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Efficient power control techniques are an integral part of photovoltaic system design. One of the means of 

managing power delivery is regulating the duty cycle of the DC to DC converter by various algorithms to operate 
only at points where power is maximum power point. Search has to be done as fast as possible to minimize power 
loss, especially under dynamically changing irradiance. The challenge of the task is the nonlinear behavior of the 
PV system under partial shading conditions. Depending on the size and structure of the photovoltaic panels, PSC 
creates an immense amount of possible P-V curves with numerous local maximums - requiring an intelligent 
algorithm for determining the optimal operating point. Existing benchmark maximum power point tracking 
algorithms cannot handle multiple peaks, and in this paper, we offer an adaptation of particle swarm 
optimization for the specific task. 
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Introduction 

Increasing interest in the solar industry and advances in computing capability led to the development of 
more forward-looking and efficient power control techniques previously ignored due to computational 
difficulty and challenges in testing. Maximum power point tracking related reliability issues was one of the 
tasks for solar technology to overcome and opportunity to gain 25-30% additional electrical efficiency [1]. 
To resolve this matter which might led to more than 70% power loss [2] - a myriad of MPPT procedures 
with different principles behind - ensuring operation on optimal points was developed [3 - 7]. Some of them 
owe their functionality to the tested by time control methods history of which links back to many decades if 
not centuries (calculus-based) [3 - 4]. While there are plenty of products of recent advances in computational 
science (artificial neural networks (ANN), meta-heuristics, Etc.) [6 - 7] In general, peak finding algorithms 
for MPPT could be classified into two distinct categories [8]: direct control (DIRC) and soft computing (SC) 
techniques. If the first mentioned methods use sampling or modulation based active control procedures, the 
later decides by exploring the performance of the system. DIRC approaches have serious limitations when it 
has to deal with non - linear behavior of the function and get easily trapped at local maxima. Such a 
shortcoming is extremely undesirable, as the output of photovoltaic systems shows a high level of non-
linearity under non-uniform solar irradiance. Depending on the structure of the PV panel - more than n! (here 
n number of PV cells ) different P-V curves could occur under operating conditions. Hence, MPPT requires a 
robust algorithm that has a general structure and able to deal with any output  of the PV system in a timely 
manner. When calculus cannot provide means to achieve the desired solution without going through all 
search space - heuristics are used to obtain a more rapid result.  

However, global optimization of function lacking convexity - remains an unsolved mathematical challenge. 
Monte Carlo based methods in the form of heuristics [9] cannot guarantee an exact solution every time, if at 
all. Nevertheless, they are proven to be the most superior technique existing today for dealing with non-
convexity. One promising SC method is PSO nature-inspired algorithm [10] derived from the social behavior 
of birds, which relies on swarm intelligence to locate the global optimum. PSO has a beautiful structure that is 
easy to hybridize for further performance enhancement and adjustment to suit numerous tasks. In this paper, 
we present an adaptation of PSO to track the maximum power of the PV system. The reliability of the 
algorithm was extensively tested on various scenarios imitating real-life conditions. 
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3.3. Adjusting Inertia 
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  Algorithm 2 Modified PSO 

1: Initialize Particle population (In uniform sections N = 3) { xi}, i ∈ [1, N ] 

4: Define Topology (GBEST topology) 
5: Define social & cognitive acceleration constraints. 
6: Define limits of velocity and position (For stages 1 & 2) . 
7: While ( k < maximum iteration set ) 

1st Phase: 
Iterate through equations 6 - 3 

Set: w = 0.72 
2nd Phase: 

Iterate through equations 2 - 3 
Adaptive inertia update 

3: Initialize the best-so-far position of each individual:, i ∈ [1, N ] 
2: Initialize velocity of each particle { vi}, i ∈ [1, N ] 

E
E E

E E

E E
E

 

  
(a)  Information exchange in GBEST topology (b) Swarms running on parallel in GBEST topology 

 

(c) RING (IBEST) topology 

Fig.5. Visualization of various PSO topology (here E is particle) 

 

4.Simulations 

To our surprise - steps (# of attempts by particles in total, till global best was found) required by the 
modified version of the algorithm didn’t differ considerably from the offered test scenarios. Examining the 
literature, we found that similar results were observed by. Meshing the landscape offers reliability close to the 
exact solution even for a population size of 3 as we received no failures for 1000 runs for all test scenarios. 

E
E E

E E

E E
E

E
E E

E E

E E
E
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The additional term cannot guarantee a uniform exploration of the search space. But adds a probability to 
explore the region where particles are initialized and contribute to the final answer.  

In Table 1 results of numerical experiments were we compare original PSO with linear and adaptive 
inertia update to the modified version are presented. Uniform initialization was implemented only for the later 
to point on its importance. Our interpretation of convergence is when all particles are within 1 % range of 
GM. Failure is counted if voltage at GM differs from the real GM more than 1 %. However, all the failures we 
detected ended up converging in wrong peak. Every optimization problem needs adjustments of some kind 
[28], and there is no optimization algorithm which could effectively tackle every single problem [29]. 
However, for MPPT controller we did our best to preserve the generality of the algorithm to deal with wide 
variety of PV system outputs. 

Table 1 - Simulation results (here PSO1 - is original PSO with linear inertia, PSO2 - is PSO with adaptive inertia, 
PSO3 - is modified PSO) 

Test cases PSO1 PSO2 PSO3 PSO1 PSO2 PSO3 
Fails for 1000 runs Expected convergence 

1 0 0 0 194.39 42.56 73.01 
2 0 6 0 196.70 41.91 72.92 
3 155 183 0 213.39 42.28 95.63 
4 106 108 0 216.70 42.42 86.53 
5 0 30 0 198.08 38.14 72.18 
6 0 36 0 195.02 39.18 72.08 
7 0 32 0 197.80 40.35 72.92 
8 1 35 0 206.54 42.60 75.37 
9 14 340 0 193.67 41.16 83.17 

10 0 0 0 204.15 40.11 72.64 
11 1 14 0 192.07 39.06 72.81 
12 1 5 0 213.60 42.22 75.77 
13 0 4 0 197.91 40.76 72.78 
14 5 40 0 210.90 39.23 73.22 
15 103 239 0 193.24 39.86 74.74 
16 9 67 0 194.51 42.63 73.44 

 

Conclusion 

Although adding extra parameter and segmenting the algorithm increases the undesirable complexity 
of the initial structure. The measure is inevitable as the exploration and exploitation stages require 
different mechanics of the particle movement across search space. Including a constant term that vanishes 
after some period when enough information was collected showed good reliability even with a population 
size of 3 particles. It could be considered as meshing the objective function prior to calculation. Our 
adaptation of PSO demonstrated superior characteristics in terms of reliability and showed good speed. As 
further research, it will be interesting to see if PSO could be hybridized with machine learning algorithms 
to enhance its intelligence more significantly. Most biological creatures, if not all - exhibit learning features 
and utilize the information they collected over time to improve the quality of the process they are 
performing. While PSO uses comprehensibly only from several points, and the vast majority of the data it 
collected remains unused. Our attempts to manually guiding the exploration quality of PSO show the 
necessity of another component for the algorithm to learn from the past search and avoid stagnation and 
inefficient exploration. 
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