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Efficient power control techniques are an integral part of photovoltaic system design. Que ofithe 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 pessible to minimize power
loss, especially under dynamically changing irradiance. The challenge of the task gs the nounlinear behavior of the
PV system under partial shading conditions. Depending on the size and structure ofithe photovoltaic panels, PSC
creates an immense amount of possible P-V curves with numerous local maximums<s requiring an intelligent
algorithm for determining the optimal operating point. Existing benchmarkimaximum power point tracking
algorithms cannot handle multiple peaks, and in this paper, we offer ‘ampallaptation 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 controljtechniques 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 téwmmore than 70% power loss [2] - a myriad of MPPT procedures
with different principles behind - ensufifig,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 netwerks ‘(ANN), meta-heuristics, Etc.) [6 - 7] In general, peak finding algorithms
for MPPT could be classified intotwo distinct categories [8]: direct control (DIRC) and soft computing (SC)
techniques. If the first mhentioned 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 withgnonj- 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-
linearitymunderaon-uniform solar irradiance. Depending on the structure of the PV panel - more than n! (here
n number of RV cells’) different P-V curves could occur under operating conditions. Hence, MPPT requires a
robustialgorithm that has a general structure and able to deal with any output of the PV system in a timely
manner.Wheft 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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The most common and well-known algorithms for MPPT are Perturb and Observe P&O [3] and
Incremental Conductance INC [6] - both of which are direct control methods. The performance of new
algorithms is usually compared to well established standard techniques. Furthermore, [11-13] mentioned that
modifications done to the PSO should take into account the fundamental principle behind and provide
numerical computations. However, under PSC conditions - benchmark MPPT algorithms (INC, P&O ) don’t
function properly without improvements. Therefore, we use basic PSO as a reference to any additions done to
the original recipe, and the enhancement procedure is constructed around physical and to a less extent -
biological principles. Furthermore, we attempted to preserve the generality of the algorithm and focus on

architectural improvements rather than parameter configuration so that procedure developed could be adapted
to many other optimization and control procedures.

1. Modeling PV system

The response of the PV panel to varying environmental conditions is an objective finction, Equatien 1 to
the PSO algorithm which will sense the I-V and point to the optimal operational voltage by, setting the duty
cycle of the DC/DC converter Figure 1. Stated differently, the task of the confroller 1§, to locate an
operational voltage under which the power output of the system is maximized.

max, f(x) subjectto xeyx (1)

Modeling of the PV system response done as shown in [19] using the basi€ it asja single-diode PV cell.
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For more precise and compréhensive models we refer readers to [15]. Further analysis included

simulation of the electrical cireditryef PV cells connected in a series-parallel configuration. Results are
presented in the Figure 2.
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Fig.2. Possible outputs of PV array under PSC (test scenarios for PSO)
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They were selected to represent wide variety of multi-modal situations that MPPT algorithm has to deal in
real life conditions. Figure 2 A contains 4 curves and 1 curve is the result when the solar panel is not shaded,
and the other curves are the result of partial shading. Figures 2 B, 2C and 2 D show the results of partial
shading of the solar panel depending on the shading location on the panel. The number of possible peaks
dictated by the number of PV elements connected, and takes place due to cells going out of operation range
in a non- synchronous manner. Similarly to PSC conditions, non-uniform temperature also causes such
peaks. A Significant reduction in electrical efficiency could take place if the MPPT algorithm gets trapped in
one of the local maxima Figure 2. Test scenarios represent the output of 20 x 20 solar array connected
in a series-parallel connection.

In a brief summary of characterizing the P - V curves of an (n x n) array, at most (n - 1) local maxima
could be observed. Depending on temperature and irradiance non-uniformity, peaks might shift in any
direction - making it hard to derive straightforward algorithms for MPPT. Although not alwaysfeerrect, what
works for complex cases should operate well for more ordinary ones. Therefore, we selected a relatively big
array to test the peak finding algorithm and extract difficulties it might face. As will be séén in‘the preceding
sections, some PSC conditions cause more challenges for the MPPT algorithm ratherglian others. Therefore,
to prove its validity - modeling and extraction of as many cases as possible stands(extrémely important. In
most of the MPPT literature - the algorithm is tested on a relatively smalllarray ,sizé where it might
successfully determine the correct peak among few. However, the functionality ofythe algorithm can not be
proven if not tested in extreme cases. Furthermore, in our testing’s, we fotind that with increasing numbers
of peaks, the complexity of tasks for algorithm rises as well.

2. Original PSO structure

Since the introduction to the scientific world, PSO foundmsapplieation in various engineering problems,
and many modifications were offered by researchers,Before introducing our recipe, we go through a very
brief review of the original PSO structure. Here our goal isto,decompose the components of the algorithm
for further analysis and adaptation to MPPT. PSQ,search foroptimal solution by moving through search space
with certain velocity as described in Equation 2 -3s
é‘+l = va" + o (Pbest - xi‘) + 1y (Gbest - xi‘) (2)

Jk+1 _ Kk, . k+1
X; = x; +tv; T, 3)

v

where: w — inertia; v* - velocity ofithe i-th particle at iteration k; ¢, - cognitive acceleration constant; xF
- position of the i-th particle at iteration k¥, - socidl acceleration constant; Py, - best solution obtained so
far by the particle; ry, ; - random’number in the ranée of [0, 1]; Gres - best solution obtained so far by the
swarm

Algorithm.1 OriginalhRarficle Swarm Optimization

1: Initialize Particle population { x;},i € [1, V]

2: Initialize velocityof each particle { v}, i € [1, V]

3 nitialize the bést-so-far position of each individual:, i € [1, V]
4: Define Topology (GBEST topology)

S:Defing social & cognitive acceleration constraints.

62 Defifie limits of velocity and position

7: While ( k < maximum iteration set ) Iterate
through equations 2 - 3

2.1. Damped mass spring system analogy

Heuristic methods are inspired either by nature or physics [9]. In other words optimization problem is
described as physical system where ground state needs to be found or as a biological system where fittest
individuals needs to be described. For instance one of the most powerful technique in the arsenal of heuristic
optimization tools simulated annealing [16] (SA) is imitation of physical process - cooling, while genetic
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algorithms are derived from theory of evolution. Therefore, fundamental knowledge behind algorithm is a key
for understanding it and altering it’s behavior according to our needs. It was noticed that mechanics of
particle movements could be described by stochastic damped mass spring system [17], which at each
iteration has a center of oscillation around point Equation 4:
k _ 51P§c+ 529;1‘-
% = Tove, )
We modify PSO according to this underlying physical principle and control exploration and exploitation
characteristics of the algorithm which will be suitable for our problem.

2.2. Convergence analysis

Continuing on an assumption of stochastic damped mass spring analogy convergence analysisiof the
algorithm [12,13],[17], Etc. could be accomplished from control theory. Where stability‘efslin€as, system
could be confirmed if it lies within the first order stability region: Equation 5.

{(we): |o] < 1,0 < ¢ < 2(w + 1)}, (5

€1+C;

where ¢ = 5

This knowledge allows to fine-tune parameters of the algorithm with guaranteed convergence and
enhances understanding of the search mechanics. Furthermore, the ¢oneept of "center of mass" - opens
doors to a more intelligent particle movement across search gpace and\could be exploited to regulate the
position and velocity of the particles.

2.3 Challenges in PSO algorithm
2.3.1. Premature convergence

In some instances due to limitation of searcliyprocedure, a feasible solution is not reachable, and Monte
Carlo based methods converge on sub-optimal points. The/exploration mechanism of the algorithm ensures
that enough points were explored in the search spacefo’conclude. However, in an extremely large search
space for the algorithm, to converge it has t@,rely on collected information and execute decisions. Tricky
entropy barriers or so-called golf-hole landscapes are known to cause challenges for heuristic techniques. In the
case of PSO ensuring diversity of solutiens is controlled by cognitive acceleration while the social coefficient
assures exploitation. However, this'is notyonly parameters that influence the mechanics of the particle
movement, the architecture of the algerithm could be altered for additional enhancements. The problem of
premature convergence is ong of the primary directions in the research of PSO and an enormous number of
solutions are offered in thediterature by various researchers: swarms running on parallel [18],[7], introducing
predators to the model {19)inserting invisible walls in search space [20], enforcing diversity [21,22] Etc.
Ensuring the reliability and repféducibility of the control stands even more valuable when an algorithm is used
in the engineering problemmTherefore, our main focus during this research is to test means of achieving a
reliably functioningyPS@yand techniques which could enhance exploration characteristics of the PSO while
preserving speed.

2.3.2. s\Complexity

Moeét of the benchmark algorithms (DIRC) used for the MPPT are simple and easy to realize. While for
PSO - pataméter selection needs to be accomplished for balanced exploration and exploitation. The task is
usually achieved by another algorithm and optimization problem on its own. In literature, examples of
training PSO by PSO or other Evolutionary algorithms to perform specific optimization tasks at an optimal
time. However, such an option doesn’t work for MPPT, as was mentioned before more than n! possible
outcomes of the PV system need control. Therefore, promoting a necessity to preserve - general structure of
algorithm, to find the peak of many possible outputs of the PV panels.

In addition to it, extra complexity of PSO is its architecture, which is harder to optimize rather than
parameters. Population size, velocity and position limiting rules, information exchange policies, and many
other details that make the algorithm very flexible with the vast capability and adaptability also make it
complex to optimize.
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3.PSO adaptation to MPPT

3.1.Particle initialization & landscape meshing.

The starting position of particles is known to affect the convergence of the PSO [18]. For instance,
initialization using Voronoi tessellation reported improving the performance of the algorithm in terms of
finding better solutions [23]. In the original PSO, particles are initialized randomly across the search space
[10]. Thus, however, occasionally cause unwanted grouping of the particles in a specific section of the
landscape, therefore, trap them in local minima or maxima. It is especially evident when fewer particles
used. While more particles, in general, lead to an increase in reliability, it comes with a cost of calculation
time. To avoid particle trapping into local maxima due to initialization, we decided to come up with a
procedure that manually distributes particles uniformly. Although various methods of position initialization
exist, we decided to stick on the simplest segmentation inspired by meshing in the field“ofynumerical
computations or cells of cellular automata.

Uniform initialization procedure - for the search space in the range of [0,X] each pasticleyout of N is
randomly initialized at the range of [0,X/N] , [X/N, 2X/N] ,etc. (2D example is sho@n'in Figure 4) This is
could be considered as (Manual enhancement to search) as particles are forced te begdistributed across the
search space, while in random initialization they might get stuck in specific region if thefstart was unlucky
enough.

k+1 k41
X X

1%t stage 2" stage
Fig.3. Visualization of the particle movement

Such an initidlization couldde effectively used further for creating diversity and warrant a uniform search
of the landscape. Midpoints,of segments, if utilized as an additional component - would give each particle an
individuality bias: It will urge them to investigate the initialized section with higher probability - therefore,
study its surreundinggybefore converging on a specific spot. Equation 6:

K+1)_ k . k k m k
v, Nt o1y (Pege — %) + 15 (Gpoe — 7)) + a3 (X7 = x7) (6)
where: c3 = acceleration constant; r; - random number in the range of [0, 1]; X" - midpoint of the
initializatiengsection of the particle.
Now after initialization the new center of oscillation at each iteration shifts to:
k ClP?"’C?_Q?"’ €30

0 = — —— (7)

c1+cr+c3
Our attempts could be compared to the stud like operator in genetic algorithms [24]. An additional term
is not rare in PSO design - fully informed PSO [25] influenced by a neighborhood, and a global solution is
known for delivering better results. Furthermore, [22] term introduced to push away particles from the best
position produced additional diversity to the search. Our extension dedicated to enforcing uniform
exploration of the search space. It also prevents unnecessary over-exploration of a specific region - which
might lead to premature results and waste time. Put differently - it is a term that corresponds to the learning
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of the swarm members about the landscape they are exploring and prioritizing the search space after

necessary information was collected. Therefore, leaving behind unsuccessful search regions only after enough

exploration. ¢3 could be described by condition to segment the PSO into two distinct stages or phases where its
behavior reshapes:

{%,Jk<j

“s 0, otherwise ®)

During the first phase, we limit the dynamic range of particles by X,,,, but with one eye in the global
best solution. In the following stage, when enough information about the landscape was acquired - particles
recombine in one segment to merge efforts and look nearby the best solution to possibly improve the result.
Stability and convergence analysis is an essential part of the algorithm. However, for the initial stage —
when the particles set to explore — we don’t have to arrange acceleration parameters necessarily according
to the condition in Equation 5. In contrast, configure them to warrant uniform and unbiased‘€xploratien:

The introduction of the new,ferm makes it possible to prioritize search space acCordingyto obtained
results, and change the center of oscillation to particles located in low priority regions. Nevertheless tenot
make algorithm too complex for our application we didn’t implement hierarchy @1 inteoduee diversity

control mechanism to regulate ¢ or X, like in [33-34] rather used 7 = 18 as a I8 iferations invested on
reliability. Depending on function which will be optimized number might vary, while for our case starting
from_ 7 = 15 we observed no failure. This is roughly the size of the tested Arrayjor #yof possible peaks. c3
was set to ¢3 = ¢ +c¢,. Although different interpretations of the biological priiciple behind PSO exists - the
analogy between human communal activity, the social behavior of the birds;#h€ory of evolution, Etc. We
justify our additional term on the fact that no matter what will be thie%exentual destination of biological life,
in the initial stage - it is bounded to the geography it was born andystart exploring from what is reachable.
In other words, diversity in nature is preserved by geographical fact asywell.
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Figa. Visual representation of segmented initialization and dynamics of particle movement.

Moreover, the@complex behavior of biological life forms probably cannot be comprehensibly
describedyby two terms. Therefore, supplemental information ensuring the permanent diverse attitude of
eachfclementyscems a reasonable addition to us. This discussion on biological analogy is just our
interptetation and hypotheses. We leave the scientific explanation for social and biology experts.

3.2."Welocity Initialization & Limiting

The velocity of the particles, just like their position - could be initialized randomly or at specific values.
How it is regulated during the simulation is more critical. In the first studies of the PSO [10], it was reported
that without velocity limiting particles could jump out from the boundaries of the search space. Therefore, to
control the dynamic range of each swarm member, their velocities limited by the Equation 9.
ViVimax}

If vl > vgnaxy vi = lvil .

For our recipe we went by rule of thumb and v,,,, for the first stage was to jump at most 15% of the
search space and for the second stage 25%.
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3.3. Adjusting Inertia

Another important parameters of the PSO algorithm is inertia. The importance of inertia to the
convergence rate are reported by many researchers. Limiting the inertia according to certain rule might result
in faster convergence.

However, reduced velocity could trap the particles in local maximum as their velocity would be too low to
escape local maxima as search progress. In this section several inertia update rules are presented:

Constant value could be used to control the inertia by [26] Setting inertia a constant value is simple
solution.

Linear - control of the inertia could result in reduced convergence time [27]. Usually upper and lower

bounds of inertia w,,;, and w,,,, are set to [0.4, 0.9]

k k(Wmax— Wmin)

W™ = Wpnax — Koma (10)

Similar to the linear, exponential control of the inertia was experimented i [II{yto accelerate
convergence.

k _ k)
W = Wnpin + (Wmax - Wrm'n) exp _3( ) (11)

k??l(LV
Inertia update rule [10] which regulates particle movement according to explored distance are shown in

Equation 12 & Equation 13. Significant gain in speed could be obtained by online reégulation of inertia.
ko —1
tk Amax+t Gmin— Gmean
w - Wma.\‘ - (WINR.\' - Wmin (12)

dﬂlﬂ.‘k‘
(13)

Here d is voltages which were tested to locate GM andge is“tandom number in the range of [0, 1].
Benefit of exploiting statistics of visited points is getting,rid ofyneed to determine maximum number of
iterations which is required for other methods.

k Winin

w :T+rw’k

3.4. Acceleration constants (social, cognitive)

As mentioned before, tuning acceleration constants(parameter configuration) is done to improve the
performance of the PSO to accomplish a specific task. However, due to a wide range of outputs from the PV
system - calibrating the acceleration constant seems quite a difficult task if even possible. Therefore, we rely
more on the improvement of the algorithm atghitecture and preserve its generality (the ability to deal with a
variety of functions). Upon recommendations in literature we selected ¢; and ¢, as (1.5 & 2.05)

3.5. Topology Selection

Information exchange policiesibetween particles of a swarm exhibits a substantial consequence on the
mechanics of their movements'sey to the algorithm performance. Topology modifications result in vastly
varying results. It was| observed in very first experiments on cellular automata by von Neumann that
information exchange between cells can lead to the vast diversity of results.

In the case of PSQ particles, this is no exception - topology receives important purpose in algorithm
functionality. JFor mstance, two completely independent swarms could run on parallel due to complete
isolatiofif(absenee of fommunication) Figure 5b. A myriad of arrangements for information exchange exists.
Somé of themmyfore€particles to explore by delaying propagation of information [18] Figure 5c. However, our
goal 1§)to Tocate a global maximum within the least amount of trials possible. For this reason, large swarms
don’t suithour’purpose. In our adaptation - the number of particles was limited to as small as three, and we
followed the original information exchange structure Figure 5a GBEST topology.
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Algorithm 2 Modified PSO

1: Initialize Particle population (In uniform sections N=3) { xj}, i € [1, N]
2: Initialize velocity of each particle { v}, i € [1, V]
3: Initialize the best-so-far position of each individual:,i € [1, V]
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

(a) Information exchange in GBEST topelogy (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.
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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 PSOL1 - 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 7208
6 0 36 0 195.02 | 39.18 72.08
7 0 32 0 197.80 | 40.35 72.92
8 1 35 0 206.54,1 42.60 75.37
9 14 340 0 19367 | 4ul6 83.17
10 0 0 0 204.159) 40.11 72.64
11 1 14 0 192707 [%39.06 72.81
12 1 5 0 213.607| 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 measute _isiinevitable as the exploration and exploitation stages require
different mechanics of the particlémovement across search space. Including a constant term that vanishes
after some period when efiough’ information was collected showed good reliability even with a population
size of 3 particles. It cotld"be Jconsidered 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 b&tinteresting to see if PSO could be hybridized with machine learning algorithms
to enhance its intelligeénice more significantly. Most biological creatures, if not all - exhibit learning features
and utilize the infommation they collected over time to improve the quality of the process they are
performing. While £SO 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&xploration.
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