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1.   INTRODUCTION 

Photovoltaic (PV) is promising technology for sustainable electricity generation [1, 2]. However, the PV modules 

have a non-linear output power characteristic that is highly dependent on irradiance and temperature [3]. In uniform 
illumination, the P–V curve has only one global maximum, and this can be followed quite easily with classical MPPT 
algorithms [4] like  P&O or Incremental Conductance [5]. On the other hand, PSC provokes various local maxima in P 

– V characteristics [6], and classical MPPT algorithms are easily led to be trapped by a local peak and oscillation around 
the non-global solution [7]. This problem has encouraged the evolution of smart and metaheuristic MPPT methods able 
to execute global optimization in changing conditions. To address these limitations, recent literature covers a range of 

families: nature-inspired metaheuristics – e.g., particle swarm optimization (PSO)  [7], genetic algorithms [8], ant colony 
[9], grey wolf [10], and differential evolution [11] that improve global exploration at the price of careful parameter tuning 

or computational cost; intelligent control – e.g., fuzzy logic [12], neural networks [13], and reinforcement learning [14]— 
offering adaptability in exchange for training data and potentially generalization risk; hybrids merging fast local trackers 
with global optimizers, to decrease settle time while increasing implementation complexity (see, for instance, [15-18]); 

modeling/signal-based methods−e.g., ripple-correlation control [19], chaos algorithm [20], withering or percentage-
ripple filters−less computationally demanding but sensitive to noise and circuit parameters; and architectural strategies 
such as array reconfiguration [21] or advanced converter control. Even though considerable progress has been made, we 

identify several challenges that are not yet resolved: an inefficient balance of exploration and exploitation in dynamic 
PSC; sensitivity to measurement noise; and limits on embedded resources. These limitations make it relevant to develop 

probabilistic and lightweight formulations that could guide towards finding the global MPP, with faster convergence, 
higher efficiency, and better stability. Figure 1 P–V characteristic of a PV module that illustrates how the power changes 
as a function of different voltages and indicates the maximum power point (MPP) where the system extends its highest 

output. 

ABSTRACT: The photovoltaic (PV) systems operate under Partial Shading Conditions (PSC), which severely 
degrade the PV system performance as number of local maxima appears in power-voltage (P-V) characteristic curve 
causing to generate the local maximum points in conventional control algorithms. Considering shading’s profound 

effect on energy production and system reliability, this paper recommends a new Maximum Power Point Tracking 
(MPPT) strategy based on the Wave Function Collapse (WFC) algorithm. The proposed approach adopts a 
probabilistic state-selection scheme, conducive to select the proper navigating steps in the search space for GMPP. 
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FIGURE 1 P-V curve of a solar panel showing the Maximum Power Poin t 

 

 Figure 2 shows the P–V curve of a photovoltaic array that is only partially shaded. It shows that there are multiple 
local maxima and points out the global MPP when the light is not uniform. 

 

FIGURE 2 The power-voltage (P-V) curve of a partially shaded photovoltaic array shows several local maxima and the 

global maximum power point 

 

Therefore, quantum-inspired optimization has attracted attention owing to its probabilistic behavior and its adaptive 
trade-off between exploration and exploitation [22-27]. Wave-function collapse (WFC) was first inspired by quantum 
mechanics [28-30]. The idea of wave function collapse explains how a system goes from being in a superposition of 

states to the experience of one definite state upon measurement [31]. Motivated by this framework, we propose the MPPT 
algorithm that draws its inspiration from the WFC algorithm [32-35], where each potential duty-cycle is represented as a 

discrete probabilistic state. Through introducing an adaptive compatibility matrix and dynamically updating and adjusting 
the probabilistic weights, the proposed strategy can have an extremely rapid global convergence while handling perfectly 
shading and noise changes.  Figure 3  illustrates the block diagram of a PV system directed to the sun using a DC–DC 

boost converter with an MPPT controller that regulates the boost converter to yield maximum power from a PV module. 
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FIGURE 3 A schematic diagram of a PV system with an MPPT controlling a DC–DC boost converter 

 

The essence of this work is to develop a MPPT method based on the WFC, which re-represents the problem as a 

novel discrete-state optimization in terms of probability. In contrast to traditional deterministic WFC techniques, the 
model in our approach is adjusted to adopt “adaptive” compatibility dynamics for modeling local interactions between 

potential duty cycle states that conceptually mimic constraint propagation in the basic WFC algorithm. This probabilistic 
approach allows the system to make smart decisions on exploration and exploitation, permitting fast adaptation to sudden 
irradiance variations while not compromising control stability in a steady-state sense. Furthermore, a noise-aware hold-

on mechanism and rate-based duty-cycle filtering is implemented for smooth control transitions and to mitigate 
oscillations near the GMPP. The proposed WFC-based MPPT approach is validated by a series of MATLAB/Simulink 
simulations under various partial shading conditions, and it is shown to achieve better speed of convergence, more 

accurate tracking capability, and higher overall performance efficiency than the conventional P&O and PSO methods.  
Figure 4 shows a block diagram of the WFC-based MPPT algorithm that describes how the power converter converges 

to track the GMPP by employing probabilistic duty-cycle selection.  
 

 

FIGURE 4 O verview of the WFC-inspired MPPT algorithm showing probabilistic duty-cycle selection toward the global 

maximum power point 
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2.   METHODOLOGY 

2.1  THEORETICAL BACKGROUND 

The WFC algorithm, based on procedural content generation, generates spatial patterns through probabilistically 
selecting states and enforcing shading constraints. A concept inspired by the principles of quantum mechanics, WFC is 
based on the concepts of superposition and collapse; an item in a system exists in all possible states at once, but, with 

repeated constraints, will eventually narrow down into one coherent pattern. Although its native form is based on spatial 
grids and a priori specified rules for tile adjacency, the fundamental idea can   be extended to optimization problems 
with discrete probabilistic states and local connectedness [30, 36-39]. This model can be transferred from the space 

domain back to its control domain of duty cycle (𝐷) in the proposed MPPT framework. 𝐷 is discretized into a finite set 

of 𝑛 bins (𝑏1,𝑏2 ,… ,𝑏𝑛), each corresponding to a possible point of operation. Just as in the superposition rule, the system 
possesses a probability distribution over these bins such that they correspond to how likely it  is for them to attain this 

global maximum power. The "collapse" (i.e., selection) is performed by determining the most likely state (bin) from 
measured photovoltaic power, and adaptive compatibility relationships among neighboring states. Mathematically, the 
probability weight (𝑤𝑖) in eq(1) associated with each bin (𝑏𝑖) is calculated as a mixture of factors: 

 

𝑤𝑖 = (1 − 𝛽)𝑝𝑖
norm + 𝛽𝐶𝑖,𝑗 + 𝜆𝑟𝑖 (1) 

Where, 𝑝𝑖
norm is the normalized exponential moving average of the power that was seen, 𝑟𝑖 is a rarity factor promoting 

exploration, and 𝐶𝑖,𝑗 is the term for adaptive compatibility, which is modelled by a adaptive Gaussian kernel [40, 41] in 

eq (2). 

𝐶𝑖𝑗 = exp (−
(𝑖 − 𝑗)2

2𝜎 2
) (2) 

Which dynamically controls the influence range (𝜎) between adjacent duty cycle states. This probabilistic model 
mimics the constraint propagation of WFC, by which decreasing likely solutions are successively eliminated until the 

system collapses to a unique dc value that is optimum in a deterministic manner for maximum power extraction. Not 
only are the static constraints of spatial WFC (in space), but also such a constraint is applied/prompted dynamically by 
real-time power measurement. This self-tuning duality adjustment makes the optimization robust against nonlinear PV 

properties.  Figure 5 Conceptual energy landscape representation of the WFC-inspired MPPT algorithm showing the 
relative probabilities of the system states and their stochastically imposed convergence e towards the global optimal 

power point.  

 

FIGURE 5 A conceptual energy landscape of the WFC -inspired MPPT algorithm, showing how states are likely to be 

distributed and how they all come together to find the best solution 
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2.2  MODIFIED MATHEMATICAL EQUATIONS INSPIRED   

The proposed WFC-MPPT algorithm interprets the PV power tracking problem as a probabilistic discrete-state 

optimization process, where each potential converter duty cycle represents a discrete bin treated like a quantum state in 
superposition. The algorithm repeatedly refines the probabilistic weights of such bins by using PV power observations, 
neighborhood cooperation, and adaptive statistical learning, with the selection of the most probable bin representing the 

collapse into a definitive control action. The process begins with Duty Cycle Discretization and State Representation, 

where the continuous duty cycle (𝐷 ∈ [0.05,0.95]) is discretized into 𝑛 equally spaced bins. The 𝑏𝑘 discretized duty-
cycle value used by the controller by eq (3) 

.(𝑏𝑘 = 0.05 +
0.90

𝑛−1
(𝑘 − 1) (3) 

Where 𝑘 = 1,2,… ,𝑛), each maintaining a power estimate (𝑝𝑘) updated recursively using an Exponential Moving 

Average (EMA) [42]: as shown in eq (4) and (5) 

𝑝𝑘(𝑡) = (1 − 𝛼)𝑝𝑘(𝑡 − 1) + 𝛼𝑃𝑡 , (4) 

Where 

𝑃𝑡 = 𝑉𝑝𝑣(𝑡) ∗ 𝐼𝑝𝑣(𝑡) (5) 

𝑃𝑡  Is the power that happens right away [43].  An Adaptive Compatibility Model is introduced through the 
compatibility matrix to imitate local interactions. 

𝐶𝑖𝑗 = exp (−
(𝑖 − 𝑗)2

2𝜎 2
) (2) 

Where 𝜎 controls transition smoothness and is dynamically tuned alongside the blending coefficient (𝛽) based on 

the logic described in Equation (6): 

 New 𝛽𝑘 = {
0.6 ⋅ 𝛽𝑘−1  if sustained power drop detected 

𝑚𝑖𝑛(0.75,𝛽𝑘−1 + 0.01)  otherwise 

 New 𝜎𝑘 = {
1.35 ⋅ 𝜎𝑘−1  if sustained power drop detected 

𝑚𝑎𝑥(2.0,𝜎𝑘−1 − 0.02)  otherwise 

 (6) 

The variable 𝜆 in the weight equation is the Rarity Weighting Coefficient. This is a constant hyperparameter that 

controls the influence of the exploration component, 𝜆𝑟𝑖, on the total bin weight 𝑤𝑖. Since the rarity factor r𝑖 is inversely 
proportional to the bin's visit count, a positive value for 𝜆 provides a direct incentive to explore less-visited regions of 
the duty cycle space, effectively balancing the algorithm's need to exploit known high-power areas (represented by p𝑖

norm 

and 𝐶𝑖,𝑗) with the critical requirement to search for the GMPP   under PSC. Where 𝑝𝑖
norm is the normalized power estimate, 

𝐶𝑖,𝑗 is the compatibility with the current bin (𝑗), and 𝑟𝑖 = 1/max(1,𝑣𝑖) is the rarity factor inversely proportional to the 

visit count (𝑣𝑖). The most probable bin (𝑖∗) is selected via eq (7) and eq (8). 

𝑖∗ = argmax
𝑖

 𝑤𝑖 (7) 

Retain the current bin 𝑗 when 

𝑤𝑖∗ − 𝑤𝑗 < 𝜂 (8) 

To prevent unnecessary switching. For Output Filtering and Stability Enhancement, a rate-limited low-pass filter is 
applied to the target duty cycle. The final output duty cycle is smoothed using a rate-limited low-pass filter to maintain 

converter stability, following the steps in Equation (9) 

(𝐷target = 𝑏𝑖∗): 

𝐷(𝑡) = (1 − 𝛾)𝐷prev + 𝛾𝐷target,

Δ𝐷(𝑡) = clip(𝐷̂(𝑡) − 𝐷prev,−𝑑max ,𝑑max),

𝐷(𝑡) = 𝐷prev + Δ𝐷(𝑡),

 
(9) 
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finally, to adapt to varying levels of measurement uncertainty, the algorithm determines the appropriate holding 
duration by calculating the noise level as expressed in Equations (10) and (11) Where 𝑑max limits the rate of change. 

Furthermore, a noise-aware holding mechanism adjusts the holding time: 

Hold Steps = round(𝐻0(1 + 0.8 ⋅ NoiseLevel)) (10) 

Where 

Noise Level = 𝐴𝑡/(𝑀𝑡 + 𝜖) (11) 

reflects measurement uncertainty. The Algorithmic Flow involves initializing parameters, measuring power, 
updating statistics (including EMA and visit counts), adapting 𝛽 and 𝜎, computing weights, s selecting 𝑖∗, p filtering, and 

holding the duty cycle for an adaptive duration. Given that all updates are algebraic and operate on fixed-size arrays (𝑛 ≈
15 − 25). 

 
2.3  IMPLEMENTATION FEASIBILITY AND PARAMETER DEFINITIONS  

the Computational Efficiency is high, making the WFC-MPPT suitable for real-time embedded implementation 
without relying on gradient estimation or stochastic search.   Table 1 describes the symbols and variables used throughout 
the proposed algorithm, providing clear definitions and parameter meanings to facilitate understanding of the  

mathematical formulation and implementation process.  
 

Table 1 Description of Symbols and Variables Used in the Algorithm 

Symbol Definition Unit / Range 

𝑉pv,𝐼pv Measured PV voltage and current V, A 

Voc voltage open circuit  49.5V 

Isc Current short circuit  8.6A 

𝑃𝑡  Instantaneous PV power (𝑃𝑡 = 𝑉pv𝐼pv) W 

𝑝𝑖 
Exponential moving average of power for 

bin 𝑖 
W 

𝑏𝑖 Discretized duty cycle value (bin center) [0.05–0.95] 

𝐶𝑖𝑗 
Compatibility coefficient between bins 𝑖 

and 𝑗 
[0–1] 

𝜎 Gaussian width of compatibility function — 

𝛽 
Weighting factor between power and 

compatibility 
[0–1] 

𝑤𝑖 Total probabilistic weight of bin 𝑖 — 

𝑟𝑖 Rarity factor (inverse of visit count) — 

𝑣𝑖 Visit count for bin 𝑖 Integer 

𝑖∗ Index of selected (collapsed) bin Integer (1– 𝑛) 

𝐷𝑡  Actual converter duty cycle at time 𝑡 — 

𝑀𝑡  Maximum observed power W 

𝐴𝑡  
Exponential moving average of absolute 

deviation (noise level) 
W 

Hold Steps 
Number of control steps during the holding 

phase 
Integer 

𝑑max 
Maximum allowed rate of duty cycle 

change 
— 

𝛾 Low-pass filter constant [0–1] 

ϵ 
Small positive constant to prevent division 

by zero 
≈10−6 (dimensionless) 
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Symbol Definition Unit / Range 

𝐻0 Nominal or base holding period 
Number of control iterations (samples) used as a 

baseline for adaptive hold duration 

 
The proposed WFC-MPPT controller discretizes the duty-cycle into bins and maintains exponentially smoothed 

power estimates per bin. A neighborhood-compatibility prior and a rarity term balance exploitation of high-power regions 
with exploration of unvisited ones under partial shading. The output is constrained by a first-order low-pass with a 

symmetric rate limit, and an adaptive hold time proportional to the observed noise level. The flowchart in Figure 6    
summarizes the control loop: sensing and early hold check, statistical update and drop detection, WFC weight 
computation and stay/move decision, then duty adjustment and output. 

 

Start

Initialization

Input sensing 
(Vpv, Ipv   
P) & Fitness 
evaluation

Statistics 
update (EMA, 

counts)

Drop 
detection / 

Stability 
check

Weight 
computation 
(WFC logic)

Return D 
(Output)

Duty 
adjustment 
(rate limit & 

LP filter)

no
Hold phase 

check

Decision: Stay 
or Move

Adaptive hold 
& State 
update

yes

 
FIGURE 6 Flowchart of the Proposed WFC -MPPT Control Loop 

 

The following pseudocode distills the WFC-MPPT procedure into its core computational steps. State variables (per-
bin EMAs, visit counts, compatibility prior, and output filter states) are initialized once and updated each sampling 

instant. At each iteration, measured power updates statistics; if the hold timer is active, the controller filters the current 
bin and returns early. Otherwise, WFC weights are formed (exploitation + neighborhood prior + rarity), a new bin is 

selected with minimum-jump logic, the duty is rate-limited, and the adaptive hold is refreshed. 

 
Pseudocode of the Proposed WFC-Inspired MPPT Algorithm 

% init 
B = linspace(0.05,0.95,n); idx = ceil(n/2); 
Pema = zeros(n,1); visits = zeros(n,1); Pmax = 0; 

Dout = B(idx); hold = 0; G = gaussCompat(n, σ); 
 

while sampling 
  P = Vpv*Ipv; P = min(P, 1.5*max(Pmax, eps)); 
  Pema(idx) = (1-α)*Pema(idx) + α*P; visits(idx)=visits(idx)+1; Pmax = max(Pmax,P); 

  if hold>0, D = rate_limit(Dout,B(idx),γ,dmax); Dout=D; hold=hold-1; continue; end 
 
  pN = normalize(Pema); Pri = G(:,idx); Rar = normalize(1./max(1,visits)); 

  w = (1-β)*pN + β*Pri + ε*Rar; w(idx) = 1.02*w(idx); 
 
  k = argmax(w); if w(k)-w(idx) < δ, k = idx; end 

  idx = clamp(k,1,n); Dtar = B(idx); 
  D = rate_limit(Dout, Dtar, γ, dmax); Dout = D; 

 
  noise = EMA(abs(P - Pema(idx))) / (Pmax + ϵ); 
  hold  = round(H * (1 + 0.8 * min(1, noise))); 

end 
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2.4  COMPARATIVE ANALYSIS OF ALGORITHMIC HEURISTICS AND CONTROL LOGIC 

To clarify the intuition behind this proposed method, we briefly compare it to the foundational ideas of PSO. The 

comparison is conceptual rather than algorithmic equivalence. Both approaches evaluate performance using power, 
maintain notions akin to local and global reference quality, exploit neighborhood structure to bias moves toward 
promising regions, and limit the level of alteration of the control signal to avoid abrupt jumps. However, classic PSO is 

a batch, multi-agent optimizer operating in a continuous space with stochastic velocity–position updates and an explicit 
convergence test, whereas this proposed controller is a single-agent, online tracker on a discrete duty grid. It replaces 

PSO’s random velocity rule with a deterministic weighting of normalized power, neighborhood prior, and rarity, followed 
by temporal filtering and a slew-rate limit. It also adapts dwell time and neighborhood breadth based on measured noise 
and sustained power drops. Thus, PSO serves as a familiar conceptual baseline (exploration vs. exploitation and 

neighborhood influence), while the proposed method is a streaming control heuristic tailored to MPPT and real-time 
operation, as shown in Table 2. 

 
Table 2 Side-by-Side Comparison of Classic PSO-MPPT and WFC-MPPT 

Aspect Classic PSO-MPPT WFC-MPPT 

Population Multiple particles (swarm) Single active index moving on a fixed duty grid (“bins”) 

Search space Continuous Discrete, predefined duty points 

Initialization PSO parameters 
Grids and statistics (power estimates per bin, neighbor-

compatibility matrix, output filter, rate limit) 

Fitness evaluation Per particle, each iteration 
Instantaneous power (V·I) at the current bin only, with 

simple outlier rejection 

Local best (Pbest) Tracked for each particle 
Exponentially smoothed power at the current bin (per-bin 

moving estimate) 
Global best 

(Gbest) 
Best across all particles Maximum power observed over time 

“All particles 
evaluated?” 

Yes—loop over the swarm No—online update of one bin per call 

State update 
PSO velocity/position 

equations with stochastic 

terms 

Deterministic selection by weights combining normalized 
power, neighborhood prior, and rarity; then low-pass + rate-

limited change to duty 
Neighborhood 

topology 
Optional (global or local best) 

Explicit compatibility matrix that biases moves toward 
neighbors; parameters adapt over time 

Exploration vs. 
exploitation 

Inertia and random 
coefficients 

Rarity bonus, and adaptive “expand neighborhood” when 
power drops persistently 

Output smoothing Not inherent to PSO 
Built-in temporal filtering and maximum step size for duty 

changes 

Convergence test Explicit stopping criterion 
None; continuous operation with adaptive holding time based 

on noise 

 

3.   MATLAB SIMULATION 

The proposed WFC-based MPPT algorithm was modeled and tested in MATLAB/Simulink to support its 
effectiveness when partial shading is considered. The simulation model is comprised of a photovoltaic array, DC–DC 

boost converter, and an adaptive control unit applying the proposed algorithm. Realistic shading scenarios were simulated 
with the use of standard test cases with varying irradiance profiles. All system parameters , including the switching 

frequency, the sampling rate, and the converter constraints, were set to be as close to practical PV systems as possible. 
The proposed approach has a faster dynamic response, better steady-state stability, and higher energy extraction 
efficiency than other traditional tracking schemes without losing its reliability to work well when the irradiance condition 

varies.  Figure 7: presents the Simulink model of photovoltaic system connected to the proposed WFC-based MPPT 
controller. The overall operation block in Figure 7:  represents the interaction between the photovoltaic array, DC–DC 
converter, and intelligent control technique to extract maximum power with change condition.  
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FIGURE 7 Simulink model of the photovoltaic system combined with the suggested WFC -based maximum power point 

tracking controller 

Table 3 shows the simulation parameters and system specifications used in the study, including the electrical, 
environmental, and controller settings that determine how the photovoltaic system model works. 

 

Table 3 Simulation Parameters and System Specifications 

Parameter Symbol / Unit Value Description 

Converter type — DC–DC Boost Power stage topology 

Switching frequency 𝑓𝑠 (kHz) 20 PWM switching frequency 

Nominal duty cycle range 𝐷 0.05–0.95 Control range for the converter 

Number of bins 𝑛 21 Discretized states for duty cycle 

Power EMA coefficient 𝛼 0.12 Exponential moving average factor 

Compatibility coefficient 𝛽 0.7 (adaptive) Weight of neighborhood influence 

Compatibility width 𝜎 2.2 (adaptive) Spread of Gaussian compatibility 

Maximum duty increment 𝑑max 0.015 Rate limiter for duty cycle updates 

Output filter gain 𝛾 0.18 Low-pass filter parameter 

Simulation environment — MATLAB/Simulink Environment used for performance evaluation 

 

4.   RESULTS AND DISCUSSION 

Simulation results also verify the higher efficiency performance of the proposed Wave Function Collapse-based 

MPPT algorithm under uniform and PSC situations. The results show a quick convergence to the GMPPT with small 
oscillations around the steady state. It is shown that the proposed scheme yields better tracking accuracy and dynamic 
performance compared to other MPPT control strategies, especially when rapid irradiance or temperature changes occur. 

The stochastic search process can prevent premature local maxima solutions and enable a better adaptation to varying 
conditions. In addition, the duty cycle regulation is softened by using an internal rate-limiting function and thus reduces 

converter stress. Taken together, the findings have proven that the algorithm can improve power extraction performance 
with good convergence performances and stable operation, which suggests its prospective application on photovoltaic 
systems with dynamic and half-shaded conditions.  

 
4.1   CASE 1: PERFORMANCE UNDER UNIFORM IRRADIANCE 

Figure 8 illustrates the photovoltaic output power response under uniform irradiance conditions, demonstrating the 

system’s stable operation and maximum power extraction at the Standard Test Condition (STC) of 1000 W/m². 
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FIGURE 8 The output power of a photovoltaic under constant irradiance (STC: 1000 W/m 2) 

In uniform irradiance (1000 W/m²), the proposed Wave Function Collapse-based MPPT algorithm offers satisfactory 
dynamic and steady-state behavior.  Table 4 shows the initial tracking time of the system to MPP; these values are quite 
small, varying between 0.05 – 0.1 s, and demonstrate its  ability to immediately adjust the duty ratio and settle the 

converter with few transients. The global maximum point is clearly acquired in the 950–970 W as can be seen from the 
overall peak acquisition, and hence the controller perfectly tracks to capture the true global maximum power point. Once 

it converges, it is found that the output power becomes constant within about 950 W (Figure 8), showing a high steady-
state accuracy and little mismatch with the ideal value. The insignificant ripple amplitude also indicates the stable nature 
and smooth action of the algorithm, mitigating power oscillation that can potentially damage  equipment in systems. 

After some slow roll merging (without overshoots) during the start-up, a small overshoot below 2% takes place, which 
is acceptable, and it shows a well-damped behavior of transient response. As this test is one of uniform irradiance, the 
algorithm's adaptive performance under partial shading is not exercised here; however, rapid convergence to a steady 

state with low error in comparison to other algorithms demonstrates that the algorithm is robust against standard testing 
conditions. The performance evaluation results of the MPPT system for Case 1 are listed in Table 4, numbers of tracking 

efficiency, response time, and steady-state stability under uniform irradiance.  
 

Table 4 Evaluation of the MPPT System's Performance (case1) 

Performance Metric Observed Behavior / Value 

Initial Tracking Time Approximately 0.05–0.1 s 
Global Peak Acquisition Reaches around 950–970 W 

Steady-State Power Stable at ≈950 W 
Ripple Amplitude Very low, almost negligible fluctuations 

Overshoot / Undershoot Small overshoot (<2%) observed near startup. 

 

4.2  CASE 2: PARTIAL SHADING CONDITION (PSC) 

PSC introduces many local maxima in the P–V curve of the PV array and therefore the global maximum power 
tracking becomes more difficult. These results indicate that the introduced WF-inspired MPPT method is very flexible 

and robust to such situation. As the simulation results obtained show, the controller has a good ability to distinguish local 
peaks from global one and achieve the GMPP with its true value without being trapped around suboptimal points. The 

tracking response still remains smooth, but the settling time is longer than uniform irradiance case, however it is also less 
for real-time application. The power curve is relatively oscillation free after the GMPP, so it indicates that algorithm 
stability and control are robust under time varying shading. The probabilistic re-weighting and the adaptive exploration 

characteristic of this algorithm allows it to weigh very reasonably between exploring and  exploiting, so that it has the 
ability for irradiance redistribution among PV modules. These results verify the superior performance of the proposed 
method under non-uniform conditions as opposed to conventional determinant MPPT control strategies, and also prove 

its potentiality for high energy extraction efficiency in tough and temporary shadow patterns. Figure 9 shows the MPPT 
response of the PV system under PSC (Case 2) at irradiance levels of 800, 900, and 500 W/m²respectively, which 

indicates that the algorithm can track the GMPP accurately despite multiple local maxima due to non-uniform insolation 
levels. 
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FIGURE 9 The PV system's MPPT performance when PSC is present (Case 2)  

 Table 5 shows a summary of how well the MPPT worked in Case 2. It shows the system's tracking accuracy, 

convergence speed, and overall efficiency under PSC with different levels of irradiance. 
 

Table 5 Summary of MPPT Performance (case 2) 

Performance Metric Observed Behavior / Value 

Initial Tracking Time Approximately 0.05–0.1 s 

Global Peak Acquisition Attains around 490–500 W 

Steady-State Power Stable at ≈495 W 

Ripple Amplitude Very small (≈1–2 W) 

Overshoot / Undershoot Slight overshoot at start (<3%) 

 

 
4.3  CASE 3: PARTIAL SHADING CONDITION (DIFFERENT CONDITION) 

In Case 3, the photovoltaic system is subjected to an uneven irradiance profile of 1000–800–100 W/m² to establish 

the robustness and adaptability of the designed Wave Function Collapse-based MPPT algorithm. In Figure 10, and Table 
6, the controller response is extremely fast, being in steady-state within about 0.05–0.1 s from initialization time. This 
fast convergence suggests that the algorithm can efficiently track dynamically with simple, realizable algorithms even 

under quite difficult irradiances. The GMPP of about 500 W can be well found, and it also indicates to the controllers 
that there is an effectiveness of searching away from local maxima towards optimum GMPP to sustain operation near 

converged value (true GMPP). The steady state power is well stable around 500 W (near the flat spectrum, and the ripple 
amplitude is small (approx. 1W or lower), which indicates clearly good performance of the stationary work. A slight 
overshoot (~2%) at start-up is observed, which soon damps out, indicating that control parameters have been well-tuned, 

and the transient stability of the system achieved robustness. In general, these results prove that the algorithm can keep a 
high tracking efficiency, stability, and fast dynamic response under s trong PSC, implying that its performance is suitable 
for practical real-world PV regimes.  
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FIGURE 10 The PV system's MPPT performance when PSC is present (Case 3)  

 
The comparison of the MPPT performance in a dynamic condition, dynamic behavior, tracking accuracy and overall 

energy conversion efficiency between different systems for Case 3 is summarized in Table 6. 

 
Table 6 Analysis of MPPT Performance (case3) 

Performance Metric Observed Behavior / Value 

Initial Tracking Time Approximately 0.05–0.1 s 

Global Peak Acquisition Achieves around 500 W 

Steady-State Power Maintains ≈500 W 

Ripple Amplitude Extremely small (≈1 W or less) 

Overshoot / Undershoot Minimal overshoot (~2%) at startup 

 
4.4  CASE 4: STEP-CHANGE IRRADIANCE UNDER PARTIAL SHADING 

Case 4 looks at how well the algorithm can adapt to changes over time, like when bilevel irradiance transients happen, 

as shown in Figure 11, Table 7 and Table 8 show that the PV array's instantaneous dynamic operation was changed by 
two generic time-varying irradiance profiles that were meant to look like realistic changes in partial shading.  The 
suggested MPPT algorithm based on Wave Function Collapse reacted quickly to all changes in irradiance and was stable.  

In each case, the system quickly reached a power level of about 330 W in 0.05 to 0.1 seconds. This shows that it can 
track changes in power levels well.  

 

Table 7 Time-Varying Irradiance Profiles Used on PV Array Cells under PSC (case 4) 

Duration (s) Cell-1 (W/m²) Cell-2 (W/m²) Cell-3 (W/m²) 
irradiance 

 (W/m²) 

0.0 → 0.5 700 600 300 1600 

0.5 → 1.0 400 500 500 1400 
1.0 → 1.5 250 900 1000 2150 
1.5 → end 1000 700 400 2100 

 
During changes in the irradiance conditions, several power peaks ~ (330 W, 260 W, 520 W, and 460 W) were 

highlighted, and the tracker was able to effectively re-track from old global maxima to new ones. It savvy adaptation 
between these peaks that shows the robustness of the algorithm and its ability to escape from local traps with a continuity 

operation. 
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FIGURE 11 The MPPT performance of the PV system when the irradiance changes in steps (Case 4) 

Stable state regions were not influenced by the perturbation revealed by ripple (<5 W), indicating clearly damped 

dynamics and excellent control even under non-stationary illumination. These were however moderate overshoots (~ 5 – 
8 %) during intense irradiance transients and quickly diminished, exhibit ing therefore good transient damping and 

robustness. The conclusion drawn from all of the simulation studies is that such an MPPT method is highly efficient as 
well as stable under rapid varying and PSC environments. 

 

Table 8 A summary of MPPT performance (case 4) 

Performance Metric Observed Behavior / Value 

Initial Tracking Time Approximately 0.05–0.1 s 
Global Peak Acquisition Multiple peaks observed: ~330 W, ~260 W, ~520 W, ~460 W 

Steady-State Power Stable after each irradiance step 

Ripple Amplitude Small (<5 W) in all steady regions 
Overshoot / Undershoot Moderate overshoot (~5–8%) during irradiance transitions 

Adaptation to Partial Shading Clearly demonstrated with multiple irradiance transitions 

 

 
4.5  CASE 5: PARTIAL SHADING CONDITION (COMPARISON) 

In Case 5, this work assesses the proposed MPPT controller against PSO, Grey Wolf Optimizer, and P&O under 

PSC with nonuniform irradiances PSC where multi peak appear as a complex condition of 500–300–950 W/m² at a 
constant cell temperature of 25 °C, using identical MATLAB/Simulink models and converter settings to ensure fair 
comparison. The proposed algorithm consistently identifies the GMPP created by the composite irradiance pattern, 

exhibiting rapid convergence with limited overshoot and minimal steady-state ripple. PSO generally locates the GMPP 
as well, but its reliability depends on swarm size and parameterization; broader exploration tends to accelerate 

convergence at the cost of transient overshoot and residual dithering around the operating point. By contrast, P&O 
frequently settles at a local MPP and maintains the largest power oscillations due to its perturbation mechanism, which 
is particularly vulnerable to multi-peak P–V characteristics as shown in Figure 12. 
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FIGURE 12 Comparison of output power for WFC, P&O, PSO, and GWO liable under partial shading condition (Case 5)  

 

Table 9 Quantitative Comparison of MPPT Methods under Case 5 

Algorithm Power at GMPP (W) 
Tracking Efficiency 

(%) 

WFC (Proposed) 255.058 99.8% 

PSO 254.049 99.1% 

GWO 254.075 99.2% 

P&O 219.38 85.9% 

 Figure 13 detailed performance of the proposed WFC algorithm when Case 5 is assumed. In particular, Subfigure 
(C) focuses on the first tracking response and shows that the convergence to the GMPP is very fast. In addition, Subfigure 

D demonstrates the steady-state stability at the global peak indicating that there are hardly any oscillations.  

 

FIGURE 13 WFC algorithms under partial shading condition (Case 5) 
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5.   CONCLUSIONS 

This study presented a novel MPPT method based on the WFC algorithm, specifically engineered for photovoltaic 

(PV) systems operating under complex PSC. The primary contribution of this research is the development of a 
probabilistic state-selection framework that effectively resolves the critical exploration-exploitation trade-off, ensuring 
rapid and stable convergence to the GMPP. Experimental simulation results confirm the superior efficiency and 

robustness of the proposed WFC-MPPT compared to conventional metaheuristic and classical trackers. The proposed 
method achieved a remarkable tracking efficiency of 99.8%, while simultaneously minimizing steady-state oscillations 
to negligible levels. These results highlight the effectiveness of the probabilistic collapse principle in navigating multi-

peak P-V curves where traditional methods often fail. Furthermore, the computational simplicity of the algorithm, which 
avoids gradient estimation and complex stochastic searches, makes it highly suitable for real-time embedded 

implementation in low-cost hardware descriptions. Given its high energy conversion accuracy and adaptability to noise, 
the WFC-MPPT offers a reliable solution for enhancing the performance of distributed PV architectures in smart grid 
environments. 
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