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A B S T R A C T

PVMSim is a MATLAB application for traceable parameter extraction of the double-diode photovoltaic model 

from measured current–voltage (I–V) curves. The software addresses a reproducibility gap in photovoltaic 

parameter-identification studies, where input provenance, run settings, and diagnostic evidence are often re­

ported inconsistently. It provides graphical and command-line execution modes for staged parameter extraction 

from measured I–V data using module definitions from a configuration library. Each run exports a structured 

package with configuration, logs, summaries, result files, and integrity hashes, enabling traceable reruns and 

controlled comparisons across datasets and computational settings. 
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1 . Motivation and significance

Physics-based photovoltaic (PV) device models remain essential 

when the goal extends beyond prediction to include parameter inter­

pretability and model-based diagnostics. Among compact models, the 

double-diode model (DDM) with series and shunt resistances is widely 

adopted because it accounts for recombination effects and improves 

current–voltage curve reproduction compared with simpler equivalents, 

at the cost of increased model complexity [1]. In practice, the main 

bottleneck is robust and reproducible parameter extraction from mea­

sured current–voltage (I–V) curves, since key model parameters are 

not directly measurable and are typically inferred by fitting the model 

to experimental I–V data [2]. The estimation problem is frequently 

challenging for optimization-based methods, which can be affected 

by multimodality, local minima, and sensitivity to initialization and 

user-defined algorithm settings [1–3]. As a result, reported parame­

ter sets and fit metrics can be difficult to reproduce across studies 

when experimental variability and configuration choices are not fully 

specified [4].

PVMSim (PV Modeling and Simulation) addresses this gap through 

an end-to-end workflow that standardizes DDM parameter-extraction 

experiments. Users load a measured I–V curve and module configura­

tion, execute staged optimization, and assess the fit using standardized 

metrics and diagnostics. Each run archives a machine-readable configu­

ration containing input paths, metadata, and run options; an execution 

log; numerical outputs; and SHA-256 checksums. This methodologi­

cal and infrastructural framework supports independent verification, 

controlled sensitivity analyses, and transparent comparisons across al­

gorithms, datasets, and computational settings.

Existing PV software ecosystems provide validated forward models 

and system-level simulation capabilities, including open-source libraries 

such as pvlib and its extensions [4,5], as well as performance-oriented 

frameworks such as SAM and PVSyst [6,7]. These tools are indispensable 

for PV performance modeling, yet they do not typically provide stan­

dardized, experiment-oriented workflows for DDM parameter extraction 

from heterogeneous measured I–V datasets. According to the extant liter­

ature, publicly available MATLAB implementations of artifact-complete 

DDM parameter-extraction workflows remain limited, particularly those 

that combine configuration snapshots, execution logs, integrity checks, 

and diagnostic evidence with both interactive and scriptable execution 

modes. This positioning is consistent with a recent energy-device soft­

ware publication that emphasizes source availability, documentation, 

validation, licensing, and reuse [8].

A complementary research line focuses on parameter extraction for 

diode-based models. Prior work commonly distinguishes between ana­

lytical, deterministic, and heuristic strategies for PV parameter identifi­

cation, with metaheuristic approaches widely adopted for DDM fitting 

under nonlinear and multimodal objectives [9]. Metaheuristic meth­

ods such as particle swarm optimization, differential evolution, genetic 

algorithms, and simulated annealing have been adopted to improve ro­

bustness, at the cost of additional hyperparameters and computational 

budget [1]. In this context, PVMSim provides a reproducibility-focused 

platform for auditable and comparable parameter-extraction studies on 

measured I–V curves.

2 . Software description

2.1 . DDM and optimization problem

PVMSim implements the DDM with series and shunt resistances 

(Fig. 1). The terminal current 𝐼  and voltage 𝑉  satisfy the Kirchhoff’s 

current law at the circuit terminals, as expressed by Eq. (1).

𝐼 = 𝐼ph − 𝐼𝐷1 − 𝐼𝐷2 − 𝐼sh (1)

where 𝐼ph is the photocurrent, 𝐼D1 and 𝐼D2 are the diode currents, and 

𝐼sh is the shunt current. Substituting the Shockley expressions for 𝐼𝐷1

-

+

Fig. 1. Equivalent circuit of the DDM implemented in PVMSim.

and 𝐼𝐷2 and the Ohmic term for 𝐼sh yields the implicit DDM relation as 

Eq. (2).

𝐼 = 𝐼ph − 𝐼01

[

exp
(

𝑉 + 𝐼𝑅s

𝑛1𝑉t

)

− 1
]

− 𝐼02

[

exp
(

𝑉 + 𝐼𝑅s

𝑛2𝑉t

)

− 1
]

−
𝑉 + 𝐼𝑅s

𝑅sh

(2)

where 𝐼01 and 𝐼02 are the reverse saturation currents, 𝑛1 and 𝑛2 are 

diode ideality factors, and 𝑅s and 𝑅sh are series and shunt resistances. 

The thermal voltage is determined by Eq. (3).

𝑉t =
𝑁s𝑘𝑇
𝑞

(3)

with 𝑁s the number of series-connected cells, 𝑘 the Boltzmann constant 

(1.3806 × 10−23 J/K), 𝑞 the elementary charge (1.6021 × 10−19 C), and 

𝑇  the absolute temperature associated with the fitted I–V curve, ex­

pressed in kelvin as 𝑇K = 𝑇◦C + 273.15. The measured-curve temperature 

is used when available; otherwise, the module reference temperature is 

adopted.

Given measured samples {(𝑉𝑖, 𝐼meas
𝑖 )}𝑁𝑖=1, PVMSim estimates the pa­

rameter vector 𝜽 =
[

𝐼ph, 𝐼01, 𝐼02, 𝑅s, 𝑅sh, 𝑛1, 𝑛2
]

 by minimizing the 

root mean square error (RMSE) of an implicit residual evaluated at the 

measured current by Eqs. (4)–(5).

𝑟𝑖(𝜽) ≜ 𝐼ph − 𝐼01

[

exp
(𝑉𝑖 + 𝐼meas

𝑖 𝑅s

𝑛1𝑉𝑡

)

−1
]

−𝐼02

[

exp
(𝑉𝑖 + 𝐼meas

𝑖 𝑅s

𝑛2𝑉𝑡

)

−1
]

−
𝑉𝑖 + 𝐼meas

𝑖 𝑅s

𝑅sh

− 𝐼meas
𝑖 (4)

RMSEobj(𝜽) =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
𝑟𝑖(𝜽)2, 𝜽⋆ = argmin

𝜽
RMSEobj(𝜽) (5)

RMSE𝐼 (𝜽⋆) =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

(

𝐼calc
𝑖 (𝜽⋆) − 𝐼meas

𝑖
)2

(6)

where 𝜽⋆ denotes the estimated optimal parameter vector. RMSEobj is 

the implicit-residual metric minimized during parameter extraction and 

avoids solving Eq. (2) at each objective evaluation. In contrast, RMSE𝐼
is a post-estimation current-fit metric computed from 𝐼calc

𝑖 , obtained by 

solving Eq. (2) using the Newton–Raphson method. Therefore, the two 

RMSE definitions are not interchangeable.

A common bounded search-space policy, informed by ranges pre­

viously adopted in PV parameter-extraction studies [2,3], was used 

throughout the optimization. Specifically, 𝐼01, 𝐼02 ∈ [10−12, 5 × 10−5] A, 

𝑅𝑠 ∈ [0, 0.8] Ω, 𝑅𝑠ℎ ∈ [5, 2 × 103] Ω, and 𝑛1, 𝑛2 ∈ [1, 2]. The ideality-

factor interval follows the usual physical range of 1–2 per junction [7], 

while the photocurrent was calculated from the complete measured 

I–V curve and constrained to 𝐼ph ∈ [0.9𝐼sc, 1.1𝐼sc] because the short-

circuit current provides a close approximation to the photocurrent [7]. 
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More generally, bounded diode-model estimation requires the definition 

of physically admissible parameter domains [10]. The strictly positive 

lower bounds for 𝐼01, 𝐼02, and 𝑅𝑠ℎ, the common upper bound for 𝑅𝑠, and 

the ±10% photocurrent interval are implementation choices intended to 

avoid degenerate solutions and maintain a single reproducible search 

policy across modules. This common policy was adopted to facilitate 

reproducible cross-case comparisons and to avoid case-specific bound 

tuning.

In addition to the residual-based objective metric RMSEobj, PVMSim 

reports complementary post-estimation metrics based on the calculated 

and measured responses. These include the current-fit root mean square 

error RMSE𝐼  defined by Eq. (6), the mean absolute error (MAE) de­

fined by Eq. (7), the integral absolute error (IAE), defined in Eq. (8) 

and numerically evaluated using the trapezoidal approximation, and the 

relative error at the maximum power point defined by Eq. (9).

MAE(𝜽⋆) = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

𝑋calc
𝑖 −𝑋meas

𝑖
|

|

|

(7)

IAE𝑋 (𝜽⋆) = ∫

𝑉𝑁

𝑉1

|

|

|

𝑋calc(𝑉 ) −𝑋meas(𝑉 )||
|

d𝑉

≈
𝑁−1
∑

𝑖=1

𝑉𝑖+1 − 𝑉𝑖
2

(

|𝑒𝑋,𝑖+1| + |𝑒𝑋,𝑖|
)

(8)

𝜀𝑃mpp
(%) = 100

|

|

|

𝑃 calc
mpp − 𝑃meas

mpp
|

|

|

𝑃meas
mpp

(9)

where 𝑒𝑋,𝑖 = 𝑋calc
𝑖 − 𝑋meas

𝑖 , and 𝑋 denotes either current or power. 

Accordingly, the current-based IAE has units of A V, whereas the power-

based IAE has units of W V.

2.2 . Software architecture

PVMSim follows a five-layer architecture (Fig. 2) that decouples in­

teraction, inputs, computation, evaluation, and export, while keeping 

the execution path identical for the GUI and a scriptable CLI entry point.

- Interaction layer: GUI and CLI entry points that dispatch runs 

to a shared pipeline and surface run outputs for inspection.

- Data & configuration layer: PV module data, measured I–V 

datasets, optional metadata, and run controls.

- Computation layer: input validation and preprocessing, DDM 

residual evaluation, and staged parameter extraction. The extrac­

tion problem is posed as a bounded optimization that minimizes 

the objective in Eq. (5). The estimation core follows a two-stage 

hybrid optimization scheme implemented as the RS7MSA rou­

tine, where RS7MSA denotes a Random Search and Simulated 

Annealing workflow for seven-parameter DDM extraction. In 

Stage 1, Random Search performs global exploration and rough 

parameter screening. In Stage 2, Simulated Annealing refines the 

best candidates through temperature-controlled local search.

- Evaluation & visualization layer: fit metrics and diagnostic ev­

idence derived from the run results. When simulated currents are 

required for operating-point comparisons, Eq. (2) is solved by the 

Newton–Raphson method.

- Export & reproducibility layer: standardized run artifacts (con­

figuration snapshots, logs, tabular summaries, MATLAB result 

files, and integrity hashes) written to structured output folders 

to enable traceable reruns and comparisons.

Both front ends call the same pipeline and produce the same stan­

dardized run artifacts without modifying the computational core. The 

staged parameter extraction workflow and its run artifacts are summa­

rized in Algorithm 1.

2.3 . Software functionalities

PVMSim provides the following core functionalities:

- PV module configuration management: PV module data are 

loaded from a configurable library (config/modules) using plain-

text .txt files with MATLAB-style assignments (e.g., Ns = 36;). 

The parsed values are mapped into a panel structure so that elec­

trical ratings and temperature-related parameters can be reused 

consistently across runs.

CLI entry point (run_main.m)

Scripted execution

Execute single or batch
Set seed
Run options

Standardized run artifacts
- checksums.sha256
- log.txt
- run_config.json
- run_results.mat
- run_summary.csv

Export

Read

Outputs

Diagnostics & MetricsDiagnostics & Metrics
Evaluation & Visualization Layer

Standardized run artifacts
- checksums.sha256
- log.txt
- run_config.json
- run_results.mat
- run_summary.csv

Outputs
Export & Reproducibility Layer

Modeling and Parameter Extraction Core

1. Preprocessing and Validation
(Shape checks, units, sorting, NaNs)

2. Double-diode model evaluation
(Forward terms/residual definition)

3. Staged optimization
- Stage 1: Random Search
- Stage 2: Simulated Annealing

Export

Write

Fit Metrics
(RMSE, MAE, key-point errors)
Residual trace
(Residual |Imeas-Icalc| vs V plot)
Convergence trace
(Best-so-far RMSE vs Niter plot)
Key points
(Pmpp, Voc, Vmpp, Isc, Impp)

Select PV module
Load I-V curve
Set options
Execute
Visualize

Configure
& Execute

PVMSim (App Designer) CLI entry point (run_main.m)
Execute single or batch
Set seed
Run options

Select PV module
Load I-V curve
Set options
Execute
Visualize

PVMSim (App Designer)
Interaction Layer

Module configuration
(config/modules)
Measured I-V curves
(data/iv)
Metadata
(G, T, ID, Timestamp)
Run options
(seed, Niter)

Inputs
Module configuration
(config/modules)
Measured I-V curves
(data/iv)
Metadata
(G, T, ID,TT Timestamp)
Run options
(seed, Niter)

Inputs
Data & Configuration Layer

Modeling and Parameter Extraction Core

1. Preprocessing and ValidationVV
(Shape checks, units, sorting, NaNs)

2. Double-diode model evaluation
(Forward terms/residual definition)

3. Staged optimization
- Stage 1: Random Search
- Stage 2: Simulated Annealing

Computation Layer

Fig. 2. Architecture of PVMSim. The GUI and CLI dispatch runs to a shared pipeline that produces standardized run artifacts for traceable reruns and comparisons. 

ID denotes the curve identifier, 𝐺 is the irradiance, 𝑇  is the temperature, and 𝑁iter is the maximum number of iterations. Key points are the maximum power 𝑃mpp, 

the open-circuit voltage 𝑉oc, the maximum-power voltage 𝑉mpp, the short-circuit current 𝐼sc, and the maximum-power current 𝐼mpp.
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Algorithm 1 PVMSim staged parameter-extraction workflow.

Require: Module data file, measured I–V file, optional metadata, and 

run options (seed and iteration budgets)

Ensure: Estimated parameters 𝜽⋆, fit metrics, diagnostics, and exported 

run artifacts

1: Load the PV module data from config/modules and parse the 

parameters into a panel structure

2: Load the measured I–V samples from data/iv and validate their 

format and ranges

3: Initialize the random number generator using the configured seed 

and record the effective seed

4: Stage 1 (Random Search): sample candidate parameter vectors; es­

timate 𝐼ph from the arithmetic mean over all measured samples and 

constrain it to [0.9𝐼sc, 1.1𝐼sc]; evaluate RMSEobj; and retain the top-𝐾
candidates

5: Stage 2 (Simulated Annealing): refine the top-𝐾 candidates using 

the same objective function and parameter bounds, and retain the 

best solution

6: Compute the post-estimation metrics and diagnostics

7: Export run_config.json, log.txt, CSV summaries, MATLAB re­

sults, and checksums.sha256
8: return 𝜽⋆ and the exported run artifacts

- Operating-point descriptors for case setup and assessment:

the key electrical points available from the datasheet or derived 

from the measured curve are organized, including 𝑃mpp, 𝑉oc, 

𝑉mpp, 𝐼mpp, 𝐼sc, fill factor (FF), and efficiency (𝜂) when available. 

These descriptors support consistency checks between the se­

lected module and the measured dataset, operating-point assess­

ment, and interpretation of the extracted model at characteristic 

PV conditions.

- Measured I–V dataset ingestion: measured I–V curves are im­

ported from plain-text .txt files (data/iv) containing voltage–

current pairs (V,I) and optional header metadata lines (e.g., % 
ID=, % G=, % T=, % Date=) used to label and organize experi­

ments.

- Staged parameter extraction for the DDM: the estimation core 

executes a staged workflow based on the RS7MSA routine under 

user-defined iteration budgets and a configurable random num­

ber generator seed, which initializes the pseudo-random sequence 

used by the stochastic search stages. The default seed is 42.

- Fit assessment outputs: each run reports objective and fit met­

rics (RMSE-based indicators) together with run-level summaries 

intended to support critical evaluation of the extracted model 

over the measured curve and key operating regions (short-circuit, 

open-circuit, and maximum-power regions).

- Reproducible run exports: each execution writes a timestamped 

run folder with a standard run package, enabling traceable reruns 

and independent verification. An automated smoke test, accessi­

ble through the GUI and CLI, runs the STM6-40/36 benchmark 

with seed 42 and verifies the expected RMSEobj, the required run 

artifacts, and the checksum entries.

3 . Illustrative examples

Detailed operational guidance for the present version is provided in 

the archived user manual available through Zenodo [11]. The work­

flow starts by selecting a PV module definition file and a measured I–V 

dataset, both provided as plain-text .txt files. Fig. 3 summarizes the GUI 

workflow views, which share a common interface scaffold across tabs, 

including the Menubar (No. 1) for File, Edit, Tools, and Help commands.

The tab row organizes the main workflow into Project and Data, 

Measured I–V Data, Algorithm, Plots & Metrics, and Batch Runs. The per­

sistent left-side workspace contains project and folder selection controls 

(No. 2), the datasheet-parameter table with status flags for missing or 

validated entries (No. 3), and the application-level run log for setup 

and interaction events (No. 4). This persistent area supports input con­

sistency checks before model execution and separates shared project 

configuration from the tab-specific analysis views.

Fig. 3(a) shows the Measured I–V Data tab. The graphical area (No. 5) 

displays the measured I–V response together with the associated P–V 

representation for initial inspection of the experimental input. Curve-

level metadata are then summarized in the selected-curve table (No. 6). 

The main operating-point descriptors are reported in the key electrical 

points table (No. 7). This layout enables verification that the selected 

dataset, operating conditions, and derived operating-point descriptors 

are consistent before starting parameter extraction.

Fig. 3(b) presents the Algorithm tab. The convergence and execu­

tion area (No. 8) displays the best-so-far RMSE versus iteration and 

provides the main run controls for the staged estimation routine. The 

configuration controls (No. 9) define the random seed, iteration bud­

get, axis-scaling option, and export or reset actions used to launch and 

inspect the run. The extracted-parameter table (No. 10) reports the esti­

mated vector 𝜽⋆ with units, while the algorithm log (No. 11) records the 

effective settings, execution events, and final fitting status. This layout 

supports traceable interpretation of each run under fixed computational 

conditions.

Fig. 3(c) illustrates the Plots & Metrics tab. The main comparison plots 

(No. 12) show measured and calculated I–V and P–V responses across 

the full operating range, while the residual plot (No. 13) supports identi­

fication of localized mismatch patterns and systematic bias. The metrics 

table (No. 14) reports current- and power-based fit indicators, includ­

ing RMSE, MAE, IAE, and the relative error at 𝑃mpp (Eqs. 5–9), enabling 

complementary graphical and numerical assessment of model adequacy.

Fig. 3(d) corresponds to the Batch Runs tab. The run-status table 

(No. 15) lists run-level outputs for repeated executions, including seed, 

objective RMSE, runtime, and completion status. The batch-summary 

panel (No. 16) aggregates dispersion statistics such as best, worst, mean, 

standard deviation, and average execution time per run. The execu­

tion controls (No. 17) define the number of runs, consecutive-seed 

mode, cancellation, and summary export. This tab extends single-run 

analysis toward systematic quantification of run-to-run variability and 

robustness under repeated optimization trials.

In the tabs that include plotting axes (Fig. 3a, No. 5; Fig. 3b, No. 8; 

Fig. 3c, No. 12 and 13), the graphics inherit MATLAB’s built-in axes in­

teractions. Through the native menu, plots can be copied to the clipboard 

and exported to common formats (e.g., PNG, PDF, and SVG), along with 

standard navigation options such as zoom, pan, and data inspection, 

supporting rapid figure reuse in reports and documentation.

3.1 . Comparison with published parameter extraction results

Table 1 reports RMSEobj statistics, defined in Eq. (5), for 21 inde­

pendent runs reported by Bakır [2] using a five-parameter PV model 

and 30 independent PVMSim runs using seeds 42–71. The table there­

fore compares residual-based fitting statistics on common benchmark 

datasets rather than identical model parameterizations. Each PVMSim 

run used 880,010 objective-function evaluations: 80,000 in Stage 1 and 

800,010 in Stage 2. Because the computational budgets differ, efficiency 

is not compared. Run artifacts and supplementary diagnostics support 

reproducibility, fitting assessment, convergence analysis, and run-to-

run variability. For direct current-fit assessment, PVMSim also reports 

RMSE𝐼 ; the corresponding 30-run statistics for each module are provided 

in the Supplementary Materials.

For Photowatt-PWP201, the negative current values near the high-

voltage end in Supplementary Figs. S7–S8 were retained from the 

published benchmark dataset. The corresponding negative power values 

follow from 𝑃𝑖 = 𝑉𝑖𝐼𝑖 and were preserved for comparability [3].

PVMSim reached comparable minimum RMSE values for STP6-

120/36 and STM6-40/36 relative to the strongest literature baselines, 
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Fig. 3. Graphical interface of PVMSim across the main workflow views: (a) project and data setup, measured I–V data visualization, and key electrical points; (b) 

staged parameter-extraction settings; (c) model validation and fit assessment; and (d) multi-run execution and summary statistics.

while maintaining low run-to-run dispersion under the 30-run pro­

tocol. For Photowatt-PWP201, PVMSim produced stable repeated-run 

behavior but higher RMSE than the best-performing published methods. 

PVMSim applied the same search-space policy to all three benchmark 

PV modules, whereas the comparison studies used module-specific 

parameter ranges [2,3]. This common policy was adopted to facilitate re­

producible cross-case comparisons and avoid case-specific bound tuning. 

Because the effect of alternative bounds was not isolated experimentally, 

the higher RMSE obtained for Photowatt-PWP201 cannot be attributed 

conclusively to the search-space policy.

3.2 . Limitations

The current version of PVMSim requires a MATLAB execution envi­

ronment. The present validation is based on benchmark I–V datasets; 

broader field measurements are required to assess PVMSim under non-

ideal operating and measurement conditions [12,13]. These findings 

also motivate careful specification of physically admissible bounds in 

bounded parameter estimation [10]. In addition, low fitting error does 

not necessarily imply parameter uniqueness or physical validity, while 

RS7MSA performance may depend on the random seed, evaluation 

budget, and parameter bounds. PVMSim records these settings and the 

corresponding run artifacts to support traceable reruns and controlled 

comparisons.

4 . Impact

PVMSim supports reproducible DDM parameter extraction from 

measured I–V curves by standardizing run configuration, execution, 

evaluation, and archival. This methodological framework facilitates 

benchmarking of optimization methods under common inputs and re­

porting conventions, including analyses of run-to-run variability, sensi­

tivity of extracted parameter sets to algorithm settings, and comparative 

assessment of alternative optimization strategies.

Existing DDM parameter-extraction studies frequently rely on cus­

tom scripts and study-specific reporting practices, which hinder direct 

comparison even when similar metrics and graphical diagnostics are 

used [2,3]. PVMSim addresses this limitation through a shared execution 

pipeline that integrates module configuration, dataset ingestion, staged 

optimization, metric reporting, batch processing, and standardized ar­

tifact export. The MATLAB application and CLI toolkit are distributed 

through a version-controlled repository containing source code, example 
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Table 1 

Summary statistics of RMSEobj (A) reported by Bakır [2] and computed with PVMSim.

PV Module Method Minimum Mean Maximum Std. Dev.

STP6-120/36 dFDB-LSHADE 1.621182E-02 1.621182E-02 1.621182E-02 2.409392E-16

NMPA 1.690965E-02 3.992353E-02 6.487523E-02 1.663914E-02

HO 5.924062E-02 4.665467E-01 1.413072E + 00 4.872211E-01

MPA 1.652519E-02 3.765048E-02 5.215434E-02 1.239230E-02

WO 2.275096E-02 4.658804E-02 5.347595E-02 8.848680E-03

EDO 1.621219E-02 1.831568E-02 2.272765E-02 1.488258E-03

MRFO 1.636772E-02 1.644778E-02 1.660994E-02 6.216908E-05

PVMSim (RS7MSA) 1.622450E-02 1.6705981E-02 1.788860E-02 6.453528E-04

STM6-40/36 dFDB-LSHADE 1.729813E-03 1.806862E-03 3.347834E-03 3.530810E-04

NMPA 2.774349E-03 6.547779E-03 1.393116E-02 3.441728E-03

HO 9.460250E-03 1.223769E-01 3.114239E-01 1.381055E-01

MPA 5.235363E-03 7.014880E-03 9.575224E-03 1.578341E-03

WO 2.754829E-03 5.359935E-03 7.994318E-03 1.485238E-03

EDO 1.820817E-03 2.277044E-03 3.089282E-03 2.878172E-04

MRFO 1.740955E-03 1.861272E-03 2.172230E-03 9.705280E-05

PVMSim (RS7MSA) 1.703262E-03 1.786472E-03 2.152704E-03 1.201977E-04

Photowatt-PWP201 dFDB-LSHADE 2.425074E-03 2.425074E-03 2.425074E-03 4.395094E-17

NMPA 2.916215E-03 6.951525E-03 1.454081E-02 3.911122E-03

HO 1.193079E-02 8.842807E-02 2.780153E-01 7.315842E-02

MPA 2.938104E-03 8.177273E-03 1.567910E-02 3.920409E-03

WO 2.894690E-03 7.500612E-03 9.443548E-03 1.905744E-03

EDO 2.526134E-03 3.134788E-03 4.150668E-03 3.729543E-04

MRFO 2.455927E-03 2.665693E-03 2.991614E-03 1.438556E-04

PVMSim (RS7MSA) 1.219914E-02 1.231293E-02 1.240668E-02 8.104750E-05

dFDB-LSHADE: dynamic fitness-distance balance LSHADE; NMPA: nonlinear marine predator algorithm; HO: hippopotamus optimiza­

tion; MPA: marine predator algorithm; WO: walrus optimizer; EDO: exponential distribution optimizer; MRFO: manta-ray foraging 

optimization.

datasets, and documentation, reducing the need for ad hoc implementa­

tions and supporting later inspection and replication.

Although developed primarily for academic research, PVMSim may 

also support field-oriented workflows in which measured I–V curves 

are used to investigate PV performance losses. Such studies commonly 

require standardized processing, including IEC 60891 correction to stan­

dard test conditions, to compare measurements acquired under different 

operating conditions [14]. Parameters inferred from I–V curves can 

contribute to the interpretation of long-term performance changes and 

module-to-module mismatch [15]. In this context, PVMSim provides 

traceable parameter extraction, diagnostic visualization, and standard­

ized run artifacts for validation-oriented analyses.

5 . Conclusions

PVMSim is a MATLAB application for traceable parameter extrac­

tion of the double-diode photovoltaic model from measured I–V curves. 

The software integrates data ingestion, staged optimization, fit assess­

ment, and standardized export of run artifacts into a shared workflow 

accessible through both GUI and CLI execution modes. This design 

supports controlled reruns, transparent inspection of run settings and 

outputs, and structured comparisons across datasets and computational 

configurations.

By packaging configuration snapshots, logs, numerical summaries, 

result files, and integrity hashes within each run, PVMSim provides 

a practical framework for reproducible DDM studies based on mea­

sured curves. The current version is suited for benchmarking optimiza­

tion workflows, assessing fitting consistency, and supporting traceable 

parameter-identification studies in photovoltaic research.
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