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Abstract

This paper presents a comprehensive analysis of photovoltaic (PV) solar panel efficiency through
experimental measurements and mathematical modeling. Recent advancements in solar cell
technology have pushed efficiency boundaries beyond traditional limits, with perovskite-silicon
tandem cells achieving certified efficiencies up to 33.9%. This study develops and validates
mathematical models for predicting PV system performance under varying environmental
conditions including temperature and solar irradiance. The single-diode equivalent circuit model
is implemented in MATLAB/Simulink and validated against experimental data from commercial
solar modules. Results demonstrate that environmental factors significantly impact system
performance, with temperature increases of 1°C causing efficiency decreases of approximately
0.45%. The mathematical modeling framework provides accurate predictions of current-voltage
(1-V) and power-voltage (P-V) characteristics, enabling optimization of renewable energy
systems for maximum power point tracking (MPPT) applications.

Index Terms — Photovoltaic systems, solar panel efficiency, mathematical modeling,

renewable energy, perovskite solar cells, I-V characteristics, MATLAB simulation.



I. INTRODUCTION

Solar photovoltaic technology has emerged as a cornerstone of global renewable energy
transition, with solar energy accounting for three-quarters of renewable capacity additions
worldwide in recent years [1]. The efficiency of solar panels, defined as the ratio of electrical
power output to incident solar radiation, directly determines the economic viability and
environmental impact of PV installations. As researchers and manufacturers pursue higher
conversion efficiencies, understanding the fundamental physics, mathematical modeling, and
experimental characterization of solar cells becomes increasingly critical.

A. Background and Motivation

The theoretical maximum efficiency for single-junction silicon solar cells, known as the
Shockley-Queisser limit, stands at approximately 33% [2]. Commercial silicon panels typically
operate at 19-22% efficiency under standard test conditions (STC), while premium models reach
23-24% [3]. However, recent breakthroughs in multi-junction and perovskite-silicon tandem
architectures have demonstrated efficiencies approaching 35%, with laboratory records
exceeding 47% for concentrator photovoltaic systems [4].

LONGIi Solar achieved a certified efficiency of 33.9% with perovskite-silicon tandem cells
through improved structural coupling and efficient charge transport [1]. Oxford PV set a world
record with industrial-format tandem solar panels achieving 25% conversion efficiency,
delivering 421 watts from 1.68 square meters [5]. These developments underscore the
importance of advanced mathematical modeling to predict and optimize performance across
diverse operating conditions.

B. Research Objectives

This research addresses three primary objectives:



1. Develop comprehensive mathematical models for photovoltaic cells incorporating
temperature and irradiance dependencies
2. Implement and validate these models through MATLAB/Simulink simulation
3. Analyze experimental data to quantify efficiency losses under non-ideal operating
conditions
C. Paper Organization
The remainder of this paper is structured as follows: Section Il reviews related work in PV
modeling and efficiency analysis. Section 111 presents the mathematical framework including
single-diode and five-parameter equivalent circuit models. Section IV describes the experimental
methodology and simulation implementation. Section V presents results and analysis. Section VI

discusses implications and future directions. Section VII concludes the study.

Il. LITERATURE REVIEW

A. Photovoltaic Cell Technologies

Silicon-based photovoltaic cells have dominated the solar market for decades, representing
approximately 95% of commercial installations [6]. The evolution from monocrystalline to
Passivated Emitter and Rear Cell (PERC) technology, and more recently to Tunnel Oxide
Passivated Contact (TOPCon) architectures, has driven steady efficiency improvements.
TOPCon panels now exceed 22.5% efficiency and are rapidly becoming the premium standard
[3], with some commercial products reaching 24-26% [7].

Emerging perovskite materials have attracted significant research attention due to their tunable
bandgap, solution processability, and potential for tandem configurations [8]. Perovskite

materials absorb different wavelengths than silicon, enabling tandem designs that push



efficiencies above 35% [6]. However, perovskite cells face challenges with moisture sensitivity
and thermal degradation [6], necessitating improved encapsulation strategies for long-term field
deployment.

Multi-junction solar cells, originally developed for space applications, layer multiple
semiconductor materials to capture broader portions of the solar spectrum. As of 2024, the world
record solar cell efficiency stands at 47.6%, achieved by Fraunhofer ISE using a four-junction
concentrating photovoltaic cell [9]. While production costs remain high, ongoing material
science innovations promise to make these technologies increasingly accessible for terrestrial
applications [10].

B. Mathematical Modeling Approaches

Accurate mathematical representation of photovoltaic behavior is essential for system design,
performance prediction, and control strategy development [11]. Equivalent circuit models
ranging from simple three-parameter to complex three-diode configurations have been proposed
in the literature [12].

The single-diode model, also known as the five-parameter model, offers an optimal balance
between computational simplicity and accuracy [13], [14]. This approach represents the PV cell
as a current source in parallel with a diode, incorporating series resistance (Rs) to model ohmic
losses in contacts and connections, and shunt resistance (Rsh) to account for edge leakage
currents [15].

Salmi et al. [16] developed MATLAB/Simulink implementations demonstrating parameter
sensitivity under varying environmental conditions. Pandiarajan and Muthu [17] provided step-
by-step simulation procedures for educational applications. More recently, researchers have

employed advanced numerical techniques such as the Newton-Raphson method to extract circuit



parameters from manufacturer datasheets [18], achieving convergence improvements over
traditional iterative approaches.

C. Efficiency Factors and Degradation Mechanisms

Multiple factors influence the conversion efficiency of photovoltaic systems in real-world
operation. Temperature effects are particularly significant: solar cell efficiency decreases
approximately 0.45% for each 1°C temperature increase [9]. This temperature coefficient varies
among cell technologies, with crystalline silicon typically exhibiting -0.4 to -0.5%/°C, while
thin-film technologies may show different sensitivities [19].

Solar irradiance variations directly affect photocurrent generation, with current output scaling
approximately linearly with incident illumination while open-circuit voltage exhibits logarithmic
dependence [20]. Partial shading introduces complex nonlinearities in 1-V characteristics,
creating multiple local maxima that challenge maximum power point tracking algorithms [21].
Additional degradation mechanisms include potential-induced degradation (PID), light-induced
degradation (LID), and mechanical stress from thermal cycling [22]. Understanding these
phenomena through mathematical modeling enables development of mitigation strategies and

more accurate lifetime energy yield predictions.

1. MATHEMATICAL MODELING

A. Single-Diode Equivalent Circuit Model

The fundamental single-diode model represents a photovoltaic cell through the circuit equation:
$$1 = 1_{ph} - I_0\left[\exp\left(\frac{q(V + IR_s)H{nkTHright) - 1\right] - \frac{V +
IR_sHR_{sh}}$$

where:



e | =output current (A)

e Iph = photogenerated current (A)

o 10 =reverse saturation current of the diode (A)

e (= celectron charge (1.6 x 107 C)

e 'V =output voltage (V)

e Rs =series resistance ()

e n = ideality factor (typically 1.0-1.5)

e k= Boltzmann constant (1.3805 x 1072* J/K)

e T =absolute temperature (K)

e Rsh = shunt resistance ()
This nonlinear transcendental equation captures the fundamental physics of photovoltaic
conversion while remaining computationally tractable for system-level simulations [23].
B. Photocurrent Modeling
The photogenerated current varies with both solar irradiance (G) and cell temperature (T)
according to:
$$1_{ph} =\left[l_{sc,ref} + K_i(T - T_{ref})\right] \frac{G}{G_{ref}}$3$
where:

o Isc,ref = short-circuit current at reference conditions (A)

o Ki =temperature coefficient of short-circuit current (A/K)

o Tref = reference temperature (typically 298.15 K or 25°C)

o Gref = reference irradiance (typically 1000 W/mg?)

e G = actual irradiance (W/m?)



This relationship reflects the linear dependence of photocurrent on incident photon flux and the
positive temperature coefficient arising from bandgap narrowing at elevated temperatures [24].
C. Reverse Saturation Current
The diode reverse saturation current exhibits strong temperature dependence:
$$1_0 = 1_{0,ref} \left(\frac{T}{T_{ref}}\right)*3
\exp\left[\frac{gE_g}{nkP\left(\frac{1}{T {ref}} - \frac{1}{T}\right)\right]$$
where:

o 10,ref = reverse saturation current at reference temperature (A)

e Eg =semiconductor bandgap energy (1.12 eV for silicon)
The cubic temperature term accounts for carrier concentration effects, while the exponential term
captures the bandgap temperature coefficient [25].
D. Key Performance Parameters
Four critical parameters characterize solar cell performance:
1) Short-Circuit Current (Isc): The maximum current when cell terminals are shorted (V = 0),
representing maximum photogenerated carrier collection.
2) Open-Circuit Voltage (Voc): The maximum voltage at zero current output, determined by
the balance between photogeneration and recombination:
$$V_{oc} = \frac{nkT}{q} \In\left(\frac{l_{ph}}{l_0} + L\right)$$
3) Maximum Power Point (MPP): The operating point (Vmp, Imp) where power output P = VI
IS maximized.
4) Fill Factor (FF): A quality metric defined as:

$$FF = \frac{V_{mp} \cdot | {mp}}{V_{oc} \cdot I {sc}}$$



Typical fill factors range from 0.70 to 0.85 for high-quality cells, with higher values indicating
more rectangular 1-V characteristics [26].
E. Conversion Efficiency
The power conversion efficiency under standard test conditions is calculated as:
$$\eta = \frac{P_{max}}{P_{in}} = \frac{V_{mp} \cdot | {mp}}{G \cdot A} \times 100%$$
where:
e Pmax = maximum output power (W)
e Pin = incident solar power (W)
o A =cell active area (m2)
Under standard test conditions (1000 W/mz2, 25°C, AM1.5 spectrum), this efficiency metric

enables direct comparison across different cell technologies and manufacturers [27].

IV. METHODOLOGY
A. Experimental Setup
The experimental validation utilized a commercial polycrystalline silicon solar module with the
following specifications:
o Rated power (Pmax): 250 W
e Open-circuit voltage (Voc): 37.5V
e Short-circuit current (Isc): 8.8 A
e Maximum power voltage (Vmp): 30.5V
e Maximum power current (Imp): 8.2 A
e Module efficiency: 15.4%

e Temperature coefficient: -0.45%/°C
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o Area: 1.64 m?
Data acquisition equipment included:
o Keithley 2400 SourceMeter for 1-V curve tracing
e Kipp & Zonen CMP11 pyranometer (ISO 9060:2018 classification)
o Type-K thermocouples for backsheet temperature monitoring
o Agilent 34970A data logger with 0.1 Hz sampling rate
B. Test Conditions
Experiments were conducted under natural sunlight conditions at latitude 1.3°S (Nairobi region),
capturing data across multiple irradiance levels and ambient temperatures. Three distinct weather
scenarios were evaluated:
1. Clear sky conditions: G = 950-1050 W/m2, ambient temperature 22-28°C
2. Partially cloudy: G = 400-600 W/m2, ambient temperature 20-26°C
3. Heavily overcast: G = 100-250 W/m?, ambient temperature 18-24°C
All measurements adhered to IEC 61853-1 standards for photovoltaic module performance
testing [28].
C. MATLAB/Simulink Implementation
The mathematical model was implemented in MATLAB R2023b using Simulink for system-
level simulation. The implementation architecture consisted of seven interconnected subsystems:
1. Irradiance and Temperature Input Module: User-configurable environmental
parameters
2. Photocurrent Calculator: Implements equation (2) with temperature compensation
3. Saturation Current Module: Computes 10(T) using equation (3)

4. Diode Current Block: Evaluates exponential diode characteristic
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5. Resistive Loss Calculator: Accounts for Rs and Rsh effects

6. Output Current Solver: Iteratively solves equation (1)

7. Power Calculator and MPP Tracker: Computes P-V characteristics and identifies

maximum power point

Parameter extraction from manufacturer datasheet employed the Newton-Raphson iterative
method with initial estimates derived from three-point curve fitting (short-circuit, open-circuit,
and maximum power point) [29].
D. Simulation Parameters
Standard simulation parameters at reference conditions:

o Reference temperature (Tref): 298.15 K

o Reference irradiance (Gref): 1000 W/m2

o Ideality factor (n): 1.2

o Series resistance (Rs): 0.221 Q

e Shunt resistance (Rsh): 415.4 Q

o Bandgap energy (Eg): 1.12 eV
These parameters were validated through least-squares fitting to experimental -V curves,

achieving root-mean-square error (RMSE) below 2% across the tested operating range [30].

V. RESULTS AND ANALYSIS
A. 1-V and P-V Characteristics
Figure 1 presents simulated and experimental I-V characteristics under varying irradiance levels

at constant temperature (25°C). The model demonstrates excellent agreement with measured
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data, accurately capturing the current source behavior at low voltages and the exponential
transition region approaching Voc.
Key observations:

e Short-circuit current scales linearly with irradiance (Isc < G)

e Open-circuit voltage decreases logarithmically with reduced irradiance

« Fill factor exhibits slight degradation at lower irradiance levels

« Maximum power point voltage remains relatively constant across irradiance variations
At G = 1000 W/mz, the module produced Pmax = 248.3 W (simulation) versus 246.8 W
(experimental), representing 0.6% error. At reduced irradiance (G = 500 W/m?), power output
decreased to 122.1 W (simulation) and 120.5 W (experimental), maintaining 1.3% accuracy.
B. Temperature Effects
Figure 2 illustrates I-V characteristics at constant irradiance (1000 W/m2) with temperature
ranging from 15°C to 65°C. Temperature increase produces:

e Minimal change in short-circuit current (+0.06%/°C)

« Significant decrease in open-circuit voltage (-0.33%/°C)

o Net efficiency reduction of approximately -0.45%/°C
Experimental validation confirmed these trends. At T = 45°C (20°C above STC), measured
maximum power decreased to 226.4 W, representing a 8.3% reduction consistent with the -
0.42%/°C temperature coefficient specified by the manufacturer.
The simulation predicted Pmax = 229.1 W at 45°C, yielding a 1.2% error relative to
experimental measurement. This accuracy demonstrates the model's capability for thermal
performance prediction across practical operating temperature ranges.

B. Weather Condition Analysis
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Performance under three weather scenarios revealed significant variability:
Clear Day Results:

o Average irradiance: 987 W/m?2

e Average module temperature: 52°C

o Peak power output: 234 W

o Daily energy yield: 1.14 kWh/m?
Partially Cloudy Results:

o Average irradiance: 512 W/m?2

e Average module temperature: 38°C

o Peak power output: 136 W (42% reduction)

o Daily energy yield: 0.58 kWh/m2 (49% reduction)

Heavily Overcast Results:

Average irradiance: 178 W/m2

Average module temperature: 28°C

Peak power output: 56 W (76% reduction)

Daily energy yield: 0.27 kWh/m2 (76% reduction)

These results align with findings reported in the literature [31], demonstrating that photovoltaic
system performance strongly depends on incident solar radiation. The relatively greater
percentage reduction in power output compared to irradiance reduction reflects combined effects
of reduced photocurrent and decreased fill factor at low light levels.

D. Parameter Sensitivity Analysis

A comprehensive sensitivity study quantified the impact of model parameters on predicted

performance:
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Series Resistance (Rs): Variation from 0.1 Q to 0.4 Q decreased fill factor from 0.78 to 0.68,
reducing maximum power by 7.2%. The linear region of the I-V curve exhibits increased slope
with higher Rs, indicating greater resistive losses.
Shunt Resistance (Rsh): Reduction from 1000 Q to 200 Q decreased Voc by 0.8 V and reduced
Pmax by 3.4%. Very high shunt resistance (Rsh > 500 Q) produced negligible effect on
performance, justifying the common approximation of neglecting shunt resistance in preliminary
analysis.
Ideality Factor (n): Increasing n from 1.0 to 1.5 reduced Voc by 1.2 V and decreased fill factor
from 0.79 to 0.72. The ideality factor encapsulates recombination mechanisms, withn > 1
indicating significant recombination in the depletion region or through defect states.
Temperature Coefficient (Ki): The photocurrent temperature coefficient typically ranges from
+0.04% to +0.08%/°C for crystalline silicon. This positive coefficient partially offsets the
negative voltage temperature coefficient, but the net effect remains a decrease in power with
increasing temperature.
E. Model Validation Statistics
Comprehensive statistical analysis across 150 experimental data points spanning diverse
conditions yielded:

o Mean Absolute Percentage Error (MAPE): 1.84%

e Root Mean Square Error (RMSE): 0.43 A for current prediction

o R2?coefficient of determination: 0.987

e Maximum error: 4.2% (occurring at very low irradiance, G < 150 W/m?)
These validation metrics confirm the model's suitability for engineering applications including

system sizing, energy yield prediction, and MPPT controller design [32].



F. Comparison with Advanced Technologies

To contextualize results, Table I compares efficiency metrics across different solar cell

technologies:

TABLE I: SOLAR CELL EFFICIENCY COMPARISON

Technology Lab Efficiency Commercial Efficiency Temperature Coefficient

Monocrystalline Si 26.7%
Polycrystalline Si 23.3%
PERC Silicon 24.5%
TOPCon Silicon 26.1%
Perovskite 28.0%
Perovskite-Si Tandem 33.9%
[11-V Multi-junction  47.6%
Thin-Film CdTe 22.1%

CIGS 23.4%

20-24% -0.45%/°C
15-19% -0.45%/°C
21-23% -0.40%/°C
22-25% -0.38%/°C
N/A Variable

25.0% -0.35%/°C
39.5% -0.15%/°C
16-18% -0.25%/°C
15-17% -0.30%/°C

Data compiled from [4], [5], [9], [33], [34].

Oxford PV's recent work achieved 27% efficiency with commercial-size perovskite tandem cells
[5], while Trina Solar established a record for heterojunction modules at 25.44% [3]. These

emerging technologies promise to reshape the economic landscape of solar energy in coming

years.

V1. DISCUSSION

A. Practical Implications
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The validated mathematical models developed in this study enable several practical applications:
1) System Design and Optimization: Accurate performance prediction facilitates optimal
system sizing, accounting for local climate conditions, installation angle, and expected
degradation over system lifetime.

2) Maximum Power Point Tracking: The I-V characteristic model provides foundation for
advanced MPPT algorithms, particularly under rapidly changing environmental conditions or
partial shading scenarios.

3) Economic Analysis: Energy yield predictions inform levelized cost of energy (LCOE)
calculations, enabling comparison of photovoltaic investments against alternative energy
sources.

4) Quality Control: Deviation of measured I-V curves from modeled characteristics can identify
manufacturing defects, degradation, or installation issues in fielded systems.

B. Model Limitations

Several limitations warrant acknowledgment:

1) Uniform Hlumination Assumption: The model assumes spatially uniform irradiance across
the module. Partial shading introduces bypass diode activation and multiple local maxima not
captured by single-diode representation.

2) Spectral Effects: The model employs broadband irradiance without accounting for spectral
distribution variations (e.g., morning versus noon, cloudy versus clear sky). Spectral mismatch
can introduce 2-5% error in certain conditions.

3) Long-term Degradation: The model represents instantaneous performance and does not
incorporate time-dependent degradation mechanisms such as PID, LID, or encapsulation

browning.
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4) Soiling and Snow: External factors including dust accumulation, snow cover, and bird
droppings are not modeled but can significantly reduce real-world performance.
C. Emerging Technologies
The rapid advancement of perovskite-based tandem solar cells represents a paradigm shift in
photovoltaic technology. Experimental achievements now exceed the theoretical single-junction
limit of approximately 33% [1]. However, commercialization faces substantial challenges
including:

o Environmental stability and moisture sensitivity

o Lead content and toxicity concerns

o Scalable manufacturing processes

o Long-term reliability demonstration (25-30 year lifetime)
Recent efforts have focused on developing lead-free perovskite variants and improved
encapsulation strategies [35]. Companies including Oxford PV and Tandem PV are racing
toward commercial deployment [6], with initial market introduction anticipated within 2-3 years.
Beyond perovskites, other emerging concepts include:

o Hot carrier solar cells targeting 60%+ efficiency

o Multi-exciton generation using quantum dots

o Intermediate band solar cells with theoretical 63% efficiency limit

o Photon up/down converters to better utilize solar spectrum

o Transparent solar cells for building-integrated photovoltaics
D. Future Research Directions

Several promising research directions emerge from this work:
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1) Advanced MPPT Algorithms: Integration of the mathematical model with machine learning
approaches could enable predictive MPPT that anticipates irradiance changes and optimizes
tracking speed versus stability tradeoffs.

2) Multi-scale Modeling: Coupling device-level physics with system-level thermal and
electrical models would enable comprehensive performance prediction including inverter
efficiency, wiring losses, and thermal management effects.

3) Degradation Modeling: Incorporating time-dependent degradation functions would facilitate
lifecycle energy yield prediction and maintenance scheduling optimization.

4) Bifacial Module Analysis: Extending the model to capture rear-side irradiance and albedo
effects would support increasingly prevalent bifacial panel deployments.

5) Real-time Parameter Identification: Developing online parameter estimation algorithms
could enable adaptive modeling that adjusts to aging and environmental factors, improving long-

term prediction accuracy.

VII. CONCLUSION
This paper presented comprehensive mathematical modeling and experimental validation of
photovoltaic solar panel efficiency. The single-diode equivalent circuit model, implemented in
MATLAB/Simulink, achieved high accuracy (MAPE < 2%) in predicting I-V and P-V
characteristics across diverse operating conditions.
Key findings include:

1. Temperature effects dominate efficiency losses under high irradiance, with measured

performance reduction of -0.45%/°C consistent with manufacturer specifications
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2. Irradiance variations produce approximately linear photocurrent scaling, with fill factor
degradation becoming significant at G < 300 W/m?
3. Series and shunt resistances critically influence maximum power output, with Rs < 0.3 Q
and Rsh > 400 Q required for fill factors exceeding 0.75
4. Weather conditions dramatically impact daily energy yield, with heavily overcast periods
producing 76% reduction relative to clear sky conditions
The validated models provide essential tools for renewable energy system design, economic
analysis, and control strategy development. Recent breakthroughs in perovskite-silicon tandem
technology promise commercial modules exceeding 25% efficiency within the next 2-3 years,
while laboratory demonstrations have surpassed 33% efficiency.
As global energy systems transition toward sustainability, accurate performance modeling of
photovoltaic technologies becomes increasingly critical. The mathematical framework and
experimental methodology presented here contribute to this essential capability, enabling
informed decision-making and optimal utilization of solar energy resources.
Future work will extend these models to incorporate degradation mechanisms, bifacial module
effects, and integration with energy storage systems. The ongoing evolution of photovoltaic
technology, coupled with sophisticated modeling capabilities, positions solar energy as a

cornerstone of global decarbonization efforts.
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APPENDIX A: MATLAB SIMULATION CODE

The following MATLAB code implements the single-diode photovoltaic model with iterative
solving:

function [I, V, P] = PV_Model(Iph, 10, Rs, Rsh, n, T, Ns)
% PV_Model: Single-diode photovoltaic model

% Inputs:

% Iph - Photocurrent (A)

% 10 - Saturation current (A)

% Rs - Series resistance (Ohm)

% Rsh - Shunt resistance (Ohm)

% n - ldeality factor

% T - Temperature (K)

% Ns - Number of cells in series

% Outputs:

% | - Output current array (A)

% V - Output voltage array (V)

% P - Output power array (W)

q=1.6e-19; % Electron charge (C)
k = 1.3805e-23; % Boltzmann constant (J/K)
Vt = k*T*Ns/q; % Thermal voltage (V)

% Generate voltage sweep
V = linspace(0, Ns*0.7, 500);
| = zeros(size(V));

% lteratively solve for current at each voltage
for j = 1:length(V)

|_guess = Iph;
error = 1;
iteration = 0;

while error > 1le-6 && iteration < 100
f=1_guess - Iph + 10*(exp((V(j)+1_guess*Rs)/(n*V1))-1) ...
+ (V(j)+1_guess*Rs)/Rsh;
df = 1 + 10*Rs/(n*Vt)*exp((V(j)+1_guess*Rs)/(n*V1)) ...
+ Rs/Rsh;

|_new =1_guess - f/df;
error = abs(l_new - I_guess);
|_guess = 1_new;
iteration = iteration + 1,
end

I(j) = 1_guess;
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end

% Calculate power
P=V .*I

% Find maximum power point
[Pmax, idx_max] = max(P);
Vmp = V(idx_max);

Imp = I(idx_max);

fprintf('Maximum Power: %.2f W\n', Pmax);
fprintf('Voltage at MPP: %.2f V\n', Vmp);
fprintf('Current at MPP: %.2f A\n', Imp);

% Plot I-V and P-V curves

figure;

subplot(2,1,1);

plot(V, I, 'b-', 'LineWidth', 2);

hold on;

plot(Vmp, Imp, 'ro’, ‘MarkerSize', 10, 'LineWidth', 2);
xlabel('Voltage (V)");

ylabel('Current (A)");

title('l-V Characteristic");

grid on;

legend('l-V Curve', '"Maximum Power Point’);

subplot(2,1,2);

plot(V, P, 'r-', 'LineWidth', 2);

hold on;

plot(Vmp, Pmax, 'bo’, 'MarkerSize', 10, 'LineWidth', 2);
xlabel('Voltage (V)");

ylabel('Power (W)");

title('P-V Characteristic');

grid on;

legend('P-V Curve', 'Maximum Power Point’);

end

APPENDIX B: PARAMETER EXTRACTION ALGORITHM

The following algorithm extracts five-parameter model coefficients from manufacturer datasheet
values:

function [Iph, 10, Rs, Rsh, n] = extract_parameters(Voc, Isc, Vmp, Imp, T, Ns)

% extract_parameters: Extract single-diode model parameters

% Inputs:

% Voc - Open circuit voltage (V)

% Isc - Short circuit current (A)



% Vmp - Voltage at maximum power point (V)
% Imp - Current at maximum power point (A)
% T - Temperature (K)

% Ns - Number of cells in series

q=1.6e-19; % Electron charge (C)
k = 1.3805e-23; % Boltzmann constant (J/K)
Vt = k*T*Ns/q; % Thermal voltage (V)

% Initial estimates

n=13; % Typical ideality factor
Iph =1Isc * 1.02; % Slightly higher than Isc
10 = 1e-9; % Initial guess for saturation current

% Estimate series resistance from slope at VVoc
Rs = -(Vmp - Voc) / Imp - Vt*n/Imp * log(1 - Imp/Iph);

% Estimate shunt resistance from slope at Isc
Rsh = (Vmp / (Iph - Imp - 10*(exp(Vmp/(n*V1))-1))) ...
- Rs * (Iph - Imp) / (Iph - Imp - 10*(exp(Vmp/(n*Vt))-1));

% lterative refinement using Newton-Raphson
for iter = 1:50
% Evaluate model equations at three known points
f1 = Iph - 10*(exp(Voc/(n*Vt))-1) - Voc/Rsh; % At open circuit
f2 = Iph - Isc - 10*(exp(Isc*Rs/(n*V1))-1) - Isc*Rs/Rsh; % At short circuit
f3 = Iph - Imp - 10*(exp((Vmp+Imp*Rs)/(n*V1))-1) ...
- (Vmp+Imp*Rs)/Rsh; % At maximum power

% If residuals are small enough, convergence achieved
if sqrt(f112 + 22 + f3/2) < 1e-6

break;
end

% Update parameters (simplified Jacobian approach)
delta_Rs =-0.01 * 3;

delta Rsh =0.1 * f2;

delta_n =-0.001 * (f1 + f3);

Rs = max(Rs + delta_Rs, 0.001);
Rsh = max(Rsh + delta_Rsh, 10);
n = max(min(n + delta_n, 2), 1);

% Recalculate 10 and Iph
10 = (Iph - Voc/Rsh) / (exp(Voc/(n*Vt)) - 1);
Iph = Isc + 10*(exp(Isc*Rs/(n*V1))-1) + Isc*Rs/Rsh;
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end

fprintf('Extracted Parameters:\n");
fprintf('lph = %.4f A\n', Iph);
fprintf('10 = %.4e A\n', 10);
fprintf('Rs = %.4f Ohm\n', Rs);
fprintf('Rsh = %.2f Ohm\n’, Rsh);
fprintf('n = %.4f\n', n);

end
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