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Abstract. This paper proposes an application of a novel
nature-inspired algorithm called Cuckoo Search Atpor
(CSA) in the determination of the maximum power pdm a
bifacial photovoltaic (PV). The optimisation algbrn mimics
the behaviour of the cuckoo birds, especially tiveiry strange
reproduction strategy. The Cuckoo Search in generah
minimisation search algorithm and suits fine witle tobjective
function of this investigation, which is the abselwalue of the
power difference of the calculated and catalogueevéor given
metrological conditions. For the calculated outpotver three
different photovoltaic cell presentations are usiéal single,
real single-diode and double-diode PV cell predemta The
determination of the maximum power point is perfedrusing
the different photovoltaic cell circuits and forffdient solar
irradiation at constant temperature. The aim of thork is to
compare the results gained using the three PVnoedlels using
the cuckoo search optimisation algorithm.

K ey wor ds. Bifacial photovoltaic, ideal single-diode PV
cell model, real single-diode model, double-diodeds,
cuckoo search algorithm.

1. Introduction

The increased need for electricity and the stratéyyy
application of green, clean and renewable energycss
for production of electricity encouraged the govaemts,
the power companies and investors to orient thetradéy
production towards renewable energy sources.
photovoltaics are one of those sources that hawn be
installed in the world following an exponentialeaturing
the years. The same applies in North Macedonia with
trend more bifacial photovoltaics (PV) to be intaiked in
the coming years. During the past several yearsthby
companies dealing with design and installation & P
system, it was found out that during the desigre@ss it is
very important to know the maximum power point
(MPPT) of a given PV system for different weather
conditions. This is especially important in the ecas the
design and configuration of the individual elemeuwftshe
PV system. In order to achieve this goal, thereneed for

a large number of calculations of the MPPT for atiit
solar irradiations at different seasons and tentpera. In
addition to this the increasing demand for eleityribas
motivated engineers to develop more efficient phoitaic
(PV) technologies, resulting in the emergence &didial

The

PV cells. These cells offer enhanced electricity
generation per unit area, leading to a signifidaotease

in the construction of bifacial PV power plants time
world, as well as in North Macedonia over the pgast
years. Furthermore, some existing power plantsratiee
process of upgrading their infrastructure by reiplgc
monofacial modules with bifacial ones. Bifacial PV
modules are highly efficient, capable of absorbigyt
and generating power from both their front and rear
surfaces. This dual-sided absorption translatesato
greater power output per unit area compared to
conventional monofacial modules. Therefore, beside
atmospheric conditions the bifaciality of the P\asho

be taken into consideration. Actually, the bifaityalof

the PVs at some weather conditions can cause isignitf
increase of the output power if it is not takenoint
consideration during the design process of a gi¥h
plant. In order to tackle this problem a good aslibble
optimization algorithm for determining the maximum
power at given weather conditions should be used in
which all the necessary conditions and different
combinations can be taken into account.

The gradient based optimization techniques haveradf

a lot in their practical application, due to thdifficulty

of generating automatically objective functions dheir
derivatives for highly non-linear engineering pieolks.

In the mid of the twentieth century, a lot of corgu
scientists have done a lot of work and investigatio
towards implementation of the nature-based algmsth
and their application in optimization processesatTis
the way how a birth was given to a subclass of igrad
free methods called genetic algorithms (GA) [1]nc®i
then, a lot of other algorithms have been develapad
have been inspired by nature, for example partolarm
optimization (PSO) [2], ant and bee colony, diffeial
evolution (DE) [3] and, more recently, the cuckearsh
algorithm (CSA) [4]. These are heuristic techniqtheet
perform their search by using a large population of
possible solutions at each iteration (generatiomeach
iteration, for each member of the population, the
objective function is evaluated and a fitness vailsie
assigned to it. For each algorithm, a set of rigethen
used to move the population towards the optimum
solution. Although this results in a global seawdgthout



the need to calculate objective function gradiethis,large
number of objective funmin evaluations means tl
computational efficiency of these procedures iser
inferior to classical gradierttased method:

In this paper the cuckoo search optimization atbariis
applied in the optimization process. In the texsit thollows
a brief ntroduction to the algorithm is presented. Folloy
by a presentation of the objective function, asl\aslthe
parameters of the bifacial module that is ur
investigation. The maximum power point is calculk
using the following three different presations of the
photovoltaic cell: ideal single-diodegal singl-diode and
double-diode and PV cell mode\ comparative analysi
of the optimisation data for different solar irratibn and
PV cell models is performed.

2. Introduction of Cuckoo Search
Algorithm

The Cuckoo Search is a metaheuristic search aigo
proposed by Yang and Deb (2010).[4hspired by the
cuckoo bird's breeding strategy, the algorithm nodew
cuckoos lay eggs in the nests of other t [5]. Host birds
may discover these fdgn eggs and either discard thermr
abandon the nest. This has led to the evolutioouokoo
eggs that mimic those of the host.

The cuckoo search algorithm (CSAhat is graphicall
presented in Fig. 1s based on three idesed rules:

e Each cuckoo laysne egg at a time and deposit
in a randomly chosen nest. The selection of
nest often involves a random process, such as
flights, which allows for both local and mc
explorative searches.

* The best nests, those containing lquality eggs
(solutions with good objective function values)
carried over to the next generati

* The number of host nests is fixed, and a host
discovers a cuckoo's egg with a probabips € (0,
1). This probability ps influences the balanc
between exploration and exploitation. A higlps
encourages exploration by leading to more |
nests being created, while a lowps favours
exploitation by allowing the algorithm to focus
refining existing solutions. If the ht discovers the
egg, it may discard it or abandon the nest andl!
a new one elsewhere.

In the algorithm, each egg represents a pote
solution to the optimization problem. While e:¢
cuckoo lays one egg at a time, a host nest camicx
multiple egqs, representing different potent
solutions. The algorithm's core function is to gaie
new and potentially better solutions to replacerpo
ones. The quality of a solution (egg) is evalu:
using a problenspecific objective  functiol
Furthermore,the last rule is approximated by

additional parameter,ps called the switchin
probability. This parameter determines when thesi
of the n host nests is replaced by a new, randa
generated nest. Essentially, this parameter bed
two key compoants of the Cuckoo Search (C
process: exploration and exploitati Exploration
enables the algorithm to discover promising I

solutions within the search space, while explata
allows it to refine those solutions and conve
towards the global dnum, which is likely locate:
near one of the better local solutions. A g
metaheuristic algorithm must rapidly converge ®
global optimum of the objective function.
flowchart of the CSAMPPT program, used for tt
determination of the maximum por point of a
given PV cell model at certain metrological
presented in Fig. 1.
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Fig. 1. Cuckoo search algorithm main s
3. Bifacial PV cell models

This section briefly introduces the parameters
characteristics of the analysed module. ‘investigated
module is a bifacial, monocrystalline-type module
manufactured using PERC technology. Table 1 pre:
the module's characteristics under standard
conditions (Irradiance 1000 W/m?, Cell TemperatRE
°C, Air Mass AM1.5). The data inables 1 and 2 is
presented in reference [ Table 2 shows the
characteristics of the module, bifaciality of 10% is
implemented.

Table 1 Standard parameters of the analysed module diy
the produce

Parameters Unit Values
Peak power (Wp) 540
Maximum voltage per MP (V) 41.64
Maximum current per MPP (A) 12.97
Open circuit voltage (V) 49.60
Short circuit current (A) 13.86
Efficiency (%) 20.9
Area of the module (m?) 2.58




Table 2. Parameters of the analysed module given b
producer with included bifaciality of 1C

Parameters Unit Values
Peak power (Wp) 578
Maximum voltage per MPP T (V) 41.65
Maximum current per MPPT (A) 13.88
Open circuit voltage V) 49.93
Short circuit current (A) 14.93
N (# of cells 60

K| (%/°C) 0.00543
Ky (%/°C) -0.136
[ (W/m?) 1000

A. Ideal single-diode PV cell model

The ideal solar cell circuit consists of a singlede (D)
connected in parallel with ligrgenerated current sourc
for the frontlpy and reaipy, sides of the cell, as shown
Fig. 2. The output currentl)( from Fig. 2 can b
determined ad:= lpy + lpy - Ip.

(T) I pvf (T) I pvr ¥D V

Fig. 2. Ideal singleliode PV cell mod:

In practice the diode D is investigated as an icee
and therefore the current through it is taken teegeal ta
zero, so finally the output current has the follogvform

where:lpy andlpy, are the cell light generated currents
the front and rear side of the PV cell, respectivl is the
reverse saturation current of the diode D and &eined
by the material propges of the PV ce. In equation (1)
the front and rear cell light generated current dse
determined using the following equations givel [7] and

[8]:

AN -
Ipy, lID N
Ipvr Imf ¥D Rp 4
where: where:lpy src is the light generated current |

standard test conditions (ST@QT=T- Tsrc (Tsrc=25 C);
G; andG, are the surface irradiance of the cell on the f
and on the rear side, respectively @hg: (1000 W/nd) is
the irradiance at STCK; is the shor-circuit current
coefficient,normally provided by the manufacturer. In t
investigation the reagide irradiance is taken to be 10%
the front irradiance whatever it is for a certaptimization
process. In equation (1) the reverse saturatiorectiof
the diode D can be determined using the follov
equation defined in [8]:

The constank, is the open circuit voltage coefficient a
it is available from the datasheet given by thedpoer.
The same applies for the short circuit currenttamdad
test conditionds: src).

B. Real single-diode PV cell model

The real solar cell circuit presentation consigta single
diode (D) connected in parallel with a light gened
current sources for the frorlpy) and the rearlgy,) side
of the cell, a parallel connected resistaR, and in series
connected resistandg,, as it is shown in Fig. 3The
series resistance arises from the bulk resistafiche
semiconductor material, the bulk resistance ofriegal
electrodes, and ¢h contact resistance between
semiconductor and metal. Careful design of the
contact and emitter resistance can control thees
resistance [P A low series resistance is crucial -
optimal solar cell efficiency, as a higher valueluees
the short-circuit current [J0The shunt resistandg, is
due to the leakage across tl-n junction, impurities and
crystal defects. The value of shunt resistance Idhbe
low. This low value of shunt resistance causes atoiu
in open circuit voltage. Up now in literature a large
number of papers is dealing with the determinatibthe
cell parameters includingRs and the calculation
approaches can be divided in three groups: anal{11-
12], numerical iterative procedt [13], [14] and
experimental approach in which the cell resistarare
determined based on measure-V characteristics of
investigated PV cell§15]. In this work a different
approach is introduced, where at the beginningvéiee
of the series resistance istermined by a simple

ro ch [ %GIJand then in the optimizat'gy process |
va ue YalloWed tdPchange between & ower andrl
limit for a fine tuning of the value. This is dodae to the
fact that the first part of the value of thesistance is
depends on the iabsity of the solar irradiatic [17].
With this approach the robust artime-consuming
calculations are eliminated. Both series and s
resistance losses decrease the efficiency antdiibr of
the solar cell [18]The output currerl can be determined
based on the presented circuit in Fig. 3

Rs 1

—

Fig. 3. Real singleliode PV cell mods

1= Ipys + Ipyr — Ip [exp (V’"”“’"”RS) 1]

Vinp+ImpRs
Rp

(5)

ID=



where all
Additionally, in this model the parallel connected
resistancdr, can be determined using equation (6).

R, =
Vinp+Imp'Rs
V. ; 4
( ‘mp+imp RS))+eX ((Vmp+’mp Rs)
vr (p-D)Vp

)+2]_Pmax,E/Vmp}

(6)

{(IPVf+IPVr)_ID[9XP<
C. Double-diode PV cell model

The double-diode electrical model of solar PV is
known to be more accurate than its single diode ehod
counterpart since it takes into account the effett
recombination. The double-diode model [8] is préserin
Fig. 4

Using this model greater accuracy can be achiened i
comparison with the one diode model, although endase
of the two-diode model it requires a computatioreifht
parametersipy ¢, Ipyy, Ip1, Ip2, Ry, Rs, a; andas,.

Rs T

AW
l[m lID: ¥t
Ipvr Imf ¥Di YD Rp Vv

Fig. 4. Two-diode PV cell model

The PV current can be described as a function of
temperature and irradiance:

I' = Ipys + Ipyy — Ips [exp (M) 1] — Ip; [exp(%g&mh

a1Vry

All the parameters in equation (7) are previousiylained

in the single diode model, while the coefficieatsanda,
are the ideality factors of the first and secondddi
consequently. In accordance to Shockley's diffasio
theory, the diffusion curren; must be unity. The value
of a,, however, is flexible. Based on extensive simultatio
carried out [8], it is found that if;al1.2, the best match
between the proposed model and practical |-V cusve
observed. Sincea(+a,) /p=1 anda;=1, follows that the
variablep can bep>2.2. To maintain the same form as in
equation (4), both the reverse saturation currésntsand
Ip> are set to be equal in magnitude and can be dietedm
using the following equation:

Therefore, equation (7) can be simplified and defias:

I =Ipys + Ipyr — Ip [exp (M) xp(

The presented mathematical models of the investiB&t
cell presentations are afterwards implementedemthlti-
verse optimisation algorithm and a number of resate
derived. The results from the optimization process
presented in the following section.

4. Cuckoo search optimisation results

the parameters are presented previously.

The purpose of this investigation is to define the
maximum power point (MPP) for a given location at
different weather conditions. Therefore, for thdirded
optimization process first of all it is necessanydefine

the objective function and the optimization paramgtin

this investigation the objective function it is thefd to be

the difference between the calculated maximum power
using CS algorithmRypcss) @and the maximum power
(Pmpprcatalog) €Xperimentally determined value given by
the producer for certain conditions.

Objective function = AP

= Pmppt,CSA

- Pmppt,catalog (10)
The maximum output power determined by using CS
algorithm for the PV module can be calculated byngs
the following equation:

Pmppt,CSA = Vmpp ' Impp (11)
In a similar manner the maximum power determined by
the producer using the catalogue data is determined
Since the CSA is a minimisation algorithm the aifthe
optimization process is to minimise the power dédfece
of the two powers as much as possible. Next stdp is
define the variable parameters that will be changed
during the optimization process. Since the outputent

will, beR calculated the Qutput voltage at maximunwpo

si iﬂaﬁ ariable. As il Was nesed

inthe description of the single and double diodmets
the series resistancB; is also defined as a variable
parameter. Each variable parameter is varied betise
lower and upper bound that are defined by the asdr
their values are presented in Table 3.

Table 3. Optimiptimization parameters and theiiraation

bounds
[ inti Lower | Upper
Variables Description boundary| boundary
Virppt (V) Voltage at MPPT 36 42
R () PV cell series resistancd 0.1 0.3

mp‘”m

p-1)

For the purpose of this research work a number®AC
searches were realj ed E(JI’EI) large number
opfisdprs I yver differésit PMI ce
models at differgp iations at constant
temperature. The se erformed foerdifit
values of the number of nests starting from 10 aip t
1000, where on the other hand the number of itamati
was altered from 10 to 500. The objective functiatue,
as. well, a th,ylgw of the optimization pararseter
] Uhg ESA search for d4eh PV cetleho
and d|fferent solar irradiations are presented hie t
following text. For the realization of this sea®B0 nests
were used during the 100 iterations.

of

A. Ideal single-diode PV cell model

In the optimisation of the ideal single-diode PV ce
model only the output voltage is defined as a ‘dgia
since this is an ideal model and there is no series



resistanceRs. The optimization results for the ideal single
diode PV cell model at irradiation of 1000 W/rare
presented in Table 4, while the comparative optitiimn
results for all the analysed solar radiations aesgnted in

Table 5.
Table4. Optimization Data at 1000 W/m
Variables Unit Catalogue data CSA solution
Voot (V) 41.65 37.9356
[ (A) 13.88 15.239
AP (W) / 4.610°
Pt (W) 578.102 581.976

Table5. Optimization Data for Other Solar Irradiations

Parameter Unit Values

200 W/nt | 600 W/nf | 1000 W/n
Vot (V) 36.8621 | 37.6762 37.9356
I (A) 2.996 8.32 15.239
AP (W) 2.110° | 3.4107 4.6107
Propot csh (W) 110.44 | 313.467 581.976
Prpot. cataloa | (W) 110.44 313.467 578.102

The objective function value change during theatiens

of the CSA search for a solar radiation of 1000 Wi
presented in Fig. 5.
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Fig. 5. Objective function change during the CSAcledor ideal

B. Real Sngle-Diode PV Cell Model

single-diode model at 1000 W/m

The optimization results for the real single-didelé¢ cell
model at irradiation of 1000 W/nare presented in Table
6, while the comparative optimization results fdir the
analysed solar radiations are presented in Tabl&h@.
objective function value change during the itenaiof the
CSA search for a solar radiation of 1000 \W/is
presented in Fig. 6.

Table6. Optimisation Data at 1000 W/m

| Variables

| Unit | Catalogue data |CSAsqution

Voot (V) 41.65 41.6502
R, Q) / 0.20786
[ (A 13.88 13.88
AP (W) / 1.310°
Prront (W) 578.102 578.102

Table7. Optimisation Data for Other Solar Irradiations

Par ameter Unit Values
200 W/nt | 600 W/nf | 1000 W/ni

Voot (V) 40.1598 | 41.2998 41.6502
R Q) 0.20698 | 0.20554| 0.20786
I (A) 2.75 7.59 13.88
AP (W) 1.1-10° 2.110° 1.310°
Prupot. csA (W) 110.44 313.467 578.102
Propot. catalon | (W) 110.44 313.467 578.102
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Fig. 6. Objective function change during the CSAcedor
real single-diode model at 2000 W/m

C. Double-Diode PV Cell Model

The optimization results for the double-diode PV ce
model at irradiation of 1000 W/nare presented in Table
8, while the comparative optimization results ftirthe
analysed solar radiations are presented in Table 9.

100

Table8. Optimisation Data at 1000 W/m

Variables Unit Catalogue data CSA solution
Virpot V) 41.65 41.6502
R, (Q / 0.2191

| (A) 13.88 13.88
AP (W) / 1.210810%
Pront (W) 578.102 578.102

Table9. Optimisation Data for Other Solar Irradiations

Parameter | Unit Values

200 W/nf | 600 W/nf | 1000 W/nmi
Voot (V) 40.1598 41.2998 41.6502
R Q) 0.21072 0.20976 0.2191
I (A) 2.75 7.59 13.88
AP W) | 14210 [2.2210% | 1.21210™
Prupot. csA (W) 110.44 313.467 578.102
Prooot. cataloa | (W) 110.44 313.467 578.102




The objective function value change during theatiens
of the CSA search for a solar radiation of 1000 Wisn
presented in Fig. 7.

Based on the presented results it can be concliinded
the objective function reaches very small valuesclvh
means that the calculated maximum power is vergecto

the experimentally determined maximum power by the

producer for given metrological conditions. Thessults
show that the used optimisation algorithm is qaitéable
for the determination of maximum power point foeth
analysed bifacial photovoltaic module, as well as dny
other PV module.
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Fig. 7. Objective function change during the CSAcedor
double-diode model at 1000 W/m

If only the value of the objective function is aysdd it
can be noticed that the CSA optimisation alwaysliea a
similar optimal solution where the difference oé thalues
of the objective functions is between the 7th arddhl
decimal point based on the investigated PV cell etetbr
different solar irradiations. On the other handh# values

of the optimised parameters are analysed it can be

concluded that the real single-diode and doublelio
models give more realistic and useful results, afl as

very close to the catalogue data. Those two models

together with the three-diode model will be useduiher
research work towards the determination of the MRRT
given new PV plant. The determination of the MPBT &
new PV plant at a certain location for different
metrological conditions is very important for the
dimensioning of the inverter, cables and other tetsd
equipment. The intention is to use this algorithmthe
design process and not in the exploitation procésthe
PV where other methods are used. This optimisadiuch
analysis procedure is especially important in cabken
extreme metrological conditions at given locatiore a
reached.

5. Conclusion

In this research work an implementation of a swhased
optimization algorithm named cuckoo search algaritio
determine the maximum power point of a bifacial PV

module is realised. Based on the presented reisudés

be concluded that the CSA is quite appropriate for
determining the maximum power point of a bifacial
photovoltaic module for different weather condigon
The algorithm gives reliable and good optimization
results. The determination of the maximum powenpoi
using CSA was applied on three different PV cell
models: ideal single-diode model, real single-diode
model and double-diode model. All the used modaiseg
quite good optimisation results regarding the adibjec
function, but regarding the optimisation parametues
real single-diode and the double-diode model gauetm
more realistic and useful results. As a future wibrls
foreseen the application of a three-diode PV cellieh to

be used. Comparative analysis of this method wiliero
nature-based algorithms is also planned to be dooar
future work.
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