been employed for
solving such problems, although heuristic and metaheuristic
techniques have also been proposed [11].

To evaluate the quality of the estimated parameters, the
Root Mean Square Error (RMSE) between the measured and
simulated I–V curves is commonly used as a performance
metric [8]. However, minimizing RMSE alone does not
address the fundamental issue of uncertainty quantification in
parameter estimation. In this context, estimation theory offers
a more rigorous approach relying on the Fisher Information
Matrix (FIM), which quantifies the amount of information
that the acquired measurements provide about the model
parameters.

Maximizing the information content of the measurement
data involves the optimal selection of current sample
points along the I–V curve. Several strategies from the
field of optimal experimental design have been employed
for this purpose. Among these, D-optimal design —
which maximizes the determinant of the FIM — has
proven particularly effective in reducing the overall esti-
mation variance [12]. However, none of the existing liter-
ature contribution rigorously addresses optimal I–V curve
sampling.
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FIGURE 1. PV five parameters model.

This paper addresses a gap in the PV characterization
literature by introducing a D-optimal design method for
selecting current sample points rather than voltage sample
points, that enhance the accuracy of parameter estimation
in PV equivalent circuit models. The proposed approach is
formulated within the FIM framework and aims to increase
the precision of parameter estimates without altering the esti-
mation algorithm itself or assuming specific environmental
conditions. Validation is performed through a combination of
numerical simulations and experimental tests, including both
uniform irradiation and partial shading scenarios.

The main contributions of this paper are as follows:
The remainder of this paper is structured as follows.

Section II presents the proposed optimization framework
and details the formulation of the estimation problem.
Section III discusses the results of numerical simulations
and experimental validation. Section IV includes a sensitivity
analysis on the number of current points. Section V concludes
the work and outlines future research directions.

II. MODEL AND I–V CURVE SAMPLING OPTIMIZATION
METHOD
A. FIVE PARAMETERS CIRCUIT OF A PV CELL
This work uses the PV cell single-diode five-parameter model
(Figure 1). The parameters are included in the vector θ =

[Iph, I0, n,Rs,Rsh]⊤, in which [13]:
• The photogenerated current Iph represents the current
generated by the sunlight incident on the PVmodule and
is directly proportional to the irradiance received.

• The saturation current I0 is the reverse saturation current
of the diode and reflects the leakage current when the
PV cell is reverse-biased, with a strong dependence on
temperature.

• The diode ideality factor n defines the quality of
the diode and represents the deviation from the ideal
behaviour, influencing the slope of the I–V curve in the
exponential region.

• The series resistance Rs accounts for the resistive losses
in the connections, contacts, and materials inside the PV
cell.

• Lastly, the parallel resistance Rsh represents leakage
pathways across the PV cell, where lower values lead to
greater current losses and a reduction in the open-circuit
voltage [14].

Based on the definitions, the current Ij that flows into the
diode is a function of I0 and n, Ij = f (I0, n) These parameters
are related through the following non-linear relationship

between current and voltage:

Iph − I0 ·
[
exp

(
(V + I · Rs) · q
n · kb · Tc

)
− 1

]
−
V + I · Rs

Rsh
−I = 0, (1)

where kb is the Boltzmann constant, q is the electron charge,
and Tc is the absolute cell temperature. Equation (1) embeds
the non-linear dependencies between PV cell voltage and
current, making parameter estimation a complex task.

B. GENERAL ASSUMPTIONS OF THE PROCEDURE
The assumptions made in this study are as follows:

1) The models of the measurement noise on voltage and
current are known and Independent and Identically
Distributed (IID).

2) A specific parametric model for the PV cell circuit is
utilized and selected a priori by the modeller.

3) The observations/measurements are sufficiently fast to
consider the cell temperature Tc and irradiance G as a
known and noiseless unbiased constant.

4) The method must be applicable for both laboratory
and field testing, assuming sufficient solar irradiance
in both cases to represent operation under uniform
irradiation and partial shading [15].

Although in practical scenarios both temperature and
irradiance may be subject to uncertainty, they are treated here
as external input parameters rather than decision variables of
the estimation problem. Since the proposed method focuses
on optimizing the sampling of the electrical variables (voltage
and current), the uncertainties in Tc and G lie outside the
scope of the optimization framework and cannot be mitigated
by the algorithm itself.

Moreover, it is important to note that the acquisition of the
full I–V curve typically occurs in less than 100 milliseconds.
Within such a short interval, both Tc andG can be reasonably
considered constant, thus justifying the assumption to be
unbiased and noiseless for the purposes of this analysis.

Let us take sampling points (I ,V ) in ascending order
of current from open circuit to short circuit. Then, the
column vector m represents the equivalent circuit model’s
expressions for the PV cell voltage and current as functions
of the parameters θ, evaluated at the corresponding noiseless
voltage V and current I levels, and is defined as:

m = [I1(θ, v),V1(θ, i), . . . ,

Ii(θ, v),Vi(θ, i), . . . ,

IN (θ, v),VN (θ, i)]⊤. (2)

Likewise, the vector m̃ = [Ĩ1, Ṽ1, . . . , Ĩi, Ṽi, . . . , ĨN , ṼN ]⊤

contains the measured voltages and currents at the N data
points of the I–V curve. The estimated parameters included in
the vector of the PV cell circuit are θ̂ = [ ˆIph, Î0, n̂, R̂s, R̂sh]⊤

and are obtained by solving a standard-least square optimiza-
tion problem [4], where user defined bounds are imposed
on the parameters to be identified. The specific values for
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the upper boundary θmax and lower boundary θmin of these
constraints may be derived from the literature. Reflecting the
IID assumption on measurements, the discrepancies between
the measured and modelled values are weighted using the
inverse of the measurement covariance matrix Q̃, structured
in a block-diagonal form Q̃ = diag(Q̃1, . . . , Q̃i, . . . , Q̃N),
where Q̃ = diag

(
σ2
V, σ2

I

)
, as detailed in Section II-C.

The equation used to estimate θ̂ can be represented in the
standard quadratic form as follows:

θ̂ = argmin
θ

(
m̃−m

)⊤ Q̃−1 (m̃−m
)
,

s.t. θmin ≤ θ ≤ θmax (3)

C. PROBABILISTIC METROLOGY ASPECTS
As in [16], the Fisher information needs to be derived. The
main requirement is to know the noise model distribution,
assumed to be Gaussian.

Using commercial measurement instruments, the datasheet
typically specifies the uncertainty in the voltage (1V ) and
current (1I ) readings as a percentage of the FSR (Full
Scale Range). To determine the variance of the voltage
(σ2

V) and current (σ2
I ) measurements, the three-sigma rule is

commonly applied. This common rule states that the unbiased
measurement error lies within a probability range of 99.73%.
To compute the standard deviation from this error, one can
simply divide the FSR error by 3, leading to the constant
values σV =

1
31V and σI =

1
31I .

The matrix Q̃i is then formed with two constant entries and
is represented as Q̃i = diag(σ2

V, σ2
I ), ∀ i = 1, . . . ,N.

The minimization problem is then formulated as follows
for the N measurements:

θ̂ = argmin
θ

N∑
i=1

(([
Ĩi
Ṽi

]
−

[
Ii(θ,V )
Vi(θ, I )

])⊤
·

Q̃
−1
i ·

([
Ĩi
Ṽi

]
−

[
Ii(θ,V )
Vi(θ, I )

]))
(4)

D. DERIVATION OF THE CRAMÉR-RAO LOWER BOUND IN
VIEW OF PV EQUIVALENT CIRCUIT PARAMETERS
To determine the quality of the PV equivalent circuit
parameter estimation, it is necessary to define the minimum
theoretical variance. This can be computed by means of the
Cramér-Rao Lower Bound (CRLB). This section describes
the theoretical derivation of CRLB for the specific problem.

Let dθ,v = ĩ − i(θ, v) and dθ,i = ṽ − v(θ, i) denote
the residual vectors that quantify the differences between
measurements and model predictions at voltage v and current
i. Let I and V denote the random vectors corresponding to
the measured current and voltage samples, respectively. The
Gaussian PDF of the measurement errors is defined by the
following expressions:

PDF(V|θ, i) =
1√

(2π)N det Q̃

· exp
[
−
1
2
d⊤θ,iQ̃

−1
dθ,i

]
, (5)

PDF(I|θ, v) =
1√

(2π)N det Q̃

· exp
[
−
1
2
d⊤θ,vQ̃

−1
dθ,v

]
. (6)

This formulation allows for the derivation of the
log-likelihood function L, which can be expressed as:

L(θ, i|V) = ln PDF(V|θ, i),

L(θ, v|I) = ln PDF(I|θ, v). (7)

L(θ, i|V) = −
N
2
ln 2π −

1
2
ln det Q̃

−
1
2
d⊤θ,iQ̃

−1
dθ,i,

L(θ, v|I) = −
N
2
ln 2π −

1
2
ln det Q̃

−
1
2
d⊤θ,vQ̃

−1
dθ,v. (8)

To determine the first-order partial derivatives with respect
to each parameter θj, where j = 1, . . . ,M , being M the
number of parameters to be identified:

∂L(θ, i|V)
∂θj

= −
1
2

∂

∂θj
ln det Q̃ −

1
2

∂

∂θj

(
ϵ⊤(θ, i)Q̃

−1
dθ,i

)
= −

1
2
trace

(
Q̃
−1 ∂Q̃

∂θj

)
+

∂ϵ⊤(θ, i)
∂θj

Q̃
−1
dθ,i

−
1
2
ϵ⊤(θ, i)Q̃

−1 ∂Q̃
∂θj

Q̃
−1
dθ,i, (9)

∂L(θ, v|I)
∂θj

= −
1
2

∂

∂θj
ln det Q̃ −

1
2

∂

∂θj

(
ϵ⊤(θ, v)Q̃

−1
dθ,v

)
= −

1
2
trace

(
Q̃
−1 ∂Q̃

∂θj

)
+

∂ϵ⊤(θ, v)
∂θj

Q̃
−1
dθ,v

−
1
2
ϵ⊤(θ, v)Q̃

−1 ∂Q̃
∂θj

Q̃
−1
dθ,v. (10)

Since Q̃ is constant, the trace is null in (9) and (10).
Therefore, (9) and (10) become:

∂L(θ, i|V)
∂θj

=
∂ϵ⊤(θ, i)

∂θj
Q̃
−1
dθ,i, (11)

∂L(θ, v|I)
∂θj

=
∂ϵ⊤(θ, v)

∂θj
Q̃
−1
dθ,v. (12)

Let us denote the FIM as the matrix F ∈ RM×M . The
(k, ℓ)-th entry of F is defined as a function of the parameter
vector θ, where E denotes the expected value of the product
of the partial derivatives of the log-likelihood function with
respect to the k-th and ℓ-th parameters:

F (θ)k,ℓ = E
[
∂L(θ, i|V)

∂θk
·
∂L(θ, i|V)

∂θℓ

+
∂L(θ, v|I)

∂θk
·
∂L(θ, v|I)

∂θℓ

]
. (13)
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The expression of the (k, ℓ)-th element of the FIM can be
rewritten in compact form in the following way [17]:

F (θ)k,ℓ = +
1

σ2
I

N∑
i=1

∂I (θ,Vi)
∂θk

∂I (θ,Vi)
∂θℓ

+
1

σ2
V

N∑
i=1

∂V (θ, Ii)
∂θk

∂V (θ, Ii)
∂θℓ

. (14)

The element (k, ℓ) of the FIM, can be expressed as the sum
of contributions at every sampled voltage Vi, i = 1, . . . ,N.
It is worth reminding that the N voltage measurements are,
for simplicity, sorted in ascending order.

F (θ)k,ℓ =
N∑
i=1

1F i(θ)k,ℓ. (15)

Each measured data point provides different information
for each parameter θj, contributing to the FIM [17]. The
contribution to the FIM element (k, ℓ) can be represented as
a function dependent on θ, V and I :

1F (θ)k,ℓ = +
1

σ2
I

∂I (θ,V )
∂θk

∂I (θ,V )
∂θℓ

+
1

σ2
V

∂V (θ, I )
∂θk

∂V (θ, I )
∂θℓ

. (16)

The computation of the CRLB requires to evaluate the
elements of the FIM at the true parameter values θ∗ which
in practice are not known.1 The FIM, when evaluated at these
true parameters, is represented as F∗:

F∗k,ℓ = F (θ)k,ℓ

∣∣∣∣
θ=θ∗

. (17)

The inverse of the FIM, evaluated at the true parameter,
yields the CRLB := F∗−1. The CRLB can finally be used as
the benchmark to define the minimum theoretical variance of
θ;

σ 2
θi
:= Var(θi) ≥ F∗−1i,i , ∀i = 1, . . . ,M . (18)

E. LEAST-VARIANCE CIRCUIT PARAMETER
IDENTIFICATION VIA CRLB
This section introduces the algorithm designed to identify
a set of voltages (considered as decision variables) that
yield measurements containing the most informative data
for estimating the PV parameters. This is achieved by
maximizing the determinant of the FIM with the method
known as D-optimal experiment design.

The square matrix F is by construction real, symmetric,
invertible, and positive-semidefinite. As such, it possessesM
real, non-negative eigenvalues, and its determinant is positive,
denoted by det(F ) ≥ 0.
Maximising the determinant of F minimizes the determi-

nant of F−1, as one is the inverse of the other.

1Section III-C shows how to deal with this issue.

Furthermore, minimizing the determinant of F−1 results
in the smallest possible volume of the confidence ellipsoid
ωM for estimating theM parameters [17].

ωM =
2
M

πM/2

0
(M
2

) 1
√
det(F )

, (19)

where 0 represents the Gamma function.
A smaller ellipsoid volume, ωM , signifies an overall

enhancement in the precision of the parameter estimates.
While some standard deviations, e.g., for the jth parameter
σ 2

θj
, may increase and others may decrease, the net effect

is a reduction in ωM , indicating improved accuracy in the
estimation process of θ̂.

F. ALGORITHM FOR CURRENT SAMPLING ADJUSTMENTS
VIA D-OPTIMAL DESIGN
The goal of Algorithm 1 is to modify the current sampling
points such that the resulting current sampling distribution
yields more accurate parameter estimates than those obtained
using the conventional uniformly spaced current span for the
same predetermined number of sampled points N. The initial
and optimized current selections are iinit ∈ ℜ and iopt ∈ ℜ,
respectively, and cover the same current range [0, Isc].
The procedures in Algorithm 1 are given here below.

• GenerateIVCurve simulates the I–V curve with
added noise to facilitate realistic parameter estimation
and optimization. It takes as inputs the ground truth
parameter setθ∗ (as indicated in Section III-C), the open
short circuit current Isc, the desired number of points
N in the current sample, and the variances of voltage
and current, σ2

V and σ2
I , respectively. The procedure

generates a uniformly spaced array of current values
ranging from 0 to Isc, for I–V curve simulation. Using
the five-parameter I–V model function IVModel,
the procedure calculates the corresponding noiseless
voltage values v based on the ground truth parameters.
Gaussian noise is then introduced into both the current
and voltage values to yield the arrays inoise and ivnoise,
which represent the noisy observations. Finally, the
procedure returns the noisy voltage and current arrays,
inoise and vnoise, for use in subsequent processes. If the
I–V curve is generated starting from the voltage values,
the role of i and v is swapped.

• EstimateParameters initializes the parameter
estimation process by taking voltage and current data,
voltage variance σ2

V, current variance σ2
I , and an initial

guess for the parameters as inputs. The procedure
defines the estimated parameter values and the opti-
mized current sample distribution as outputs. Using
equation (3), it estimates the equivalent circuit param-
eters from the noisy I–V measurements, calculating
the variance for each parameter [18]. In this work,
the Levenberg-Marquardt algorithm is employed as
the numerical solver for the nonlinear least-squares
problem.
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Algorithm 1 Current Sampling Distribution Optimization Using D-Optimal Design

Input: Number of parameters N, Noisy voltage and current data vnoise, inoise, Voltage and current variances σ2
V, σ

2
I , Initial guess θinit

Output: Estimated parameters θ̂, Optimized current sampling vector iopt

Procedure: MAIN(N, vnoise, inoise, σ2
V, σ2

I , θinit)
/* These are inputs only when the optimization is performed on real measurements. When the measurements are synthetic, the procedure
GenerateIVCurve is used. */
θest, σ

2
est ← EstimateParameters(vnoise, inoise)

vopt, iopt ← OptCurrentDist(iinit, θest, σ
2
V, σ2

I )
θ̂, σ 2

opt ← EstimateParameters(vnoise_opt, inoise_opt)
return θ̂, iopt

Procedure: GENERATEIVCURVE(θ∗, Voc, N, σ2
V, σ

2
I , Tc)

/* Generate current sample selection */
i← sampling(0, Isc,N)
/* Compute noiseless voltage values */
v← IVModel(i, θ∗,Tc)
/* Corrupt voltage with Gaussian independent noise */
vnoise ← v+ normal(0, σ2

V)
/* Corrupt current with Gaussian independent noise */
inoise ← i+ normal(0, σ2

I )
return vnoise, inoise

Procedure: ESTIMATEPARAMETERS(vnoise, inoise)
/* θest is the tuple of estimated parameters, and 6est is the estimated approximate covariance matrix of θest. The diagonal elements of
6est provide the variance of the parameter estimates σ 2

est. */
θest, 6est ← curve_fit(IVModel, vnoise, inoise, θinit)
σ 2
est ← diag(6est )

return θest, σ
2
est

Procedure: COMPUTEFIM(vnoise, inoise, θest)
FIM ← FisherInformationMatrix(vnoise, inoise, θest)
CRLB← diag(inv(FIM ))
return FIM ,CRLB

Procedure: OBJECTIVEFUNCTION(vnoise, θest)
FIM ← ComputeFIM(vnoise, inoise, θest)
/* Objective function: − log(det(FIM )) */
return − log(det(FIM ))

Procedure: OPTCURRENTDIST(iinit, θest, σ
2
V, σ2

I )
/* Initialize an empty array to store variances */
variances← [ ]
while not converged do

/* Estimate parameters for the iteration */
θiter ← EstimateParameters(θest)
/* Estimate the variance of the estimated parameters */
σ 2
iter ← estimateVariance(θiter, σ

2
V, σ2

I )
/* Store the variance in the array */
add(σ 2

iter, variances)
/* Optimize for the current iteration */
iopt ← MinimizeIteration(ObjectiveFunction, iinit, θiter, σ

2
V, σ2

I )
end while
/* Return the optimized current selection and the array of variances */
return iopt, variances

• ComputeFIM computes the FIM using the estimated
parameters from the initial data and the noisy voltage
and current observations, based on Equation (14). The
diagonal of the inverse of the FIM provides the CRLB,
giving an estimate of the lower bound of parameter
variance [19].

• ObjectiveFunction defines the objective func-
tion for optimization, using the FIM obtained from
ComputeFIM. The objective function is calculated as
the negative of the log-determinant of the FIM, as per
Equation (14), which is instrumental in guiding the opti-
mization process by minimizing the parameter variance.
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• OptCurrentDist performs the iterative optimization
of the current sample distribution using a minimization
function. In each iteration, it estimates the parameters,
calculates their variance, and stores this variance in an
array. The optimized current sample distribution and
the array of variances are returned, offering insights
into the convergence of parameter estimates during
optimization.

• Main coordinates the overall process as follows:

– It first calls EstimateParameters to perform
an initial parameter estimation from the unopti-
mized current sample distribution.

– Next, it calls OptCurrentDist to optimize the
current sample distribution.

– Finally, it calls EstimateParameters a second
time on the optimized distribution to refine the
parameter estimates.

– The function returns the final optimized parameters
and the optimized current sample distribution.

III. APPLICATION OF THE METHOD TO PV MODULES
This section presents the application of the method described
in Section II. The application is divided in three parts:

1) A description of the topology of commercial PV
modules.

2) Numerical simulations in which I–V data are generated
in a synthetic manner.

3) Experiments in which a real PVmodule has been tested
while in operation.

A. CONFIGURATION OF HALF CELLS PV MODULES
Modern PV modules frequently adopt a half-cell configu-
ration, wherein each full-size cell is physically sliced into
two equal halves to reduce resistive losses and improve
thermal behaviour [20]. In this configuration, each substring
comprises two identical branches of half-cells connected in
parallel, effectively, under uniform irradiance, halving the
operating current in each branch compared to conventional
full-cell designs. Within each branch, the half-cells are
connected in series.

Typically, a PV module consists of three or four such
substrings connected in series, with each substring protected
by an individual bypass diode to mitigate power losses under
partial shading conditions. Figure 2 illustrates the electrical
topology of a modern PV module composed of half-cell
arranged into three submodules, one per bypass diode. These
submodules are referred to as strings for the rest of this
paper. Each of these strings comprises two series-connected
half-cell groups, forming a layout commonly adopted in
high-efficiency PV modules to reduce resistive losses.

The I–V characteristics depicted in Figure 2 compare two
operating scenarios. The orange curve corresponds to the
ideal case of uniform irradiance, in which all strings receive
full illumination and the bypass diodes remain inactive.
In contrast, the blue curve shows the characteristic multi-step

FIGURE 2. Usual topology of a half cells PV module and its I–V curve.

FIGURE 3. Partial shading pattern on the HT54-18XN-435 half cells PV
module.

behaviour that emerges under partial shading conditions due
to the sequential activation of bypass diodes.

In the partial shading configuration associated with the
blue curve, all strings are uniformly illuminated except for
two critical regions: the string labelled 2A, which receives
approximately 50% of the nominal irradiance, and the string
0A, which is completely shaded. These shading conditions
result in the activation of the respective bypass diodes,
effectively clipping the contribution of the affected strings
to maintain the overall module current. This operational
behaviour produces the three-step voltage profile shown in
the blue I–V trace.

The exact implementation of this irradiance pattern
on a commercial PV module is illustrated in Figure 3,
which shows the physical masking of the corresponding
areas. Specifically, partial coverage is applied to the region
corresponding to 2A, while complete coverage is applied
to the region corresponding to 0A, as indicated by the
labelled ‘‘COVER’’ masks. This controlled shading enables
experimental reproduction of the non-uniform irradiance
profile necessary for the validation of shade-aware modelling
techniques. Additional photographs that illustrate the applied
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FIGURE 4. Electrical configuration and I–V response of a full-cell PV
module with three substrings under partial shading.

shading conditions for the other tested modules are included
in Section III-D for clarity and reproducibility.
As illustrated in the topology, bypass diodes are inte-

grated across each one of the three substrings in an
anti-parallel configuration. These diodes allow current to
bypass individual substrings in the event of partial shading,
physical damage, or mismatch, thereby preventing localized
overheating (hotspot formation) and preserving the energy
yield of the module.

In PV modules featuring series-connected substrings
with internal parallel branches—such as those employing
a half-cell architecture, the most suitable approach for
characterizing the I–V curve involves imposing the current
and measuring the corresponding voltage response. This
measurement strategy is particularly advantageous given
the internal topology, wherein each substring consists of
parallel-connected branches of series-linked cells.

A comparison can bemadewith standard full-cell modules,
which do not use internal parallelization within substrings.
In these modules, each cell is full-sized, and substrings are
made of a single series chain of such cells. Bypass diodes
are typically installed across each substring to ensure energy
yield under mismatch or shading. The electrical topology and
corresponding I–V curve under partial shading conditions for
this type of module is illustrated in Figure 4.

As shown, the three substrings labelled 0, 1, and 2 are
electrically connected in series and protected by bypass
diodes. In this setup, substring 0 receives full irradiance
(G = 100%), substring 1 is partially shaded (G ≈ 50%),
and substring 2 is fully shaded (G ≈ 0%), with small current
output from diffuse irradiance.

This specific shading condition causes a stepwise
behaviour in the I–V curve similar to that observed in half-
cell modules, although the shape is influenced by the absence
of internal current sharing through parallel branches.

In this topology, current-based sampling is also preferable
when characterizing the module under partial shading.

By controlling the current imposed on the entire module,
the activation of individual bypass diodes can be correctly
captured, and the contribution of each substring to the overall
module response can be separately analysed.

B. ALGORITHM FOR GENERATION OF SYNTHETIC DATA
The procedure GenerateIVCurve (Algorithm 2) is used
with the primary objective of generating synthetic noisy I–V
data that mimic real I–V curves. As explained in Section II,
σ2
I and σ2

V depend on the metrological characteristics of
the current and voltage probes. It is possible to model this
metrological aspect of the I–V curve by introducingGaussian
noise into the voltage and current observations. This enables
testing and validation of the current adjustment algorithm
for estimating PV parameters prior to deployment in real-
world conditions. By replicatingmeasurement noise typically
encountered in practice, the procedure ensures that parameter
estimation and current sample selection optimization remain
accurate and robust.

In addition to modelling noise, the procedure explicitly
accounts for partial shading conditions within the PVmodule.
This is achieved by imposing the current and computing the
voltage response for each one of the three strings of the
module individually, using the five-parameter model, with a
distinct set of parameters for each string. For a given current
value, the voltages of the three strings are computed and
summed up, and the forward voltage drop of the bypass
diode is subtracted from the total. This effectively models the
bypassing behaviour and allows each string to be treated as an
independent electrical unit contributing to the overall module
response.

This approach enables the simulation of PV modules
composed of any number of strings by extending the
procedure accordingly and assigning independent parameters
to each string. If the parameter sets are identical across
all strings, the model simulates ideal conditions such as
uniform irradiance on a sunny day. On the other hand,
introducing variations among the string parameters allows
simulation of mismatch effects caused by partial shading, dirt
accumulation, or other non-uniformities.

The contents of Algorithm 2 are explained as follows,
considering the example of a three-string PV module as in
Figure 2.

• Line 2: The procedure GenerateIVCurve is defined
with the following inputs: three parameter sets θ0,
θ1, and θ2 representing the five-parameter model
configurations for each one of the three strings of the
PV module; Isc, the short-circuit current used to define
the range of simulation; T , the cell temperature (used
for thermal voltage calculation); nmeas, the number of
samples; σV and σI, the standard deviations of the
voltage and current noise, respectively

• Line 3: A uniformly spaced array of current values i is
generated, ranging from 0 to Isc, with a total of nmeas
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Algorithm 2 Generation of Synthetic Noisy I–V Curves
Under Partial Shading
1: Procedure: GENERATEIVCURVE()
2: Input: θ = {θ0, θ1, θ2}, Isc, T , nmeas, σV, σI
3: i← linspace(0, Isc, npoints)
4: for j ∈ {0, 1, 2} do
5: vj← IVModel(i,θj) · Ns − Vf ,j
6: Set vj← NaN where vj < 0
7: end for
8: v← v0 + fillna(v1, 0)+ fillna(v2, 0)
9: /* Add voltage noise */

10: v← v+ normal(0, σV)
11: /* Add current noise */
12: i← i+ normal(0, σI)
13: return v, i

points. This array represents the independent variable for
which voltage values are computed.

• Lines 4–7: For each string j = {0, 1, 2}, the
voltage response vj is computed by evaluating the
five-parameter model function IVModel using the
corresponding parameter set θj and the current array i.
The result is scaled by Ns to account for the number
of cells in series and then the forward voltage of
the bypass diode Vf ,j is subtracted, if necessary. Any
resulting negative voltages (non-physical) are masked
by assigning them as NaN (not-a-number) values.

• Line 8: The final voltage array v is computed by
summing the per-string voltage contributions. Missing
(NaN) values from partially shaded strings are replaced
with zeros using a fill-in operation. This summation
emulates the behaviour of strings operating in parallel
with bypass diodes under partial shading.

• Line 10: Using a SciPy library function [21], Gaussian
noise with standard deviation σV is added to the voltage
array. The noise simulates measurement uncertainty in
the voltage readings.

• Line 12: Similarly, Gaussian noise with standard
deviation σI is added to the current values, modelling
uncertainty in the current measurement.

• Line 13: The procedure returns the arrays v and i, now
representing synthetic I–V data that include realistic
noise and partial shading effects. These outputs can
be used to evaluate the performance of parameter
estimation algorithms under simulated field conditions.

C. NUMERICAL SIMULATION
In the five-parameter equivalent circuit equation, the ground
truth parameters are defined asθ∗ = [I∗ph, log(I0)

∗, n∗,R∗s ,R
∗

sh]
and their numerical values, for each string, are summarized
in Table 1.
The inputs consist of the known, unbiased, and noiseless

cell temperature Tc (K), along with the uniformly spaced
noiseless current sample selection in the range [0, Isc].

TABLE 1. Ground truth parameters.

TABLE 2. Numerical inputs used in the simulation.

To simulate the noiseless I–V characteristics of the
PV module, the explicit formulation of the five-parameter
equivalent circuit model is employed. Depending on whether
the current or voltage is treated as the independent variable,
two different expressions can be employed.

When the current is selected as the input, the corresponding
voltage can be computed explicitly using the following
equation, where W(·) denotes the Lambert W function [22]:

V = −I · Rs−I · Rsh + exp(log(I0)) · Rsh+

Iph · Rsh −
(
n · kB · Tc

q

)

·W


exp(log(I0)) · Rsh · exp

(
Rsh·(−I+exp(log(I0))+Iph)(

n·kB·Tc
q

)
)

(
n·kB·Tc

q

)
 .

(20)

Conversely, when the voltage is chosen as the input
variable, the cell current can be calculated using the following
explicit expression:

I =
Iph + exp(log(I0))− V

Rsh

1+ Rs
Rsh

−

n·kB·Tc
q

Rs

·W

 Rs exp(log(I0))
n·kB·Tc

q

(
1+ Rs

Rsh

)
exp

Rs(Iph + exp(log(I0)))+ V
n·kB·Tc

q

(
1+ Rs

Rsh

)
 . (21)

The procedure GenerateIVCurve simulates the obser-
vations ṽinit and ĩinit. To calculate the FIM and CRLB, it is
still necessary to know σ2

V and σ2
I . Values corresponding to a

typical measurement system have been chosen. Table 2 shows
the numerical values.

As discussed in Section II-D, each parameter yields a dif-
ferent quantity of information at each voltage measurement.

Figure 5 shows the normalized contribution to the diagonal
elements of the FIM. These contributions, computed as
[1F ]kk using Equation (16), are evaluated over the entire
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FIGURE 5. Normalized FIM information of each parameter in function of
current.

range of ṽ and ĩ. In this case, the contributions correspond to
the parameters of one of the three strings in partially shaded
conditions.

In this analysis, the voltage and current noise variances are
assumed to be known and uncorrelated.While this reflects the
idealized assumption of IID Gaussian noise, it is important to
acknowledge that real-world measurement noise may deviate
from this model. Nevertheless, the proposed method remains
applicable as long as the probability density function (PDF)
of the noise can be analytically described. In particular, the
computation of the FIM and the corresponding CRLB can
be extended to accommodate non-Gaussian or correlated
noise, provided that the underlying distribution is known
or can be estimated. In the considered setup, current and
voltage are acquired through independent sensors, reducing
the likelihood of correlated noise between the two signals.
On the other hand, low-frequency effects such as sensor drift
introduce a systematic bias that falls outside the scope of the
present formulation, which is based on unbiased estimation.
However, such issues can be mitigated in practice through
proper sensor calibration and drift compensation strategies.

To validate the theoretical approach, it is necessary to
compare the quality of the estimated parameters before and
after the optimization of the current sample selection. This
means to compare:

• The CRLB.
• The estimated parameters θ̂.
• The variance of the estimated parameters.

1) SIMULATION UNDER PARTIAL SHADING CONDITIONS
The synthetic I–V data are generated using the procedure
GenerateIVCurve from Algorithm 2. Based on these
data, the parameter estimates θ̂ are computed 1000 times,
which is considered an appropriate number of repetitions to
obtain a statistically significant set of values. The mean of the
estimated parameters is denoted as θ̂u. Similarly, the mean of
the variances from all estimations, denoted as σ2

u, is taken as
the overall variance of the parameter estimation.

The FIM and the CRLB are computed, where the unopti-
mized CRLB obtained from uniform sampling is denoted as
CRLBu, using the synthetic I–V curve data (ṽu and ĩu) and
the ground truth parameters θ∗ as inputs. Table 3 presents the

TABLE 3. Results of the estimation using uniform sampling method on a
partially shaded simulated module.

numerical results for the unoptimized parameter estimation
process.

Figure 6 illustrates the intermediate stages of the optimiza-
tion process, where the CRLB of each estimated parameter is
plotted against the number of iterations. The vertical axis is
presented in a logarithmic scale to highlight the magnitude
of changes in the variance across iterations. The stopping
criterion of the optimization is satisfied when the variation
of the logarithm of the determinant of the FIM becomes
sufficiently small (on the order of 1e-9) and remains below
this level for at least 15 consecutive iterations.

The constrained optimization problem makes sure that the
new current sample selection ĩopt falls in the same range as
ĩinit.
Figure 7 illustrates the current sample selection strategy

that maximises the determinant of the FIM, as compared
to the initial uniformly spaced current selection, in case of
PV module under partial shading. Each plot corresponds
to one of the three strings of the PV module and shows
the optimal selection of current points for that string. Since
the strings exhibit different Isc, the total number of valid
current samples differs among them. Figure 8 represents
the resulting optimised current distribution obtained by
combining the contributions of all three strings, capturing the
overall information-optimal sampling configuration.

After the optimization, the model parameters are
re-estimated using the optimized current sample selection,
denoted by ĩopt. The newly estimated parameter vector is
indicated as θ̂o, and the corresponding estimated variances
are denoted by σ 2

o . These variances are observed to closely
approach the CRLB, here denoted as CRLBo.
Table 4 presents the numerical values obtained after the

optimization process. By comparing Table 3 with Table 4,
a clear improvement of parameter variances appears after
optimization.

In the case of the partially shaded simulated module, the
application of the optimization procedure led to a consistent
reduction in the variances of the estimated parameters. The
relative variance improvements are summarized below:

VOLUME 13, 2025 212387



S. Schubert et al.: Accurate Parameter Estimation on Photovoltaic Modules

FIGURE 6. Results of the synthetic experiment for the string 0. Each plot
shows the CRLB of each parameter as a function of the optimization
iterations.

• String 0: the variance was reduced by 26.2% for Iph,
18.4% for log(I0), 17.2% for n, 28.9% for Rs, and 55.5%
for Rsh.

• String 1: the variance was reduced by 80.9% for Iph,
68.3% for log(I0), 64.2% for n, 33.0% for Rs, and 42.8%
for Rsh.

• String 2: the variance was reduced by 90.6% for Iph,
65.1% for log(I0), 67.3% for n, 27.4% for Rs, and 98.1%
for Rsh.

The estimated variances remain close to the corresponding
CRLB, indicating that the parameter estimation is statistically
efficient in case of partial shading.

FIGURE 7. Optimized current sample selection compared to the uniform
current sample selection for the three strings.

FIGURE 8. The overall optimized current sample selection compared to
the uniform current sample selection for N = 50 points.

These results confirm that the proposed D-optimal sam-
pling approach effectively enhances the accuracy of the
parameter estimation process, especially in challenging
operating conditions such as partial shading.

2) SIMULATION UNDER UNIFORM IRRADIANCE
CONDITIONS
To further validate the effectiveness of the proposed optimiza-
tion strategy, a second set of simulations was conducted under
uniform irradiance conditions. In this configuration, all three
strings of the photovoltaic module are assumed to operate
under identical environmental and electrical conditions,
thereby eliminating any mismatch typically induced by
partial shading. Nevertheless, the strings are not identical,
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TABLE 4. Results of the estimation using the optimized sampling method
on a partially shaded simulated module.

TABLE 5. Results of the estimation using uniform sampling method on a
uniformly-irradiated simulated module.

so that a small variation of the parameters is expected
for the individual strings. Specifically, the ground truth
parameters θ∗ are set to the same values for all three strings,
corresponding to the configuration of string 0 of the partially
shaded module seen in Table 1. This setup allows a direct
comparison with the partially shaded case and highlights the
benefits of current sample optimization even in the absence
of irradiance-induced parameter disparity.

As in the previous experiment, synthetic I–V curves are
generated using the GenerateIVCurve procedure, and
the estimation process is repeated 1000 times both before
and after the optimization of the current sample selection.
The performance is assessed by comparing the CRLB, the
estimated parameters θ̂, and the variances of the estimated
parameters for each string.

The numerical results for the uniform irradiance scenario,
prior to and following the optimization, are summarized in
Table 5 and Table 6, respectively.
In the case of the uniformly irradiated simulated PV

module, the optimization step led to improvements in the
estimation precision, as expressed in terms of relative
variance reductions:

TABLE 6. Results of the estimation using the optimized sampling method
on a uniformly-irradiated simulated module.

• String 0: the variance was reduced by 19.1% for Iph,
14.0% for log(I0), 15.1% for n, 6.4% for Rs, and 53.7%
for Rsh.

• String 1: the variance was reduced by 18.8% for Iph,
14.5% for log(I0), 14.6% for n, 6.6% for Rs, and 54.5%
for Rsh.

• String 2: the variance was reduced by 4.3% for Iph, 0.9%
for log(I0), 2.2% for n, 21.5% for Rs, and 44.9% for Rsh.

Finally, as observed under partial shading conditions, the
variances of the estimated parameters for the uniformly
irradiated PV module closely follow the corresponding
CRLB throughout the optimization process. This behaviour
confirms the statistical efficiency of the parameter estimation
procedure.

3) SENSITIVITY ANALYSIS TO THE INITIAL PARAMETER
ERROR
In the simulations presented throughout this work, the FIM
and the corresponding CRLB have been computed using
the known ground truth parameters. However, in practical
applications, the true parameters are not available, and
the FIM and CRLB must be evaluated using estimated
parameters, which are typically accurate to a certain degree
but still subject to uncertainty.
To evaluate the impact of this assumption, a dedicated

sensitivity analysis was carried out. Specifically, the effect
of variations in the initial parameter values on the resulting
CRLB was assessed. The true parameter set was systemati-
cally perturbed with relative offsets ranging from 0% to 10%.
For each offset level X ∈ {1%, 2%, . . . , 10%}, 1000 random
parameter sets were generated by drawing multiplicative
perturbations from a uniform distribution within the range
±X% for each parameter. For each of these perturbed sets,
the FIM and corresponding CRLB were recalculated.

The results are summarized in Figure 9, which presents
a series of boxplots, one for each offset level, illustrating
the statistical distribution of the CRLB for each parameter
across the 1000 repetitions. The results in the figure indicate
that the offset becomes significant only when the initial
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TABLE 7. Computational performance metrics of the optimization
algorithm.

parameter offset reaches approximately 4–5%. This threshold
is relatively high when compared with the accuracy of the
estimated parameters shown in Section III-D.
An example is shown in Section III-D1.

4) COMPUTATIONAL PERFORMANCE ANALYSIS
To assess the computational burden of the proposed optimiza-
tion framework, a systematic benchmarking experiment was
conducted. The optimization routinewas executed 1000 times
on a dedicated workstation equipped with an AMD Ryzen 7
5800X processor and 16 GB of DDR4 RAM, and the key
performance metrics were recorded.

In this context, the average execution time per run, the
variance of the execution time across trials, thememory usage
during execution, and the convergence rate of the algorithm
were determined. Table 7 summarizes the results.

The execution time remains consistent across runs, with
minimal variance, and the algorithm reliably converges in all
cases.

5) SENSITIVITY ANALYSIS TO MEASUREMENT NOISE LEVELS
The estimation framework proposed in this work assumes
known levels of measurement noise on both voltage and
current signals, derived from typical full-scale range (FSR)
specifications. While this assumption is common in the
literature, it is important to assess the robustness of the
method to variations in these noise levels.

To this end, a dedicated sensitivity analysis was carried
out by independently varying the variance of the current
and voltage measurements across 90 different levels. For
each variance level, the parameter estimation process was
repeated, and the empirical variance of the estimated
parameters was recorded. This allowed us to quantify how
uncertainty in the measurements propagates through the
optimization process and impacts the estimation accuracy.

Figure 10 shows the effect of increasing current noise
variance on the estimation accuracy of each parameter.
Similarly, Figure 11 illustrates the corresponding results for
varying voltage noise levels. In both figures, the red marker
indicates the noise variances used throughout the rest of the
simulation results.

The results confirm that the method remains stable under a
wide range of uncertainty levels, showing a smooth increase
in parameter variance as a function of measurement noise.

6) STATISTICAL RELIABILITY OF PARAMETER ESTIMATES
To assess the variability and robustness of the estimated
parameters under experimental conditions, the statistical dis-

tribution of the estimated values across multiple acquisitions
is reported. Boxplots are presented to visualize the dispersion
and central tendency of the five model parameters for each
string, under both uniform and partial irradiance conditions.

Figure 12 shows the results obtained from the uniformly
irradiated module. In this case, the parameter estimates
exhibit tight clustering and consistent medians across all
strings, reflecting the electrical uniformity expected under
steady and homogeneous irradiance.

Figure 13 presents the same analysis for the partially
shaded module. Greater variability is observed in all five
parameters, especially in the photogenerated current Iph,
which varies significantly between strings due to the non-
uniform irradiance. Similar trends are visible in the ideality
factor n and the series resistance Rs, consistent with the
altered electrical operating points imposed by shading.

D. EXPERIMENTAL VALIDATION
On-site conditions, the I–V characteristics of a PV module
can typically be measured using either an electronic load or a
capacitive load. Each technique presents specific advantages
and is suitable for different operational contexts. The
capacitive method involves charging a capacitor through the
PV module, thereby enabling the extraction of the I–V curve
in a rapid manner. This approach is particularly well-suited
for preliminary diagnostic assessments, as it permits the
acquisition of a high number of samples within a short time
interval. Moreover, it can be effectively employed under both
full irradiance and partial shading conditions. In the present
study, the capacitive method was used to preliminarily verify
the operational integrity of the PV module under various
irradiance conditions.

However, it is important to note that the method proposed
in this work for parameter estimation requires the use of an
electronic load. Unlike the capacitive method, the electronic
load allows for precise control over the operating point by
directly imposing the current, a fundamental requirement
for the current sample optimization strategy described in
Algorithm 1.

The proposed method was experimentally tested on five
different commercial PV modules, including:

• AQcells Q.PEAKDUOM-G11 410module (monocrys-
talline silicon),

• An LG370Q1C-V5 module affected by physical defects
(back contact),

• A SANYO HIP 230HDE1 module (heterojunction with
intrinsic thin layer),

• A JA Solar JAP60S01-280/SC module (polycrystalline
silicon),

• A HT-SAAE HT54-18XN-435 module (Tunnel oxide
passivated contact (TOPCon)).

Table 8 summarizes the main electrical characteristics at
STC for the tested modules.

The scheme of the measurement system is indicated in
Figure 14.
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FIGURE 9. CRLB sensitivity analysis under parameter perturbations. Each boxplot shows the distribution of CRLB values obtained from
1000 perturbed parameter sets at a given offset level (0–10%).

TABLE 8. Specifications at STC for the tested PV modules.

The following devices were used to test the PV module:
• The HH PLA 812 Electronic Load functions both as
a DC load and as a measuring device for current and
voltage. Table 9 presents the uncertainty of the electronic
load. As the electronic load is a precise high-end
laboratory instrument, the manufacturer supplies a
detailed datasheet, which includes both the reading
uncertainty (1read) and the uncertainty at FSR (1FSR).
However, since commercial datasheets typically provide

only the FSR uncertainty, this paper assumes a constant
variance, equal to the uncertainty calculated at FSR for
all readings.

• A Pt100 surface probe to measure the cell temperature
of the PV module.

• A reference solar cell to measure the solar irradiance.
• An NI-9219 universal analogue input module for
logging temperature and irradiance data.

• An NI-cDAQ-9174 chassis for data acquisition.
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FIGURE 10. Estimation variance of each parameter as a function of current measurement variance. Red markers indicate the value used in other
simulations.

• A laptop running LabVIEW software, which controls all
components and logs the data.

The proposed method has also been validated on a real
PV module operating under natural sunlight. The procedure
followed is identical to that described in Algorithm 1, the
key difference being that the noisy I–V measurements were
obtained from actual experimental data. It is important to note
that, since the PV module is a real system, the true parameter
values are not known. Therefore, the estimated parameters

are used to compute the FIM and the CRLB. The number of
points considered is 50 and the reason for using this number
is explained in Section IV.

1) QCELLS Q.PEAK DUO M-G11 410 MODULE
Environmental Conditions:

• Partial shading: Tc = 40.22◦C, G = 986.3 W/m2

• Uniform irradiance: Tc = 41.37◦CC, G =

1001.6 W/m2
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FIGURE 11. Estimation variance of each parameter as a function of voltage measurement variance. Red markers indicate the value used in other
simulations.

TABLE 9. Electrical characteristics of the measurement system.

The specific shading pattern used for the Q.PEAK DUO
M-G11 410 module is shown in Figure 15. Two vertical
regions of the panel weremasked to simulate realistic shading

scenarios across different substrings. This physical setup was
used to replicate the intended irradiance profile during the test
campaign.

Figure 16 shows the I–V characteristics gathered during
the experimental validation under partially shaded conditions.
The blue dots show the preliminary measurements obtained
with the capacitive load technique. The orange marks show
the I–V curve points measured by the electronic load by
uniformly covering the entire current range. The green marks
show the optimally selected current samples. Table 10 shows
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FIGURE 12. Boxplots of estimated parameters for each strings of the uniformly irradiated QCells module.

TABLE 10. Current and voltage points as percentages of Isc and Voc
under partial shading using the optimized sampling method. The MPP is
highlighted.

the selected current and voltage sample points as a percentage
of Isc andVoc, respectively. The table also highlights theMPP,
providing manufacturers and PV plants operators a tool to
better track the MPP of PV modules under partial shading.

Table 11 and Table 12 report the estimated model
parameters using the uniform sampling method and the
D-optimal current sampling method respectively. The opti-
mization procedure was applied to improve the accuracy
of the parameter identification process in the presence of
non-uniform irradiance, where the model identifiability is
intrinsically more challenging.

The reduction of the variance and its close correlation to
the CRLB, reinforce the value of the proposed D-optimal
sampling method in conditions where irradiance is spatially
non-uniform and model identifiability is intrinsically more
challenging.

Figure 17 shows the I–V characteristics gathered during
the experimental validation under fully irradiated conditions.
The blue dots correspond to the preliminary I–V curve points
measured using the capacitive load technique. The orange
marks represent the current samples obtained by imposing
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FIGURE 13. Boxplots of estimated parameters for each strings of the partially shaded QCells module.

FIGURE 14. Scheme of the measurement system.

a uniformly spaced current sampling strategy through an
electronic load. The green marks highlight the points selected

FIGURE 15. Partial shading configuration applied to the Q.PEAK DUO
M-G11 410 module during the experimental validation.

by the D-optimal current sampling method. Table 13 shows
the selected current and voltage sample points as a percentage
of Isc and Voc respectively. The table also highlights the MPP,
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FIGURE 16. Measured I–V curves under partial shading conditions
(Q.PEAK DUO M-G11 410 Module).

TABLE 11. Results of the estimation using the uniform sampling method
on the partially shaded module.

TABLE 12. Results of the estimation using the optimized sampling
method on the partially shaded module.

providing manufacturers and PV plants operators a tool to
better track the MPP of PV modules under partial shading.

Table 14 and Table 15 summarize the results of the
parameter estimation procedure using the uniform sampling
strategy and the optimized sampling strategy, respectively,
in the case of a uniformly irradiated module. For the module

TABLE 13. Current and voltage points as percentages of Isc and Voc
under uniform irradiation using the optimized sampling method. The MPP
is highlighted.

FIGURE 17. Measured I–V curves under fully irradiated
conditions(Q.PEAK DUO M-G11 410 Module).

under uniform irradiance and using the optimized sampling,
the CRLB values for string 0 reported in Table 15 are 6.23e-
07 A2 for Iph, 4.02e-02 for log(I0), 1.23e-04 for n, 7.00e-
12 for Rs�2, and 1.30e-05 for Rsh�2. Compared with the
largest values observed across the offset sweep performed in
Section III-C5 and shown in Figure 9 (up to ≈ 6e-04 A2, ≈
1e+02,≈ 4e-01,≈ 1e-06�2, and≈ 8e+00�2, respectively),
these values are lower by roughly three to five orders of
magnitude.

The consistency of the results obtained for the PV module
under uniform irradiance conditions highlights the robustness
of the D-optimal sampling strategy. The observed correlation
between the parameter variances and their respective CRLB,
throughout the optimization process, further confirms the
statistical efficiency of the estimation procedure on real,
uniformly irradiated PV modules.

2) LG370Q1C-V5 MODULE (DEFECTIVE)
Environmental Conditions:

• Partial shading: Tc = 47.16◦C, G = 782.9 W/m2

• Uniform irradiance: Tc = 46.76◦C, G =

786.9 W/m2

The LG370Q1C-V5 module tested in this study exhibits
manufacturing defects that were visually confirmed by
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TABLE 14. Results of the estimation using the uniform sampling method
on the QCells module under uniform irradiation.

TABLE 15. Results of the estimation using the optimized sampling
method on the uniformly irradiated QCells module.

FIGURE 18. Electroluminescence image of the LG370Q1C-V5 module
highlighting cell-level defects.

electroluminescence imaging. Figure 18 shows the electrolu-
minescence image of the module, highlighting regions with
inactive or degraded cells.

FIGURE 19. Photograph of the LG370Q1C-V5 module with applied
shading pattern used during partial shading tests.

FIGURE 20. Measured I–V curves under partial shading conditions
(LG370Q1C-V5).

During the experimental validation, partial shading was
applied to the module by intentionally covering two of
its three strings: one string was fully shaded, and another
was shaded approximately halfway along its length. This
configuration is depicted in Figure 19, which shows the
module layout and the position of the artificial shading.

The figure shows the actual image of the LG370Q1C-V5
module during the test, with the labelled ‘‘COVER’’ regions
clearly indicating the fully and partially shaded areas. This
visual support complements the earlier schematic by offering
a practical view of how the masking was applied to the
physical module surface.

Figure 20 shows the I–V characteristics gathered during
the experimental validation under partially shaded conditions.
The blue dots correspond to the preliminary measurements
acquired using the capacitive load method. The orange marks
indicate the uniformly distributed current samples measured
using the electronic load, and the green marks represent
the D-optimal current samples selected by the proposed
algorithm.
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TABLE 16. Current and voltage points as percentages of Isc and Voc
under partial shading using the optimized sampling method
(LG370Q1C-V5). The MPP is highlighted.

TABLE 17. Results of the estimation using the uniform sampling method
on the partially shaded LG370Q1C-V5 module.

Table 16 reports the selected current and voltage sample
points as a percentage of Isc and Voc, respectively. The
Maximum Power Point (MPP) is highlighted in the table,
providing a useful reference for PV plant operators to enhance
MPP tracking performance under mismatched conditions.

Table 17 and Table 18 report the results of the parameter
estimation performed using the uniform and optimized
sampling methods, respectively. As in the previous test
case, the optimization was applied to improve parameter
identifiability in a context where spatially variable irradiance
and module defects can significantly impair estimation
accuracy.

To complement the partial shading analysis, the LG370Q1C-
V5 module was also tested under uniform irradiance condi-
tions. This experiment allows for evaluating the parameter
estimation procedure in the presence of manufacturing
defects but without irradiance mismatch.

Figure 21 shows the measured I–V curve under uniform
irradiance. The blue dots represent the preliminary curve
obtained using the capacitive load method. The orange marks
correspond to a uniformly spaced current sampling pattern

TABLE 18. Results of the estimation using the optimized sampling
method on the partially shaded LG370Q1C-V5 module.

FIGURE 21. Measured I–V curves under uniform irradiance
(LG370Q1C-V5).

imposed via electronic load, while the green marks indicate
the D-optimal sample points selected by the proposed
algorithm.

Table 19 summarizes the selected current and voltage
sample points, expressed as percentages of Isc and Voc,
respectively. The Maximum Power Point (MPP) is also
highlighted to facilitate performance tracking under standard
conditions.

The results of the parameter estimation procedure under
uniform irradiance are reported in Table 20 and Table 21,
corresponding to the uniform and optimized sampling
methods, respectively.

3) SANYO HIP 230HDE1 MODULE (HIT TECHNOLOGY)
Environmental Conditions:
• Partial shading: Tc = 62.02◦C, G = 967.8 W/m2

• Uniform irradiance: Tc = 57.52◦C, G =

974.1 W/m2

The SANYO HIP 230HDE1 module, based on Hetero-
junction with Intrinsic Thin layer (HIT) technology, was
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TABLE 19. Current and voltage points as percentages of Isc and Voc
under uniform irradiation using the optimized sampling method
(LG370Q1C-V5). The MPP is highlighted.

TABLE 20. Results of the estimation using the uniform sampling method
on the LG370Q1C-V5 module under uniform irradiation.

experimentally tested under both uniform irradiance and
partial shading conditions.

In the partial shading test, the sub-module configuration of
the device plays a critical role. In particular, one of the three
series-connected strings is composed of a reduced number
of cells compared to the others. This structural characteristic
leads to a different electrical behaviour, which is clearly
reflected in the I–V curve acquired under shading.
Figure 22 displays the I–V measurements gathered under

partial shading using both the capacitive load and electronic
load methods. The blue dots represent the full-span curve

TABLE 21. Results of the estimation using the optimized sampling
method on the LG370Q1C-V5 module under uniform irradiation.

FIGURE 22. Measured I–V curves under partial shading conditions
(SANYO HIP 230HDE1).

measured with the capacitive load, the orange marks indicate
uniformly spaced current samples, and the green marks
denote the optimized sampling points computed by the D-
optimal algorithm.

Table 22 reports the current and voltage sample points
selected through optimization, expressed as percentages of
Isc and Voc. The Maximum Power Point (MPP) is also
highlighted.

Figure 23 shows the physical implementation of the
partial shading test applied to the SANYO HIP 230HDE1
module. The image clearly shows the regions that were
masked to simulate shading, allowing controlled application
of non-uniform irradiance across the sub-modules. This
visual evidence complements the electrical characterization
by confirming the precise geometry of the test.

Table 23 and Table 24 present the parameter estimates
obtained using the uniform and optimized sampling strate-
gies, respectively. The variance reduction confirms the
effectiveness of the D-optimal method even in the presence
of structural asymmetries in the module architecture.
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TABLE 22. Current and voltage points as percentages of Isc and Voc
under partial shading using the optimized sampling method (SANYO HIP
230HDE1). The MPP is highlighted.

FIGURE 23. Physical layout of the SANYO HIP 230HDE1 module under
partial shading conditions.

TABLE 23. Results of the estimation using the uniform sampling method
on the partially shaded SANYO HIP 230HDE1 module.

Figure 24 shows the results of the same module under
uniform irradiance conditions. The uniform and optimized

TABLE 24. Results of the estimation using the optimized sampling
method on the partially shaded SANYO HIP 230HDE1 module.

FIGURE 24. Measured I–V curves under uniform irradiance conditions
(SANYO HIP 230HDE1).

sampling patterns are highlighted over the full I–V curve. The
corresponding sampling percentages and MPP identification
are reported in Table 25.

Table 26 and Table 27 summarize the outcomes of the
parameter estimation under uniform irradiance conditions,
using the uniform sampling strategy and the D-optimal
sampling strategy, respectively.

4) JA SOLAR MODULE (POLYCRYSTALLINE–VOLTAGE
SAMPLING)
Environmental Conditions:

• Uniform irradiance: Tc = 44.85◦C, G =

991.0 W/m2

To investigate the feasibility of voltage-based sampling,
a polycrystalline silicon PV module from JA Solar was
experimentally tested under uniform irradiance conditions.
In this configuration, the voltage was imposed directly using
an electronic load, while the resulting current was recorded.
The D-optimal sampling procedure was adapted to operate
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TABLE 25. Current and voltage points as percentages of Isc and Voc
under uniform irradiation using the optimized sampling method (SANYO
HIP 230HDE1). The MPP is highlighted.

TABLE 26. Results of the estimation using the uniform sampling method
on the SANYO HIP 230HDE1 module under uniform irradiance.

in the voltage domain rather than current, and was executed
using the same information-theoretic framework.

Figure 25 shows the results of this experiment. The blue
line represents the full I–V curve measured using a capacitive
load. The orange dots correspond to the initial uniform
voltage distribution, while the red dots indicate the final
optimized voltage sample locations derived from the D-
optimal strategy.

TABLE 27. Results of the estimation using the optimized sampling
method on the SANYO HIP 230HDE1 module under uniform irradiance.

FIGURE 25. Measured I–V curve and optimized voltage sampling points
under uniform irradiance (JA Solar polycrystalline module).

As clearly shown, the optimized samples are concentrated
in areas of the I–V curve associated with high parameter
sensitivity, namely, the short-circuit region and the transition
zone following the elbow. This aligns with the results
observed in current-based sampling for uniformly irradiated
modules.

The present test on the JA Solar module demonstrates that
the D-optimal design methodology can be effectively adapted
to such setups, thus supporting its broader applicability.

Table 28 reports the selected voltage and corresponding
current samples, expressed as percentages of the open-circuit
voltage Voc and short-circuit current Isc, respectively. The
MPP region is also highlighted for reference.

This experimental validation confirms the applicability of
the D-optimal design methodology in the voltage domain.
For uniformly irradiated PV modules, where sub-module
mismatch is absent and all cells contribute equally to the
electrical output, voltage sampling can serve as an effective
and practical alternative to current sampling.
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TABLE 28. Voltage and current points as percentages of Voc and Isc under
uniform irradiation using the optimized sampling method (JA Solar). The
MPP is highlighted.

TABLE 29. Estimation results for the JA Solar polycrystalline module
under uniform irradiance using voltage-based sampling.

Moreover, this flexibility enables broader compatibility
with PV test systems where voltage control is easier or more
stable than current control, thus expanding the real-world
applicability of the proposed technique.

5) HT54-18XN-435 MODULE (MONOCRYSTALLINE
HALF-CUT CELLS)
Environmental Conditions:

• Partial shading: Tc = 48.23◦C, G = 919.6 W/m2

• Uniform irradiance: Tc = 47.63◦C, G =

924.7 W/m2

Figure 26 and Figure 27 show the measured I–V charac-
teristics under partial shading and uniform irradiance condi-
tions, respectively, for the HT54-18XN-435 module based on
monocrystalline half-cut cell technology. In both operating
scenarios, the D-optimal sampling strategy identifies the
most informative current values along the curve, ensuring
high-accuracy parameter estimation with a reduced number
of points. The physical configuration used to apply shading

FIGURE 26. Measured I–V curves under partial shading conditions
(HT54-18XN-435 module).

TABLE 30. Current and voltage points as percentages of Isc and Voc
under partial shading using the optimized sampling method
(HT54-18XN-435 module). The MPP is highlighted.

on the HT54-18XN-435 module is the one already shown in
Figure 3, where the masked areas are clearly visible.

IV. DETERMINATION OF NUMBER OF SELECTED POINTS
FOR I–V CURVE SWEEP
The previous results refer to a fixed number of current sample
points. To maximize the benefit of the proposed current
sampling selection method, it is crucial to determine an
appropriate number of voltage and current measurements that
balance the trade-off between computational efficiency and
estimation accuracy.
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TABLE 31. Results of the estimation using the uniform sampling method
on the partially shaded HT54-18XN-435 module.

TABLE 32. Results of the estimation using the optimized sampling
method on the partially shaded HT54-18XN-435 module.

FIGURE 27. Measured I–V curves under uniform irradiance conditions
(HT54-18XN-435 module).

It is important to note that the algorithm is fully
independent of the number of sampling points selected. Its
purpose is not to decide howmany points should bemeasured,
but rather to redistribute a user-defined number of points

TABLE 33. Current and voltage points as percentages of Isc and Voc
under uniform irradiance using the optimized sampling method
(HT54-18XN-435 module). The MPP is highlighted.

TABLE 34. Results of the estimation using the uniform sampling method
on the uniformly irradiated HT54-18XN-435 module.

along the I–V curve in a way that minimizes the determinant
of the CRLB. In doing so, the algorithm prioritizes regions of
the curve where the information gain is the highest, thereby
improving the accuracy of the parameter estimation.

The information content of the measurements is quantified
through the volume of the confidence ellipsoid derived
from the FIM, which is used as the optimization objective.
As shown in Figure 28, the elbow criterion is applied to
this volume, illustrating how the amount of information
increases with the number of samples, both before and after
optimization.

Based on this analysis, a total of 50 sampling points is
selected, corresponding to the threshold beyondwhich further
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TABLE 35. Results of the estimation using the optimized sampling
method on the uniformly irradiated HT54-18XN-435 module.

FIGURE 28. Volume of the confidence ellipsoid associated with the FIM
before and after optimization.

increases yield only marginal improvements in estimation
performance.

It is worth noting that the optimization procedure for
50 points requires approximately 14 seconds of computation
time on a standard personal computer equipped with an
AMD Ryzen 7 5800X processor and 16 GB of DDR4
RAM As such, while the method is well-suited for offline
analysis and characterization tasks, it is not yet compatible
with applications under strict real-time constraints, such as
high-speed Maximum Power Point (MPP) tracking updates.

V. CONCLUDING REMARKS
In this paper, a rigorous method for optimizing the selection
of current sample points for I–V curve measurements of PV
modules has been presented. The proposed approach lever-
ages the Fisher InformationMatrix to quantify the accuracy of
parameter estimates and reduces the overall variance through
optimizedmeasurements. The validity of themethod has been
confirmed through both numerical simulations and real-world
experiments. The proposedmethod demonstrates that reliable
estimation of the equivalent circuit parameters of a PV
module can be achieved from a measured I–V characteristic
using a relatively small number of sample points.

The experimental validation conducted on five commercial
PV modules, characterized by different technologies and
architectures, confirmed substantial improvements in param-

eter identifiability under both fully irradiated and partially
shaded conditions. One of the tested modules presented
visible defects, further demonstrating the applicability of
the method to degraded devices. Both current-based and
voltage-based sampling strategies were implemented. For
partially shaded modules, despite the increased estimation
uncertainty, the variance reductions remained significant,
spanning from 14.5% to 99.9%. In the case of fully irradiated
modules, the optimization process led to variance reductions
ranging from 88.0% to 99.9% across all parameters and
strings. These results highlight the robustness and effec-
tiveness of the proposed D-optimal sampling strategy in
reducing parameter uncertainty under real-world operating
conditions.

The proposed technique bridges the gap between the
use of the perturb-and-observe algorithm and the full-span
measurement of the I–V curve, by identifying the specific
points along the I–V curve that carry the most signifi-
cant information, making them optimal for measurement.
In particular, this analysis highlights that the most influential
regions of the I–V curve for PVmodule parameter estimation
are the short-circuit condition and the range immediately
following the elbow of the I–V curve. Such an approach can
be particularly useful to provide guidance on which parts
of the curve should be prioritized for accurate parameter
estimation.

The rationale behind the use of current-based sampling
throughout this work lies in its effectiveness under partial
shading conditions. In such scenarios, sub-modules within
the PV module experience different irradiance levels but are
electrically connected in series. As a result, all sub-modules
share the same current, which makes current sampling
essential to preserve the physical consistency of the measure-
ment. This approach enables the independent estimation of
parameters, CRLB, and optimal sampling strategies for each
sub-module, even when their conditions differ.

Conversely, in uniformly irradiated and healthy modules,
where all sub-modules are exposed to the same conditions
and expected to behave similarly, voltage-based sampling
is a viable and often more practical alternative. This is
particularly relevant when the measurement setup favours
voltage control over current control, as is common in many
laboratory and power plant environments.

In addition, the proposed method significantly enhances
the accuracy of PV module parameter estimation, which
is crucial for the operation and maintenance of PV plants.
By supplying precise and reliable parameters, it allows
operators to be immediately notified when faulty or degraded
modules are detected, allowing rapid action to be taken.
The suspect modules can then be subject to further testing
using thermography or electroluminescence, ensuring these
complementary techniques are usedmore efficiently and only
when needed. This integrated approach not only provides
significant support to plant diagnostics but also supports the
long-term operational performance of PV systems, offering a
robust framework for practical implementation.
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Despite its advantages, the proposedmethodology presents
some limitations. It is worth noting that the optimization
procedure for 50 points requires approximately 14 seconds of
computation time on a standard personal computer. As such,
the current implementation is more suitable for offline analy-
sis and is not yet compatible with applications that require
strict real-time constraints, such as high-speed Maximum
Power Point (MPP) Tracking. In this context, the evaluation
of the Fisher Information Matrix over multiple sampling
points may also be computationally demanding for embedded
platforms. To address this, future research may explore
surrogate modelling techniques, such as proper orthogonal
decomposition or Gaussian process regression, to accelerate
the design step and enable real-time applicability.

Moreover, the method assumes a known parametric model
structure and measurement noise distribution. While the
formulation remains valid for any analytically characterized
noise model, the current implementation relies upon the
Gaussian IID case and does not account for heavy-tailed
errors, sensor drift, or correlated noise. Robust estimation
techniques and change detection mechanisms may be inte-
grated in future versions to handle such deviations and
support recalibration under ageing-related effects like soiling
or micro-cracks.

The results of the analysis have been reported considering
the five-parameter single-diode equivalent circuit model.
While this choice ensures tractability and general applica-
bility, extending the D-optimal design framework to support
more sophisticated representations, such as two-diode or
degradation-aware models, would further improve its rele-
vance in diverse PV technologies. Such extensions could
include model selection mechanisms based on information-
theoretic criteria, allowing the identification of both optimal
sampling patterns and the most suitable model structure.
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