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Abstract: An effective MPPT approach plays a significant role in increasing the efficiency of a PV 
system. Solar energy is a rich renewable energy source that is supplied to the earth in surplus by 
the sun. Solar PV systems are designed to utilize sunlight in order to meet the energy needs of the 
user. Due to unreliable climatic conditions, these PV frames have a non-linear characteristic that 
has a significant impact on their yield. Moreover, PSCs also affect the performance of PV systems 
in yielding maxim um power. A significant progression in solar PV installations has resulted in 
rapid growth of M PPT techniques. As a result, a variety of MPPT approaches have been used to 
enhance the power yield of PV systems along with their advantages and disadvantages. Thus, it is 
essential for researchers to appraise developed MPPT strategies appropriately on regular basis. This 
study is novel because it provides an in-depth assessment of the current state of M PPT strategies 
for PV systems. O n account of novelty, the authors analyzed the successive growth in MPPT 
strategies along with working principles, mathematical modeling, and simplified flow charts for 
better understanding by new learners. Moreover, the taxonomy and pro and cons of conventional 
and AI-based MPPT techniques are explored comprehensively. In addition, a com parative study 
based on key characteristics of PV system of all MPPT algorithms is depicted in a table, which can be 
used as a reference by various researchers while designing PV systems.

Keywords: MPPT; solar PV system; optimization techniques
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1. In tro d u ctio n

A s o u r c iv iliz a tio n  a d v an ces  in  tech n olog y , i t  n e cessita te s  a g re a te r u se  o f en erg y  in  
to d ay 's  w orld . R enew able energy  sou rces have the potential to cater the increasing dem and 
fo r e n erg y  in  v a r io u s  fo rm s. In  n e a r  fu tu re , d em an d  fo r ren ew ab le  e n erg y  w ill rise  in  all 
secto rs , in c lu d in g  h e a tin g , p o w er, an d  tra n sp o rta tio n , e tc . S o la r  p o w e r is m o re  ad m ired  
th an  other renew able energy  sou rces due to its w id espread  availability  and w ell-estab lished  
tech n o lo g y . T h is  is b eca u se  o f re ce n t d ev e lo p m en ts  in  in cre a sin g  a ccu ra cy  an d  tra ck in g  
sp eed  fo r m axim u m  en erg y  h arv estin g  [1] .

D irect cu rrent is generated  w h en  ph o ton s from  su n ligh t strike the solar cells. A  series- 
parallel com bination  of these cells gives rise to a P V  m od u le , w h ich  w h en  fu rther com bined
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to g eth e r  fo rm s a P V  array. T h e  lite ra tu re  rev ea ls  th a t th e  ch a ra cteris tics  o f so la r cells  are 
n o n -lin e a r  [2 ], w h ich  d eg rad es th e ir  co n v e rs io n  efficiency . T h ere fo re , it  is req u ired  to  
e x tra c t a ll th e  p o w e r a cce ss ib le  fro m  th e  P V  m o d u le . M o reo v er, a  P V  m o d u le  d o es n o t 
su p p ly  p o w e r co n sta n tly  o n  account; o f v a r io u s  facto rs  su ch  as te m p e ra tu re , irrad ian ce , 
g e o g rap h ica l cond  itions, and so  on [3].

T h e  P - V  cu rv e  o f a n y  so lar m o d u le  h as an  o p tim al p o in t, i.e ., th e  g lo b a l m a x im u m  
p ower p o int (G M P P ), th at v aries  dep en d in g  on tem p eratu re  and so lar irtad ian ce . T he PV  
m od u le  produces; the most pow er at that p o in t [4]. To confirm that the PV  m odule is alw ays 
op eratin g  at G M PP, M P P T  tech n iqu es come into p ic ture. M P P T  tech n iqu es are algorithm s 
th a t are  im p lem e n te d  v is  so ftw are  an d  p o w e r e le ctro n ics  h srd w a re  co m b in a tio n  in  an y  
solar contnoller. These algorithm s aid in  ensuring  that the ou tpu t of so lsr  array  is alw ays at 
its peak . M P P T  tech n iq u es p erfo rm  th is task  b y  cn n tin u ou s p o w er track in g  m eth o d o lo g y  
to  d eterm in e  th e  Irest o p era tin g  p o w er p o in t fro m  solar prray. S in ce  tha m ax im u m  p o w er 
o f p  so lar a rra y  v a r ie s  in  accon dance w ith  m a n y  e n v iro n m en ta l co n d itio n s, tra ck in g  th is 
pow er is cru cial for u tm ost utilizs^tisn of solar en erg y  Tha M P P T  sy stem 's aim  is to sam ple 
the ou tp u t of the PV1 array and apply  the appropriate resistance to obtain maxim u m  pow er 
for any g iven  en viron m en tal cond itions. T h us, these  tech n iqu es fu nstion  as an im p ed an ce- 
m a tch in g  d ev ice  b e tw ee n  th e  n rrsy  an d  load  w ith  th e  h e lp  o f -varying th e  d u ty  cy cle  o f 
th e  D C -D C  p onverttr. T h e  w h o le  p ro cess is con tro lled  b y  so ftw are  and a m icro-contro ller. 
M U P T -eq u ip p ed  co n tro lle rs  h av e  n u m e ro u s a d v an tag e s  o v e r  o th er  co n tro lle rs , su ch  as 
th e  fo llow in g :

• M ora efficipncy;
• C ap ab ility  o f o p tim iz in g  v o ltag e  d ifferences as w ell as D C  load op tim ization ;
• B est fo r largev sy stem s w h ere  so lar p an el o u tp u t exceed s b a ttery  v o ltag e  b y  a sig n ifi­

can t m argin ;
• E nh  ances th e  systam  's  ou tp u t an d hen c e iis  capacity.

TVore are sev era l ap p roach es to hch iev in g  M PPT, w h ish  are d iscu ssed  in th is article.
M any researchers have published their findings on M PPT algorithms. Refs. [5- 7] com pare 

various M PPT rpprcuc hrs for uniform  irr^diancr and PSCs for so la rP V  system s, w hereas [8,9 ] 
focus specifically  on  PSC s. Traditional M P P T  tachniques such as P & O  [10], IN C  [11], and 
H C  [ 12] are proficient for un iform  irrad iancs w ith  a u n ique peak. T h ey  are unsuitable w h en  
the P V  aystem  is suhjected to PSC s. T he researchars attem pted  to  im prove on  traditional 
M P P T  algorithm s b y  com bin in g  them  w ith  ad vanced  strategies [13- 15]. F ig u re  1a ,b  sh ow  a 
gen era lized  b lo ck  d iagram  o f s tan d alo n e  and g rid -con n ected  P V  system s.

MPPT Control

(a)
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DC-AC Inverter

Ipv

Vpv

Control Unit

H ow ev er, th e  ch o ice  o f a sp ecific  M P P T  ap p ro a ch  is s till an  am bigu ity . A s a resu lt, 
th ere  is s tro n g  n eed  to  in v estig a te  an d  reassess th e  d ev elo p ed  stra teg ies  on  reg u lar b asis , 
as th is w ill helps in  th e  se le c tio n  o f a  sp ecific  te ch n iq u e  b a se d  o n  th e  co n tex t. D ifferen t 
co n v en tio n a l and  A I-b ased  m eta -h eu ristic  M P P T  te ch n iq u ss  are rev iew ed  and  com p ared  
in  th is  a rtic le  b a se d  o n  a v a r ie ty  o f facto rs  su ch  as tra ck in g  tim e, com p lex ity , o sc illa tio n s 
aro u n d  G M PP, im p lem en ta tio n  cost, and  so on. B I [16,17], SI [18,19], A N N , F L C , and  E C I 
are exp la in ed  and  re v ie  w e d b y  au th  ors on  v a  riou s p aram eters.

T he n ov elty  o f th is w o rk  can  b e  su m m arized  as an ap p roach  to p resen tin g  q ualitative 
co m p a ra tiv e  an a ly sis  an d  set-th e o re tic  renearch, w ith  e m p h asis  o n  ta b u la r p re sen ta tio n  
(tech n ic  al d ata  sh e e t p reso n tatio n ) o f tire ch ie f a ttr ib u tes  o t con v u n tio n al an d  A I-b  ased  
M P P T  tech n iqu es.

T h is  d ata  p o sitio n in g  a p p ro ach  is m o st a p p ro p ria te  fo rm a t fo r re a d in g  an d  u n d e r­
stand in g  the data. Q uan tify in g  these data help s in  com p rehen sive analysis and com ]-aring 
d ifferent d ata sets, thereby b rin g in g  ou t the m ost im p ortan t and w id ety  nsed  conv entional, 
m etah eu ristic , and  oth er A I-based  M P P T  tech n iq u es, w h erein  v ario u s p aram eters su ch  as 
array size, irrad iance levels, techn iqu es consid ered , % b o o st in  G M P P  u sing  b est techniqu e, 
and track in g  tim e, etc., are consid ered .

T his research  w o rk  is n o v e l feom  other asp ects as w ell, su ch  as the fo llow in g :

• Ease of representation : In distfnct sections, the w o rk  sum m arizes the m bin characteris­
tics z f  t i s l i t io n a l  an d  A I-b  ased  m e ta  h e u ristic  te ch n iq u es  in  a s im p lified  sty le  u sin g  
sim p lified  flow ch  arts;

• E ase  o t a n a ly s is : A  te ch n ica l d a ta sh e et w as crea ted  a fter  re v iew in g  all th e  m a jo r 
attrib u tes requ ired  to d esign  any  P V  system  of recen tly  rep orted  co n v en tio n al M P P T  
techninues, A I-dased  m etaheuriatic approaches, and other A I-based  M P P T  techniqu es. 
T his d atash eet p rovid es a b are-bo n es d escrip tion  that Sacilitates even  a n ew  leorner to 
u n d e rsta n d  th e  p e rfo rm an ce s  o f these? m e ta h e z r is iic  M P P T  te ch n iq u es, p articu larly  
P V  system s in  P SC s;

• E ase  o f m o d ifscati o n  : T h e  te ch n ica l d a ta sh e et h ig h lig h ts  th e  p ro s an d  co n s o f a ll 
rev iew ed  w o rk s o f e ach  category , w h ich  e n ab les  th e  u se r  to  id e n tify  th e  research  
gap ss  d iscu ssed  ab ove and  h elp s thorn to m o d ify  a parSicuiar a lg o rith m  to  m eet the 
req u irem en t of an od  P V  system ;

• Q u alitativ e  com p arative  analysis: T he technical d atasheet facilitates com p ariso n  of all 
M P P T  approaches b ased  on  the key characteristics requ ired  w h ile  in corp o ratin g  them  
in  an y  P V  sy stem , w h ich  h e lp s  th e  read ers  to  se le ct th e  m o st su itab le  te ch n iq u e  fo r 
any  p articu lar ap p lication .

S tru ctu re  o f th is w o rk  is as fo llo w s: T h e  m o d e lin g  o f th e  P V  ce ll is e la b o ra te d  u p o n  
in  S e c tio n  2 a lo n g  w ith  th e  e ffects  o f e n v iro n m en ta l facto rs. T h e  p a rtia l sh a d in g  e ffect is
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d iscu sse d  in  S e c t io n 3 . M P P T  te ch n iq u es  an d  th e ir  c la ss ifica tio n  are  e la b o ra te d  u p o n  in  
Section  4 . R esearch  gap find ings are reported  in  Section  5 . C h alleng es and fu rther scope of 
th e  con d u cted  effo rt are po in ted  ou t in Sectio n  6, and p ap er is con clu d ed  in Sectio n  7 .

2. M o d e lin g  o f  P V  C e ll

Ideally , a  p ara lle l co m b in atio n  o f a  cu rre n t sou rce  an d  a d io d e  repreaents a so lar cell. 
F o r p ractica l ap p lication s, th e  m o d el a lso  incorp orates sh u n t and series resistances to take 
in to  accou nt m an u factu rin g  d efects and co n tact resistances [20 ], as illu strated  in F igu re  2a .

J - u i  — > — +
R s e  Ip v  ^

V p v

____________ I

I d

© " ©

i sir

R s h '

(a)

t t r - * ------ +

iDrf in2^ I  ish Rse Ipv 4-

(b)

Figure 2. Solar cell: (a) single-diode model and (b) double-diode model.

T he cu rren t g en eratad  b y  th e  so lar cell can  b e  com p u ted  b y  E q u atio n  (1).

Ipv — I ph I D Ish (1)

T he Sh o ck ley  equ atio n  and O h m 's  law  can  lie  u sed  to  ca lcu late  the cu rren t th rou gh  a 
d io d e  and sh u n t resistor, as sh ow n  in E qu ation s (2) and (3), respectively.

ID — 10 exp
q

N csK T
.—  ( Vpv +  IpvRse ) ) — 1

Ish
Vpv +  I pv R s

R sh

T h u s, th e  distinctive; E q u atio n  of so la r ce li nuCput cu rren t can  be  w ritten  as

Ipv — Iph I0 exp  (  n k T  ( VPv +  I PvRse ) )  1
Vpv +  Ipv R s

R sh

(2)

(3)

(4)
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The id eality  factor " n "  is assum ed  to be  constan t in  single-d iode m od el, b u t this factor 
is a fu n ctio n  o f v o lta g e  at th e  d ev ice  te rm in a ls . Its  v a lu e  is c lo se  to  oner at h ig h  v o ltag e s  
an d  b eco m es  Vwo a t lo w  v o ftag es b eca u s  e o f  re co m b in a tio n  in  ju n ctio n . T h is  e tfe ct can  
b e  m o d e lle d  b y  co n n ectin g  an o th er d io d e  in  p a ra lle l w ith  th e  firs t d io d e , g iv in g  rise  to 
tine d o u b le-d io d e  m o d e l, as sh o w n  tn  F ig u re  2b . T h e  id e a lity  facto r is se t to  " f  "  fo r th e  
d ou ble-d iod e  m odel.

F ig u re  3 sh o w s th e  P V  m o d u le  ( I-V ) an d  (P -V ) ch a ra cteris tic  cu rv es. It d eta ils  th e  
so lar eav rg y  co n v e rs io n  ca p a b ility  an d  sfffc ie n cy  fov a p a rticu la r  a tm o sp h e ric  con d itfo n . 
Since short- and op en-circu it circu m stcn ces have no efSvct on p ow er generation , there m u st 
b e  a p o in t eo m ew h ere  in  th e  m id d le  w h ere  th e  so lar m o d u le  p ro d u ces  m o st p o w er an d  
is lo ca ted  c lo se  Oo th e  b en d  in  tire ch a ra cteris tic  cu rv es. P max is g e n era ted  b y  a sp ecific  
co m bin ation  o f vo ltag e  and cu rrent, and the co m b in atio n 's  coord in ates rep resen t the MPP.

Figure 3. PV module characteristic curves (I-V) and (P-V).

A  s lig h t a ta o g e  ia  a tm o sp h e ric  tem p era tu ra  an d  irra d ia n ce  a ffects  th e  m o d u le 's  
p erform ance. Since m odu le Voc decreas es as tem p errtu re  rises [21 tf the p o w sr ou tpu t y ield  
o f th e  P V  sy stem  w ill d ecrease . F ig u re  4 a ,b  sh o w  th e  te m p e ra tu re  v a r ia tio n  e ffe ct o n  P V  
m o d u le  (I-V ) and  (P -V ) cu rves.

Voltage (V)

(b)

Figure 4. Temperature variations effect on PV module: (a) I-V  curve and (b) P -V  fimilarly, the output 
of P d  mo dules is also aftected Iby the chan ge in sola r irsaditnc e  "W  w /m 2", as the output curr ent 
of PV modua  depends on irradfance. As irradiance increases, t le  PV module ou^m t cutbent also 
increase s. Thus, the PV module can generate more output power. Figure 5a,1b show the effect of 
irradiance change on PV module (I-V) and (P-V) curves.
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® P max

W1—
W 2 ---------

W3 ----------

W 3 >  W 2 > W l

V o

Figure 5. Irradiance variation effect on PV module: (a) I-V  curve and (b) P -V  curve.

3. P artia l sh a d in g  E ffe c t

P V  sy stem s are e x trem ely  su sce p tib le  to  p a rtia l sh ad in g . O v  a cco u n t o f v ario u s 
e n v iro n m en ta l co n d itio n s  su ch  as ra in , c lo u d s, an d  sto rm s, it is n o t p o ss ib le  -to o b ta in  
uniVorm irra d ia n ce  at e ll tim es. In  ad d itio n , P V  a rray  a lso  su tfers  sh a d in g  fro m  n e a rb y  
bu ild in g s and trees. This shad ing effect lead s the PV  m odure to y ield  less ourput p ow er [2 2 ]. 
P SC s can  lead  to the fo llow ing :

• N o n -lin e a r  P V  m o d u le  (I -V t ch a ra cteris tic  cu rv e  w ith  m u ftip le  LM PP. A s a resu lt, 
sh ad in g  cau ses h o t spots and  d am ages the so lar sells;

• C u rrsn t and  v o ltag e  m ism atch  in  P V  array ;
• M an y  p eak s in  the (P -V ) ch aracteristic  cu rve w ith  an in crease  sn sh ad in g  con d ition s.

dhad ing  one cell resu lts in  a drop o f cu rrent flow in  g through i t w h en  aom pared  to the 
un sh aded  cells o f its string. A s e result, un sh ad ed  cells are forced  to carry  h igh  current, and 
shaded ccils w ill be restricted  to the string current. This lead s to a  drop in the ou tpu t pow er 
o f th e  P V  strin g . A  b y p a ss  d io d e  is co n n ectcd  acro ss th e  sh ad ed  ce ll s trin g  to  m o d e ra te  
the cffect o f shad ing . T h ro u g h  th is, u n ichrectional flow  of cu rren t is aeh ieved . F igu re  6 a,b 
show s the effect: o f p artia) sh ad in g  on  (I-V ) and  (P -V ) ch aracteristics  o f P V  system .

Voltage (V) Voltage (V)

(a) (b )

Figure 6. Characteristics of (a) I-V  and (b) P -V  under PSCs.

4. M P P T  A lg o rith m s

E a ch  P V  m o d u le  h as a d ifferen t M P P  in  dihferent a tm o sp h aric  co n d itio n s. T h u s, 
to  rxtracb  m a r im u m  p o w e r fsom  it, M P P T  a lg o rith m s are u sed . T h ese  a lg o rith m s ase 
im p osed  through electronic converters. T h ou gh  these techniqu es enhance the perform ance 
o f PV  system , d esigners are gen erally  con cern ed  ab ou t track in g  G M P P  un dec PSC s. T hese 
a lgorithm s are im p lem en  ted  th rou g h  m icrvcontro llers. T he d u ty  ratio  oC the D C  conv e rter 
em p lo y ed  is a d ju sted  b y  th ese  a lg o rith m s a fter fre q u e n t sa m p lin g  o f so m e P V  m o d u le  
p aram ete rs . T h is  ch an g es th e  im p e d a n ce  see n  b y  th e  P V  m o d u le , re su ltin g  in  a ch iev in g
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m axim u m  pow er. T hese M P P T  techniqu es are classified  as show n in Figure 7 . The follow ing 
sections exp lain  th t  b asics of these techniqu es com prehensively , w h ile  recent ad vancem ents 
in each  are listed  in thee tab les at the end  o f each  classifica tio n  separately .

Fractional Short 
Circuit Current Optimization

Fractional Open 
Circuit Voltage

Particle Swarm 
Optimization

M PPT Techniques

Figure 7. MPPT Techniques Classifications.

4.1. C on ven tion al M P P T  Techniques

4.1 .1 . P ertu rb  and O bserv e

The P & O  M P P T  techniqu e i s w id ely  used  due to  its si m elicity , ease oe im p lem eetetio n , 
fe w e r sen so r re q u irem en ts, an d  lo w  ac tu a liz ed  co sts  [23 ,2 4 ] . It  is  an  itera tiv e  m eth o d  o f 
track in g  M PP. T h is tech n iq u e  w o rk s on  th e  p rin cip le  o f m in o r ch an g e  in P V  array  vo ltag e  
an d  m o n ito rs  th e  re su ltin g  im p a ct o n  p o w er. T h is  is ach iev ed  b y  v a ry in g  th e  d u ty  cy cle  
o f th e  D C -D C  co n v erter em p loyed  in the sy stem . W ith  th ese  p ertu rb atio n s, th e  ch an g e  in 
p o w e r ca n  b e  d eterm in ed . If p o w e r  is in creased  b y  in cre a sin g  th e  v o lta g e , th e  o p era tin g  
p o in t o f th e  P V  m o d u le  is o n  th e  le ft  s id e  o f th e  P - V  cu rv e . If, o n  th e  o th er  h a n d , p o w er 
is eed u ced  w ith  th e  in crease  in  v o lta g e , th e  P V  m o d u te  o p esa tin g  p o in t is o n  th e  rig h t 
sid e  of the P -V  cu  rve. A s a resu lt, fo r track in g  M PP, th e  d irectio  n of p ertu rbo tion  m u s t be 
su ch  th at it c onverges tow ard s a precise end. Thereafter, th is iter ation  procoss ie continu ed  
u n til M P P  is reach ed . T h o u g h  th e  co n v e n tio n a l P & O  teeh n iq u e  vsorks w e ll in  stab le  
en v iro n m en ta l co n d itio n s, i i  fa ils  to  tra ck  M P P  in  P SC s [25 ] . To o v erco m e th is d raw b ack , 
P & O  are m o d ified , as reported  in t2 6 ] . S tep s to  d em on strate  the w ooking c f  th is techniqu e 
are sh p w o in F igu re  8 ]
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r
Measure PV 

Module V(n) & I(n)

r
P(n)= V(n) X  I(n)

Increase the Duty Cycle Decrease the Duty Cycle

^  Update the Parameters - 4

^ R e t u r n )

Figure 8. P&O-based MPPT technique [24].

4 .1 .2 . In crem en ta l C o n d u ctan ce

This techniqu e is an im proved  version  of P & O  and can  track  M P P  in a rap id ly  changing 
en v iro n m en t [27 ,2 8 ] . T he p rin cip le  fact o f th is tech n iq u e  is b ased  on  co  im puting the slop e 
o f p o w e r " p "  o n  th e P -V  cu rv e . S in ce  in sta n ta n e o u s  p o w e r is g iv e n  as th e  p ro d u ct o f 
in stan tan eou s v o ltag e  and  cu rrent,

p =  v x  i (5)

T he P -V  cu rve slop e can  b e  com p u ted  as

d p / d v  =
d (v  x  i) 

dv

• , di i +  v
dv

(6)

T he fo llo w in g  con d ition s can  b e  d raw n  from  E q u atio n  (6):
If di/dv =  — v/i d p /d v  =  0 At MPP
If di/dv <  —v/i d p /d v  < 0  At the right side of MPP
If di/dv >  — v/i d p /d v  > 0  At the left side of MPP

A s a resu lt, th e  IN C  a p p ro ach  track s  M P P  b y  co m p a rin g  in cre m en ta l co n d u ctan ce  
w ith  in sta n ta n e o u s  on e [2 8 ] . A lth o u g h  IN C  fa n  sh o w  zero  o sc illa tio n s in  s te a d y  sta te , it 
acts the sam e as the P& O  techniqu e in  tran sition  states. Figure 9 show s the flow chart o f the 
IN C  ap p roach  for track in g  M PP.
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M easu re  P V  M o d u le  v (n ) &  i(n )

i ( | ) =  i(n ) - i ( n - l )

In cre a se  O p erating  
V o lta g e

D e cre a se  O p erating  
V o lta g e

R etu rn

Figure 9. INC-based MPPT technique [27].

4.1 .3 . F ractio n al O p en -C ircu it V oltage Techniqu e

F O C V  M P P T  tech n iq u e  is an  in d ire ct sch em e to  tra ck  M P P  an d  ca n  b e  u tilize d  fo r 
lo w -p o w er fu n ctio n s. T h is  tech n iq u e  u tilizes  th e  p rin cip le  th a t sh o w s lin ear re la tio n sh ip
b etw een  V mpp and V o

Vmpq (7)

" b "  lies in  a range of 0. 71 <  b  <  0.78 [2 9 ]. Its value is m ain ly  d ep end ent on  m odu le and 
e n v iro n m en ta l co n d itio n s. A lth o u g h  th e tech n iq u e  is s im p le , F O C V  su ffers  fro m  p o w e r 
loss w h ile  sam p lin g  V oc. A  flow ch art o f the F O C V m e th o d  is sh ow n  in  F igu re  1 0 .
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Evaluate Vmodule = b X  Voc

Update ‘b’

^  Stop ^

Figure 10. FOCV-based MPPT technique [29].

4 .1 .4 . F ractio n al Sho rt- C ircu it C u rren t T echniqu e

T h is tech n in u e  is a lso  an  in d ire ct m e th o d  fo r tra ck in g  M P P  an d  is s im ila r to  FO CV . 
T h e  F S C C  te ch n iq u e  u tiliz e s  th e  fa ct th a t th ere  ex ists  a lin e a r a sso c ia tio n  b e tw e e n  Impp 
and Isc:

T h e  ran g e  o f " d "  lies  in  0 .78  <  d <  0 .92  [3 0 ] . T h is  tech n iq u e  a lso  su ffers  fro m  th e 
draw back: o f p o w e r loss w h ile  m e a s u ria g  Isc d u rin g  M P P T. A  flo w ch a rt o f th e  F S C C  
iech n iq u e  is sh ow n  in  F igu re 11 .

(8)

Evaluate Imodule =  d x Isc

Figure 11. FSCC-based MPPT technique [30].

T hese  co n v en tio n al tech n iqu es are still used  as a b ase lin e  for track in g  G M P P  in  PSC s. 
Table 1 su m m a riz es  re ce n tly  rep o rted  w o rk s b a se d  o n  th ese  p rin cip le s , fo llo w ed  b y  a  
d iscu ssio n  of th e ir p ros and cons in  Table 2 .
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Table 1. Taxonomy on recent reported work on conventional techniques to track GMPP.

Best optimization 
Techniques PV Module Pm (W) PV System Size GMPP (W) Improved GMPP 

(%)
Irradiance

(W/m2)
Shading
Patterns

Tracking 
Time (s)

Variable-step P&O 71.8 2 PV module in 
series 29.22, 116.1, 106.2 0 200, 700, 800 Uniform 2,4.8

Proposed 250 5 PV module in 
series 44.97, 30.49 102.9, 35.15 1000-200 Uniform 1.12

Modified P&O 50 3 PV module in 
series

6037,5387,7051,
7385,6322

8.30,31.19,61.42, 
31.63, 27.69 946-828 Uniform NA

Proposed INC 49.8 1 PV module 25.1,40.18 
25.1, 27.61

0.039, 0.424, 
0.199,0.217 800-300 Uniform 0.3, 0.35, 

0.16, 0.05
SP-INC 100.17 1X1 98.981, 94.097, 

81.292 1.811,1.179,1.615 1000-800 Uniform NA

SPC NA NA 27.11, 15.76, 04.83 0.93,11.01,0.89 
10.98, 0.83, 11.03 1000-200 Uniform NA

Proposed 60 4 PV module in 
series 470.95 7.27 1000-300 Uniform 0.043, 0.049

Proposed 245.328 3 PV module in 
series 438.15 89.67, 0.51 1000-600 Uniform NA

Proposed 145 1PV module 85 13.33 NA NA 0.7
Proposed 100 1PV module 76.50, 65.27 4.08,2.99 1000-600 Non uniform 0.01

Proposed INC 178.4 NA 175.6 1.738 1000-0 Non uniform 0.38,0.14,0.165

Proposed 60 NA 596.9 0.285 1000-400 Non uniform 0.0126

Hybrid 315.072 4X1 511.4, 780.4 57.35, 9.6 1000-200 Non uniform 0.48, 0.20

Hybrid NA 4 PV module in 
series

1259.9, 794.8, 
593.2, 1077.0

1.933, 0.353, 7.32, 
0.937 1000-200 Non uniform 0.16,0.25,0.4,0.17

SPF-P&O 200 4 PV module in 
series 405.63, 331.85 4.59, 30.53 1000-120 Uniform & Non 

uniform NA

Authors [Reference No.] Optimization
Techniques

Numan BA et al. [31] 

Gil-Velasco A et al. [32] 

Efendi MZ et al. [33] 

Shang L et al. [34]

Zand SJ et al. [35]

Baimel D et al. [36]

Hua C et al. [37]

Nadeem A et al. [38]

Fapi CBN et al. [39] 
Sarika EP et al. [40]

LiCetal. [41]

Owusu-Nyarko I et al. [42]

Sarwar S et al. [43] 

Hafeez M A et al. [44] 

Gonzalez-Castano C et al. [45]

P&O 
Variable-step P&O 

P&O, ACO, 
ACO-P&O, Proposed 

P&O, 
Modified P&O 

Conventional INC 
Proposed INC 

INC 
SP-INC 
FOCV 

PC 
SPC 

CSAM 
Proposed 

Analytical FOCV 
Offline FOCV, 

Proposed 
FSCC, Proposed 

Proposed, VSS P&O, 
VSS fuzzy 

Proposed INC 
Fixed-step INC 

Variable-step INC 
Proposed, 

Variable-step-size 
methods 

PSO, DFO, INC, 
Hybrid, CS, FA, ACO 
Hybrid, DFO, ACS, 
WCA, PSO, P&O.
SPF-P&O, P&O
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Table 2. Pros and cons of recent work based on conventional techniques.

Authors [Reference No.] Pros Cons

Numan BA et al. [31] • Less computationally complex
Oscillations around GMPP 
Power loss while tracking 
GMPP
High tracking time

Gil-Velasco A et al. [32]
• High convergence time •
• High tracking efficiency

Oscillations around GMPP 
Power loss due to oscillations 
around GMPP

Efendi MZ et al. [33]
• Additional current Voltage sensors are • 

required
No record of tracking time is
given

Shang L et al. [34]
• Ability to judge the correct direction of

disturbance
• High tracking accuracy •

Low oscillations around GMPP 
results in power loss 
Significant boost in GMPP is 
observed

Zand SJ et al. [35]
• Simple to implement •
• High tracking efficiency

Oscillations are GMPP cannot 
be removed
Tracking time is not recorded

Baimel D et al. [36] • Improves overall system efficiency
Power loss include switching 
loss, switches loss, and output 
power of semi pilot cell

Hua C et al. [37]
• Accurate tracking •
• Low tracking time •

Additional sensor is required 
Low oscillations around MPP

Nadeem A et al. [38]
• Can continuously measure Voc • 

without disconnecting PV module
• High tracking efficiency •

Three sensors are required to 
sense Voc
Computationally more complex 
No record of tracking time

Fapi CBN et al. [39]
• Low ripples in output power
• Improved tracking efficiency

Two sensors are required for 
current and irradiance 
measurement 
Initial setting of more 
parameters are required

Sarika EP et al. [40]
• Low tracking time •
• Low ripples in output current •

Oscillations around GMPP

LiCetal. [41]
• Automatically regulated step size 

enhances the tracking performance •
• Fast dynamic response •

Oscillations in steady state 
Highly intricate in design

Owusu-Nyarko I et al. [42]
• Dynamic performance is enhanced by 

adjusting scaling factor in accordance • 
with irradiance. •

• Low overshoot.

Oscillations in steady state

Sarwar S et al. [43]
• High tracking efficiency •
• Low settling time. •

Oscillations around GMPP 
Highly intricate in design.

Hafeez M A et al. [44]
• High tracking efficiency
• Ability to handle complex partial • 

scenarios •
Oscillations around GMPP 
Computationally more complex

Gonzalez-Castano C et al. [45]
• Robust and fast tracking response
• No oscillations in steady state

under PSCs •

Low tracking factor at the time 
of system start up 
High settling time

4.2. S w arm  In tellig en ce M P P T  Techniques

T h is sectio n  o f th e  p a p e r e x p la in s  v a r io u s  sw arm  in te llig e n ce  M P P T  te ch n iq u es  in  
detail and reports the recent w o rk  done w ith  these techniqu es to enhance M P P T  along w ith  
th e ir pros and cons in Tables 3 and 4 respectively.
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4.2 .1 . A n t co lo n y  O p tim izatio n

A n ts ' coop erativ e  search  behav ior for the sh ortest path  betw een  sou rce food and their 
co lo n y  m o tiv a te s  A C O . F irstly , an ts  scu rry  a b o u t a im lessly . W h e n  an y  a n t fin d s a food  
so u rce , th e y  re tu rn  to  th e ir  h o m e a lo n g  w ith  th e  fo o d , lea v in g  p h e ro m o n e  tra ils  a t th e ir 
b ack . T h is p h erom on e is com p osed  of p articu lar artificia l com p ou n d s th at are received  by  
liv in g  o rg an ism s to  sen d  m essag es  o r co d es  to  o th er  m e m b ers  o f th e  sam e class. I f  o th er 
co lo n y  an ts  co m e  acro ss su ch  a ro u te , th e y  w ill fo llo w  it  to  th e  fo o d  so u rce  ra th er  th an  
roam in g  random ly.

T h e y  leav e  p h e ro m o n e s w h e n  th e y  re tu rn  to  th e ir  territory , b o o s tin g  th e  e x istin g  
p herom one strength. The po ten cy  of the p herom one is cond ensed  as p herom one d issip ates 
ov er tim e. T h e  ants u ltim ate ly  reg u late  and find the sh o rtest p ath  to  th e  food sou rce.

T h e  p ro ced u re  starts w ith  a sin g le  co lo n y  o f (a rt if ic ia l)  an ts  th a t h as b e e n  ra n d o m ly  
p o sitio n ed  in  th a t colony. Su p p o se  an ts  are  rep resen ted  b y  N  p aram eters. E ach  a n t in  the 
co lo n y  u ses its m ag n etic  p o w er to en tice  an o th er an t. T h ey  trav el fro m  th e  lo w er p o ten cy  
z o n e  to  th e  h ig h er p o ten cy  z o n e  o n  th e  b a sis  o f  a ttractiv e  fo rce. T h e  a ttra c tiv e  p o w er 
re so lu te  a fte r  e a ch  ite ra tio n  cy cle  an d  th e  an ts  trav el in  th e  d irec tio n  o f th e  b est o p tio n  
b ased  on  th e  results.

C o n sid e r  a p ro b lem  in  w h ich  " n "  a rtific ia l an ts  (p a ra m e ters) m u st b e  tu n ed  so  th a t 
A  >  n. T h e  so lu tio n  re g iste r  stores " A " ,  w h ich  rep resen ts th e  p rim a rily  created  arb itra ry  
so lutions. The resu lt a fterw ard s sited  accord ing  to their fitness sign ificance, f (si), is show n 
in E q u atio n  (9):

f ( s 1) <  f ( s 2 ) <  f (s3 ) <  f (s4 ) .....................<  f(sn ) (9)

S im ilarly , fresh  arran g em en ts  are created  to  d eterm in e  the  p lacem en ts o f th ese  ants 
w ith  th e  h e lp  o f G a u ssia n  k ern e l fu n ctio n  sam p lin g  fo r ith  d im en sio n s an d  k th  so lu tio n  
as [46 ]

G i (x )  =  Efc=1 w kg k (x ) =  Efc=1 w k

(x—fi k y

2( *  k y
k r l

\ f2 n a
(10)

ak , j^k, and wk can  be evalu ated  as

—i \—'A I sk sk I
4  =  e Ek= ^ i ^A- l k L (11)

k =  V  2'

w k=
0  A

s1,s2,

(k—1)2 11

V 2

2(fA)2
n

. s A (12)

(13)

e

s

e
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T h e in v e stig a tiv e  cy cle  w ill b e  co n tin u a l d ep en d in g  o n  th e  q u a n tity  o f p a ra m ete rs  
th at n eed s to  b e  im p ro v ed . F irst, w e g en erate  " B "  n o v e l so lu tio n s th a t su m  u p  th e  in itia l 
" A "  so lu tio n s. A fte rw ard s, A  +  B so lu tio n s m u st b e  p la ced  in  th e  sea rch  b ox . S o o n  after, 
A 's  m o st e ffectiv e  a rran g em e n ts  are re -estab lish ed . T h e  en tire  cy cle  is th u s re -h ash ed  for 
the requ ired  am o u n t of iteratio n s [4 7 ] . E ffectiv e  track in g  o f G M PP, h ig h  con v erg en ce  rate, 
an d  a  le sser n u m b e r o f ite ra tio n  m ak es A C O  m o re  ad v  a n tag eo u s th a n  tra d itio n a l M P P T  
tech n iqu es. A  flow ch art o f A C O  is sh ow n  in  F igure 12 .

Initialize ACO 
parameters & solutions

Evaluate Voltage, Current & >
Power for each artificial ant

Evaluate Gaussian kernal, Standard 
deviation, Mean & weight function 

for each artificial ant

(  Stop )

Figure 12. ACO-based MPPT technique [47].

4 .2 .2 . P article  Sw arm  O p tim izatio n

P SO  is a ra n d o m  search  tech n iq u e . It u tilize s  th e  p rin cip le  o f m a x im iz in g  n o n lin ea r 
co n tin u o u s  fu n ctio n . It fo llo w s th e  ru les o f n a tu ra l m a n n er o f fish  sch o o lin g  an d  flo ck  
g ath erin g . Sev era l co m b in ed  b ird s  are u sed  in  th is tech n iq u e , each  o f w h ich  rep resen ts a 
p article . In  search  sp ace, ev ery  p artic le  h as a fitness v a lu e  m ap p ed  b y  a v ecto r of p o sitio n  
and velocity. The d irection  and steps o f every  p article  are d eterm ined  b y  their fitness value. 
F o llo w in g  th at, a ll p a rtic les  p re sen t a so lu tio n  b y  co m b in in g  th e  in fo rm a tio n  g ath ered  
d u rin g  th e ir  o w n  search  p ro cess  to  a rriv e  at th e  o p tim al so lu tio n . T h is  te ch n iq u e  starts  
w ith  ra n d o m  so lu tio n  g ro u p s b a se d  o n  p a rtic les  p o sitio n  an d  v e lo c ity  in  th e  sea rch  area. 
W ith  the h elp  o f cerebral and social trad e-off, the fitness v alu e  o f p artic les  is ad ju sted  after 
each  itera tio n . B eca u se  o f th e  trad e  off, sh ifts  in  in d iv id u a l an d  co m m u n ity  b e st p o sitio n  
are obtained . Ind iv id u al p artic les ' b est po sition  is also rem em bered  b y  every  p article  w h ile  
also  accu m u latin g  the g lobal b est p o sitio n  [48 ] .
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A fter e a ch  cy cle , th e  sw a rm  tries  to  d eterm in e  th e o p tim u m  so lu tio n  b y  stim u la tin g  
th e  p o sitio n  an d  velocity . F o llo w in g  th at, a g lo b a l m a x im u m  is sw iftly  ach iev ed  b y  each  
p article . F or the k th  cy cle , the n th  m o lecu le  refresh es the co n d itio n  w ith  p o sitio n  " Y "  and 
v e lo city  " v "  as g iven  b e lo w

v n (k  +  1 ) =  W vn (k)  +  a 1 Pp,best-k — Yn (k )^ +  a 2^2 ( Pg ,best — Yn (k )^ (14)

Yn (k  +  1) =  Yn (k )  +  v n (k  +  1) (15)

n =  1 , 2 , 3 , ........................ , N

If, w ith  an  im p ro v ise d  scen a rio  as in  E q u a tio n  (16), th e  in itia liz a tio n  re q u irem en t is 
satisfied , the tech n iq u e  u p d ate  is in  line w ith  E q u atio n  (17):

f t ( Y n - k ) >  f t (Kp p, best-k^ (16)

p p, best-k =  Yn -k  (17)

" f t "  m u st b e  m ax im ize d . F ig u re  13 sh o w s th e  flo w ch a rt o f th e  P S O  a lg o rith m  to 
track  GM PP.

In the search space, 
randomly initialise particle 

position ‘Y ’ and velocity ‘v\

For every particle s e t : 
Personal best fitness & position 

=  current fitness & position

Set Global best fitness = 
minimum of ( local best fitness)

Set global best fitness 
ft ( p g,best) =  current 

fitness ft (Yk)

Figure 13. PSO-based MPPT technique [48].

4 .2 .3 . A rtific ia l B ee C o lo n y

T h e A B C  ap p ro a ch  is b a se d  o n  h o n ey  b e e s ' fo ra g in g  in te llig en ce . T h is  ap p ro a ch  is 
a sen sib  le , m o d e rn , an d  sp e cu la tiv e  g lo b a l o p tim iz a tio n  tech n iq u e . H o n ey  b ee s  re sid e  
in sid e  th e ir  h iv es  an d  u se  a ch e m ica l exch an g e  (p h ero m o n es) an d  th e  sh ak e  d an ce  fo r
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th e ir com m u n ication . If a b ee  find s a h o n ey  sou rce  (food ), it takes food b ack  to its h iv e  b y  
perform ing  a shake dance to trade off the food-source site. The p otency  and d uration  of the 
sh ak e  d an ce sh o w  the richness o f th e  food  sou rce  d iscovered .

Three classes of artificial bee are form ed by  A BC  algorithm , i.e., em p loyed , scou ts, and 
sp ectator bees. The h ive is d ivided equ ally  betw een  em ployed  and sp ectator bees. The m ain 
aim  of w h ole  b ees group is to  find the b est h on ey  sou rce. E m p loy ed  b ees seek  out a hon ey  
sou rce  (food ) in itially . T h ey  re v is it th e ir  h iv e  an d  co m m u n ica te  th e ir  fin d in g s w ith  o th er 
g ro u p s of b ees th rou gh  sh ak e  d an ce m o v em en ts. B y  carefu lly  exam in in g  the sh ake d ance 
o f e m p lo y ee  b ees , sp ecta to r b ees try  to  find  th e  fo o d  sou rce , w h ile  sco u t b ees im p recise ly  
search  fo r n ew  fo o d  so u rces. T h u s, w ith  th is  co m m u n ica tio n  an d  co o rd in a tio n  a m o n g st 
them , artificial hon ey  bees arrive at ideal solu tions in  the p ossib le  shortest tim e [49 ,5 0 ]. The 
A B C  a lgorith m  u ses five p h ases to track  G M P P  as d iscu ssed  below .

P h ase  1: In it ia l iz a t io n  p h ase
First, create N s food sou rces at rand om  in  the hu nt arena. The alg orith m 's perform ance 

im proves w ith  the increase in size of the group. E ach  so lution  Y j is an n -d im ension al vector 
th at d isp enses the entire  em p loyed  bee equ iv a len t to  each  d istinctive  sou rce of food  as p er 
E q u atio n  (1 8 ) w ith  n o p tim ization  p aram eter nu m bered  as

Yi ,k Ymin,i +  rand[0, 1} (Ymax,i Ymin,i) (18)

i =  1 , 2 , 3 , ....................................N S &  k  =  1 , 2 , 3 , .............. n

P h ase  2: E m p lo y ed  b e e  p h ase
T h e g o al is  to  ch ase  th e  fo o d  sou rce  lo ca tio n  in  th e  e x p lo ra tio n  reg io n  w ith  th e  m o st 

n ectar accessible  (i.e., G M P P ). E very  em ployed  bee p rogresses to its n ew  p o sition  (X j, k) in 
the im m ed iate  space b y  m eans of the previou s p osition  valu e (Y j) to m ain tain  the previou s 
p o sitio n  v a lu e  (Y j) secu re ly  in m em o ry  acco rd in g  to  E q u ation  (19):

X i,k =  Yi,k +  a i,k(Xi,k -  Yj,k) .  j  =  I , 2 , 3 , ............. N s (19)

Yj is o th er th an  Y j, i.e ., i =  j,  and «i,k ranges from  [ - 1 , 1 ] .
A  g lu ttonou s assortm ent m ethod  is adopted  by  em ployed  bees after they search  a new  

food  sou rce . T h e  q u an tity  o f n ectar p resen t at th e  p rev iou s and latest sites is com p ared  in 
th is tech n iqu e. A s a resu lt, a b etter  op tio n  is preserved .

P h ase  3: S p e c ta to r  b e e  p h ase
O n  the basis of the in form ation  of the food source obtained  b y  sp ectator b ees from  em ­

ployed  b ees w ith  their shake d ance, sp ectator b ees use a probabilistic selection  m echanism  
in  o rd er to  id e n tify  fo o d  sou rces (so lu tio n s) w ith  f(x) fitn ess facto r acco rd in g  to  E q u atio n  
(20).

= i f ; i = w .................. N  (20)

P h ase  4: S co u t b e e  p h ase
Scou t bees can  locate fresh feasib le so lutions on the basis of E qu ation  (20 ) in  the vicin ity  

o f th e  ch o se n  fo o d  sou rce . In  a n y  ev en t, e v e n  a fte r a  th o ro u g h  in v e stig a tio n  o f th e  en tire  
in v e stig a te d  area  b y  em p lo y ed  an d  sp ecta to r b ees , th e  fo o d -so u rce  fitn ess v a lu e  rem ain s 
u n affected  fo r  th e  e x is tin g  step . T h e  sam e em p lo y e d  b ee s  tu rn  in to  sco u t b ees , an d  the 
sco u t b ees use  E q u ation  (18) to  h u n t for n ew  p o ssib le  so lu tion s in th e  n ext step .

P h ase  5: C o n c lu s io n  p h ase
In  case th at ou tpu t pow er does not show  any fu rther im provem en t, the m ethod  com es 

to  an  end . T h e  p ro ced u re , o n  th e  o th er  h an d , w ill re s ta rt w h e n  th ere  is a  flu ctu a tio n  in
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ou tpu t pow er on  accou nt o f variou s factors. Irrad iance variation  is one am ongst them , and 
su ch  ch an g es can  b e  rep resen ted  as

Ppv Ppv old

- pv old
(21)

If E q u a tio n  (21) is sa tisfied , A B C  a g a in  sta rts  sea rch in g  G M PP. H en ce , A B C  w o rk s 
w ell in  P SC s. F igu re  14 show s a flow ch art o f the A B C  tech n iqu e.

Initialization phase

Set the control Parameters & 
Initialize Employed bee location 

Yi,k ( i.e initial duty cycle)

Employed bees phase
Alter Yi,k ( i.e initial duty cycle) &

Start greedy selection process; 
Evaluate each food source 
probability o f selection Pi

Spectator bees phase

Scout bees phase

Select spectator bees & 
compute their duty cycle; 

Start greedy selection process

i
Determine the scout bees' 

abandoned duty cycle; 
Replace & re-evaluate them 

according to eq (18)

Stores best global duty 
cycle till achieved;

Re-initialize the 
duty cycle as per eq

Figure 14. ABC-based MPPT technique [50].

4.2 .4 . G rey  W olf O p tim izatio n

T h e G W O  te ch n iq u e  w as p ro p o se d  in  2 01 4. It is m o tiv a te d  b y  so cia l s tra tifica tio n  
an d  th e  g ray  w o lf 's  b e h a v io ra l h u n tin g  p e rso n a lity  [5 1 ] . G rey  w o lv es , a s  a w h o le , liv e  
in  p ack s w ith  ty p ica l s ize  o f a ro u n d  5 -1 2 . A cco rd in g  to  th e  h iera rch ica l ch a in  sh o w n  
in  F i .u r e  15 , g rey  w o lv es  are c lass ified  in to  fo u r ca te g o rie s  b a se d  o n  th e ir  co m m u n ity  
suprem acy. A lp ha (a ) w o lv es are the p ion eer at the p eak  and are thus regard ed  ns the b est 
sou rces o f so lu tion s for a g iven  o p tim ization  p roblem . B eta  (|3) w o lv es p u rsu e  the (a )  and 
ausist them  in fu lfilling their tasks. They take (a ) w o lv es ' p osition  if the (a ) w olv es dfe. The 
d elta  (6) w o lv es  m ak e  u p  th e  p a c k 's  h u n te rs , k e ep ers , an d  ex p lo rers  an d  are th e  seco n d
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en d -c lass . A s a resu lt, (p ) an d  (6) w o lv es  re p re sen t th e  seco n d - an d  th ird -b est so lu tio n s, 
co rresp o n d in g ly . O m e g a  (w ) w o lv es  are  th e  la st g ro u p , w h ich  m ak e  u p  th e  y o u n g e st 
m em b ers and th erefore  stand  for th e  resid u al so lu tion  [52 ] .

Assist the leaders

Hunters, Keepers 
&Exglorer^

Young Members

Figure 15. Grey wolves hierarchy sequence.

T h e  su p rem a cy  o f w o lv es  is red u ced  as th e  p o sitio n  o f th e  w o lv es  lo w ers  in  the 
hierarchical order from  top to bottom . A side from  the com m u nity  order o f w olv es, the grey 
w o lf 's  so c ia l b e h a v io r  is a lso  h e a v ily  in flu en ced  b y  a g g re g a tio n  h u n tin g . O n  th e  b a sis  o f 
th is , th e  G W O  alg o rith m 's  m ath em atica l m o d el an aly zes the fo llo w in g  m easu re  [5 2 ] : 

S te p -1 : S o c ia l H iera rch y
T h e G W O  te ch n iq u e  p resu m es (a )  as th e  fitte st so lu tio n , fo llo w ed  b y  (p ) an d  (6) as 

the second - and th ird -finest so lu tions, to s im ulate the h ierarch ical system  of w olv es. (w ) is 
th o u g h t to  re p re sen t th e  le ft-o v er co n ten d e r so lu tion s, T h u s a ,  p an d  6 w o lv es  g u id e  the 
h u n tin g  p ro cess w ith  w w o lv es tra ilin g  b eh ind .

S te p -2 : T ra ck in g  an d  E n c irc lin g  th e  P rey
G rey w o lv es frequently  encircle  prey all through  the h u ntin g  phase , expressed  m ath e­

m a tica lly  b y  E q u atio n s (22) an d  (23) (w ith  itera tio n  " i " ) .  E q u atio n  (22) ca lcu la tes  a w o lf 's

d istan ce  v ecto r d from  p rey  w ith  cu rren t iteration .

d B .X p GW( i ) - X p  (r) (22)

X P (i +  1) =  X P)GiW(,i) -  A . d 

A  =  2 a . r l  -  ct 

IB =  2r2

(23)

(24)

(25)

r & r2 ranges betw een  (0 ,1 ] , and a =  l inearly  d ecreases from  2 to t  d uring each  iteration.
S te p -3 : H u n tin g

Using; arb itrary  v ecto rs r  end  r2, any p lace  in  b etw een  the po in ts can tie reached  b y  a 
w o lf. T h e  first th ree  b e s t so lu tio n s  (i.e ., a ,  p, an d  6 w o lv e s ' lo ca tio n s) are  in itia lly  saved . 
O ther probing w o lv es alter their lo crtio n s b ased  on the top) so lution  know led ge. A s a result, 
a g rey  w o lf can  use  th is tech n iq u e  to  im p ro v t its p o sitio n  in an y  arb itrary  d irection .

S te p -4: A tta ck  th e  P rey

S in ce  in  e a ch  cy cle , tire a d rop s lin e a rly  fro m  2 to  0, th ere fo re , w h e n  |A| <  1 is 
a c h ie v e ) ,  th e  p rey  co m e s to  a stan d s till in  an  u n ch a n g in g  p o sitio n , an d  th e  g re y  w o lv es  
attack  it.

S tsp -5 : S e a rch e s  fo r  P rey
If co n d itio n  |A | ;> 1  is ach iev ed , g rey  w o lv es  are co m p elled  to  lo o k  fo r the, prey. T he 

e x p lo ra tio n  a p p ro ach  is d ep icted  in  th is p ro ced u re  w h ere  th e  w o lv es  w a n d e r aw a y  fro m  
each  o th er in search  o f prey, th en  retu rn  to  a ttack  th e  prey.

In  a d d itio n  to  th is , a  flo w ch a rt to  e x p la in  th e  o p era tio n  o f th e  G W O -b a sed  M P P T  
tech n iq u e  is d ep icted  in F igu re  16 .
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Arbitrary develop duty 
cycle ‘D ’ for each wolf

(  Stop )

Figure 16. GWO-based MPPT technique [52].

4 .2 .5 . Salp  Sw arm  A lg o rith m  (SSA )

S S A  w as p ro p o se d  in  20 1 7  an d  m im ics  th e  sa lp s ' sw a rm  b eh av io r. S a lp s  are b a rre l­
shaped, je lly lik e  zoo p lan kton  w ith  je lly lik e  b od ies, and they  live in  the d eep, w arm  w aters 
o f the ocean . It m o v es b y  sw im m in g  w ith  its g e la tin o u s body, w h ich  p u m p s w ater all the 
w ay  through it. It m oves b y  constructing  a chain  form ation  of one leader, and re st fo llow  in 
i f e  ch  ain  i5 3 ] . F igu re 17 sh  ow s its flow chart.

A t first, a can d id ate  so lu tion  for the lead er is u p d ated  and then  for the fo llow ers w ith  
th e  so lu tio n s fo u n d  fo r th e  lead ers. L e t th e  en tire  c h a in 's  p rim a ry  so lu tio n  b e  g iv en  b y
X m,n, w h ere  m  =  1 , 2 , 3 , ............. , M  and  n =  1 , 2 , 3 , ........... , N  re p re sen t sa lp  ch a in  s ize  an d
verd ict variab le nu m bers, respectively. The lea d e r 's  cand id ate solutions are rationalized  b y

XZW  =  Pn +  a1 { ( X +  -  X - > 2  +  X - > 3  >  0.5 

Xmew  =  Pn -  a 1 { ( X +  -  X - ) a2 +  X - ) a3 <  0.5

(26) 

(27)
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R and om  nu m bers a2 and  a3 are d istributed  evenly  b etw een  [0 ,1 ] , as per the fo llow ing  
E qu ation :

a 1 =  2e - ( 4 i / 1 )2 (28)

w h ere  i=  cu rren t itera tio n , and  I=  itera tio n s m ax im u m  count.
T h is so lu tion  aids in  u p d atin g  the fo llo w ers ' can d id ate  so lu tions:

v new _  X m,n +  X m-1,n ^
X m,n 2  ( )

If, a fte r  m o d ify in g  th e  ca n d id a te  so lu tio n s as re co m m en d e d  in  E q u atio n s (2(3), (27),
and (29), the? entire chain  cand id ate solutions still b reach  the m in im u m  and m axim u m  stan­
d ard s o f verd ict variaM as, the can d id ate  so lu tion s m u st b e  re in itia lized  at the ap p rop riate  
m in im u m  and  m an im u m  valu es c f  verd ict v ariab les.

Compute each Salp initial fitness value

Rectify best fitness value particle ; 
Set best particle as leader

Upgrade weight constriants 

*
Set Food fitness & position = 
best Salp fitness & position

Upgrade iteration parameters

( stop

Figure 17. SSA-based MPPT technique [46].
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Table 3. Taxonomy on recent reported work on swarm intelligence techniques to track GMPP.

Authors [Reference No.] Optimization
Techniques

Best Optimization 
Techniques PV Module Pm (W) PV System Size GMPP

(W)
Improved GMPP 

(%) Irradiance (W/m2) Shading Patterns Tracking 
Time (s)

Krishnan SG et al. [54] Proposed, ACO, PSO, 
P&O Proposed ACO 20 4X4 63,48.75 1.00, 32.29 NA Non uniform 1.5, 1.56

Sridhar R et al. [55] ACO, P&O ACO NA 3 PV module in 
series 61.4 261.1 NA Non uniform 0.076

Alshareef M et al. [56] APSO, PSO, P&O APSO NA NA 40.56, 73.33, 76.51 13.07,4.29, 73.49 NA NA 1.9-2.4
Panda KP et al. [57] Modified PSO 

PSO, P&O Modified PSO 60 4X 1 116.4 105.3 1000-400 Non uniform 0.9
Gopalakrishnan SG et al. 

[58]
Proposed PSO 

PSO, P&O Proposed PSO 20 4X 4 
3X 6 56.25, 48.75 18.42, 32.29 NA Non uniform 1.9,1.7

Mao M et al. [59] Proposed,
PSO Proposed 83.2824 3X 1 245.31, 60.8, 148.38 -0.28, 32.83, 1.54 1000-300 Non uniform 0.012-0.016

Koad RBA et al. [60] LIPSO, P&O 
INC, PSO LIPSO NA 4X 1 60.64, 48.76, 36.58, 

24.29, 11.67
4.98, 12.79, 8.80, 

16.23 1000-200 Uniform NA

Belghith OB et al. [61]
PSO 

Fuzzy TS PSO 150 1 PV module 148.46, 122.81, 
55.67 1.48, 2.36, 5.69 1000-400 Non uniform 0.003-0.043

P&O
3 PV module in

Obukhov S et al. [62] VCPSO,
CFPSO VCPSO 320.4

series, 4 PV 
module in series, 8 

PV module in 
series

960.2, 478.8, 477.8, 
312.3

0.376,0.041, 0.378, 
0.192 1000-100 Non uniform 0.48-0.66

Li H et al. [63] OD-PSO 
Firefly, P&O-PSO OD-PSO 101.3 3 PV module in 

series 112.85, 110.85 -10.48,4.00 1000-300 Non uniform 1.64,2.08

Suhardi D et al. [64] GWO
INC GWO 200 NA 203.2, 142.2, 35.9 112.19, 54.76, 

-50.72 1000-400 Non uniform 0.55

Kumar CS [65]
EGWO 
GWO 
PSO 

P&O, PSO

EGWO 200 4 PV module in 
series, 2 X 2

522.629,401.044,
522.763,401.027

0.938, 2.707, -0.05, 
7.91 1000-400 Non uniform 3.6-4.8

Shi JY et al. [66] GWO, GWO-P&O 
GWO-GSO

GWO-GSO 60 4X 1 100.72 100.95 1000-300 Non uniform 0.64

Ilyas M [67] Modified GWO 
GWO Modified GWO 100 4 PV module in 

series, 2 X 2 444.65, 435.76 0.234, 0.045 NA Non uniform 0.189, 0.21

Kraiem H et al. [68] PSO, GWO
SSA
PSO

PSO 249 4 PV module in 
series 645.6, 633.9, 359.1 0.077, 0.939, 0.447 1000-200 Non uniform 0.0561-0.071

Jamaludin MNI et al. [69] GOA
GWO
BOA
HC

SSA 59.85 4X 1 136.3, 114.3, 176.9 23.5, 107.7, 58.93 1000-500 Non uniform 0.22, 2.3, 4.2

Dagal I et al. [70]

Hybrid SSPSO 
P&O 
FA 
DE 

ISSA

SSPSO 60 4 PV module in 
series 124.09 6.55 1000-400 Non uniform 0.29



Mathematics 2023, 11, 269 22 of 48

Table 3. Cont.

Authors [Reference No.] Optimization
Techniques

Best Optimization 
Techniques PV Module Pm (W) PV System Size GMPP

(W)
Improved GMPP 

(%) Irradiance (W/m2) Shading Patterns Tracking 
Time (s)

Krishnan S et al. [71]
SSO

WOA
GWO

SSO 220.5
3 PV module in 

series 
2X2

294.8,41.8, 525.4, 
38.5, 445.2, 02.7

5.58, 10.04, 39.92, 
14.67, 14.97, 28.43 750-500 Non uniform 0.0245-0.0749

Farzaneh J et al. [72]
P&O, FFA, 
PSO, DE, 
SSA, ISSA

ISSA 60 4 PV module in 
series 115.59 6.53 1000-400 Non uniform 1.22

Ali MHM [73] P&O, SSO SSO NA NA 843.5 2.55 200 Uniform 0.72
Balaji V et al. [74] Hybrid SSPO 

SS, PO Hybrid SSPO 50 4 PV module in 
series

50.3, 85.1, 78.2, 
96.1

27.66, 0.09, 24.32, 
51.10 1000-200 Non uniform 0.52-0.57

Restrepo C et al. [75] ABC-P&O 
GMPPT P&O

ABC-P&O 200.143 4 PV module in 
series 597.95 54.19 900-120 Non uniform NA

Sawant PT et al. [76] ABC, PSO ABC 75 NA 74, 61 2.77, 3.38 1000-800 Non uniform NA
Li N et al. [77] P&O, PSO 

ABC, MABC Modified MABC NA 2 PV module in 
series 850 70.68 1000-800 Non uniform 0.39

Wan Y et al. [78] SSA-GWO, P&O, PSO, 
SSA SSA-GWO 35 3 PV module in 

series 104.88, 44.55, 69.32 0.788, 28.60, 1.612 1000-300 Non uniform 0.46, 0.53, 0.47

Hayder W et al. [79] IPSO, PSO-P&O, 
ANN-PSO IPSO 120 NA 119.9720, 69.9888, 

94.9073, 45.3924 NA 1000-400 Non uniform 1.5
Almutairi A et al. [80] OGWO, P&O OGWO 60 NA 60, 47.8, 23 32.77 NA Non uniform 0.5, <1,
Sharma A et al. [81] TSA-PSO, FPA, GWO, 

TSA, PSO, P&O TSA-PSO 85 3 PV module in 
series

103.36, 122.88, 
156.84

22.20, 5.97, 
13.11 1000-300 Non uniform 0.38, 0.54, 

0.40

Chao K-H et al. [82] I-ABC, PSO, P&O, 
ABC I-ABC 20 4 x 3

246.6,
198.6, 148.8, 107.1, 

77.1
0.08, 2.00, 0.881, 

17.43, 66.88 NA Non uniform 0.38, 0.63, 0.89, 1.48, 
1.14

AlarajM et al. [83] HGWO, PSO, INC HGWO 450 5 x 5 8256, 6441, 6347, 
5567

13.23, 13.09, 20.50, 
22.86 1000-400 Non uniform 0.08,0.07

Windarko N A et al. [84] Proposed,
DE, FF, PSO, GWO 
ICPSO, P&O, INC,

Proposed 100 3 PV module in 
series 172.9, 170.9, 80.9 5.81, 65.60, 226.2 1000-100 Non uniform 0.45, 0.41, 0.52

Chawda G S et al. [85] GA-based FLC, 
PSO-based FLC 
PSO-GA-FLC

ICPSO NA NA 97.3, 60, 94.2 7.955, 11.77 1000-300 Non uniform 0.1
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Table 4. Pros and cons of recent work based on swarm intelligence techniques.

Authors [Reference No.] Pros Cons

Krishnan SG et al. [54]
• High tracking efficiency
• Less iterations are required to achieve GMPP
• Less ripples in output power

• Convergence time can further be reduced
• Computationally complex

Sridhar R et al. [55] • Ability to achieve high GMPP in PSCs • Tracking time is high when compared with conventional technique
• Required more numbers of iterations

Alshareef M et al. [56]
• Can distinguish between LMPP and GMPP
• Fast dynamic response

• Tracking time can further be improved
• Oscillations around GMPP

Pandal KP et al. [57]
• No oscillations in steady state
• Both good and worst position of particle is considered

• High computational complexity
• Required more number of iterations

Gopalakrishnan SK et al. [58] • Ability to achieve true GMPP in PSCs • Oscillations in steady state
• High tracking time

Mao M et al. [59]
• With adaptive inertia factor, tracking time is improved
• Low MPP tracking error in PSCs

• Computationally more complex
• Oscillations around GMPP
• Require more number of iterations

Koad RBA et al. [60]
• High tracking efficiency
• Less iterations are required to reach at GMPP

• Algorithm estimates three sets of duty cycle making it more intricate in 
design

Belghith OB et al. [61]
• Takes less time to reach at MPP
• High accuracy • Cannot track GMPP in some changing irradiance condition

Obukhov S et al. [62] • Optimal parameters of PSO is conveniently selected • Time to track GMPP can be further improved

Li H et al. [63]
• Required less number of iterations
• Low power fluctuations

• High tracking time
• Trapped in LMPP is some cases when tested on hardware
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Table 4. Cont.

Authors [Reference No.] Pros Cons

Suhardi D et al. [64] • Low power loss while tracking GMPP • Cannot achieve GMPP is some shading conditions
• Tracking time can further be improved

Kumar CS et al. [65] • Low standard deviation • Very high tracking time
• Trapped in local GMPP

Shi JY et al. [66]
• Highly accurate
• Hunting process is accelerated by varying decision weight

• Comparatively more iterations are required results in power loss
• Intricate to design

Ilyas M et al. [67]
• High tracking efficiency
• Algorithm modified the surrounding and hunting behavior that finds the 

optimum solution correctly

• Oscillations around GMPP
• Computationally more complex

Kraiem H et al. [68]
• Low tracking time
• Low oscillations around GMPP

• High computational complexity

Jamaludin MNI et al. [69]
• High accuracy
• Zero steady state oscillations
• High convergence speed

• Inability to deal with rapidly changing environment conditions
• Information regarding change in landscape fitness is not considered while 

tracking GMPP
• Required periodic tuning

Dagal I et al. [70] • High tracking efficiency • Not tested on hardware setup

Krishnan S et al. [71]
• No periodic tuning is required
• Low computational complexity in comparison to other metaheuristic 

approaches

• Oscillations around GMPP
• Requires large number of iterations

Farzaneh J et al. [72]
• No oscillations around GMPP
• High tracking efficiency

• High tracking time
• Computationally more complex to design

Ali MHM [73] • High tracking efficiency • Oscillations around GMPP
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Table 4. Cont.

Authors [Reference No.] Pros Cons

Balaji V et al. [74]
• fewer initializations of parameters
• reduced oscillations in initial stage of tracking

Hardware validation is not done

Restrepo C et al. [75]
• Rapid control loops
• Quick response High computational constraint

Sawant PT et al. [76] • Highly accurate Intricate to design
Hardware validation is not done

Li N et al. [77] • High tracking efficiency Computationally more complex to design

Wan Y et al. [78]
• Accurate GMPP tracking
• Low power fluctuations

Parameter initialization is required 
Low oscillations in steady state

Hayder W et al. [79] • High accuracy Temperature effect is neglected in testing

Almutairi A et al. [80] • Low fluctuation of power in steady state around MPP High tracking time
More number of iterations are required

Sharma A et al. [81]
• Fast tracking capability
• Less number of iteration is required High computational complexity

Chao K-H et al. [82] • Low power losses during power-generation process High tracking time in complex PSCs

AlarajM et al. [83]
• Low convergence factor
• Low rise and settling time Highly intricate to design

Windarko N A et al. [84]
• High energy tracking capability
• Random calculations are avoided which minimize unnecessary duty cycle High cost of implementation

Chawda G S et al. [85]
• Low tracking time
• INC is utilized to update particle position and velocity, resulting in high 

dynamic response
Computationally more complex
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4.3. B io In sp ired  Techniques

T h is p a rt o f  th e  p a p e r e lab o ra te s  v ario u s M P P T  te ch n iq u es  in sp ired  b y  b io lo g ica l 
b e h a v io r  o f d iffe ren t o rg an ism . A d d itio n ally , v a r io u s  re ce n t w o rk s  d o n e  to  tra ck  M P P  
in co rp o ratin g  th ese  tech n iq u es are tab u lated  in T ables 5 and 6 .

4 .3 .1 . F irefly  M P P T  A lgorith m

Fireflies are b eetles em ittin g  light in th e  n ig h t and com m u n icate  am o n g st th em selv es 
u s in g  a sp ecia l lig h t p a ttern . T h e  lig h t co lo r fo rm ed  b y  e ach  sp ecies is u n iq u e . T h e  FFA 's 
hu ntin g  tactic is governed  b y  firefly attraction , w h ich  is equ iv alent to brightness. A  d im m er 
firefly approaches a b righ ter one, and if their b rightness level is the sam e as that of a certain  
firefly, it w ill sh ift at rand om  [8 6 ] . The key p u rp ose of flash ing  in the FFA  tactic is to allure 
o th er fireflies and attract th e ir target. T he ch arm  of fireflies is g ov ern ed  b y  th e  in ten sity  of 
the firefly along w ith  the ob jective fu nction  value. The valu e of attraction  "V " is resolute by 
th e  ev a lu a tio n  o f o th er fireflies an d  is d iv erg e  o n  th e  b asis  o f " i "  an d  " j "  fire flies ' d istan ce
"D jj" .  B o th  ca n  b e  e v a lu a te d  as p e r  E q u a tio n s  (30) an d  (31), w ith  " D "  as th e  d istan ce
b etw een  tw o fireflies, " p "  as an arb itrary  constan t that lies betw een  0.1 and 10, and " n "  as 
th e  d im en sio n  num ber.

^  e - ^ ° 2 (30)

D ij = \ x i  -  Xj \ =  ^  1 ^ = 1  (Xi,y -  Xj,y) 2 (31)

D  =  1 is taken  in  M P P T  problem s b ecau se it is a one-d im ension al case. A  flow chart of 
FFA  is sh ow n  in F igu re  18 .

Figure 18. FFA-basedM PPT technique [46].

4.3 .2 . C u ckoo  Search

This b io-insp ired  techniqu e w as reported  in  2009 and is inspired  b y  the cu ckoo sp ecies' 
p arasitic  im ita tio n  tactic  (b ro o d -p arasitism ) [8 7 ]  C erta in  b ird s , su ch  as cu ck o o s (Tap era), 
en g ag e  in  so cia l p arasitism . T h e  Tap era is a  k n o w le d g ea b le  w in g e d  creatu re  th a t fits  in  
w ith  the h ost fow ls, and wiah th is tactic , n ext-g en eratio n  en d u ran ce is en cou raged . R ath er 
th a n  b u ild in g  its o w n  n est, th e  cu ck o o  p laces  its eg g s in  th e  n ests  o f o th er  fly in g  sp ecies. 
P rim arily , th e  cu ck o o  b ird  (fem ale ) flies e rra tica lly  in  search  o f a  n e s t w ith  s im ila r eg g  
ch a ra c teris tics  to  thein o w n . A fte r fin d in g  th e  b e s t n est, cu ck o o  eg g s h av e  th e  u tm o st 
o p p o rtu n ity  o f h a tch in g , e n su rin g  th e  n e w  gen eratio n . T he cu ck o o  m ak es a few  attem p ts
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b y  assistin g  th e  in cu b atin g  b ird  in  lay in g  th e ir eggs in  a su itab le  lo ca tio n  an d  h en ce  g ives 
itse lf a b etter chance. The cu ckoo m ay  occasionally  throw  the eggs of the host sp ecies from  
th e  n e s t b eca u se  h o st b ird s  co u ld  b e  read ily  d u p ed  in to  re co g n iz in g  th e  stran g e  eg g s. If 
th e  h o s t b ird  co m es to  k n o w  a b o u t th e  fo re ig n  eg g s, th e  eg g s w ill d e fin ite ly  b e  d u m p ed  
ou tsid e  th e  nest. T h e  h o st b ird  m ay  even  d em olish  th e  nest.

F o r  o p tim iz a tio n  o b je c tiv e s , th e  C S  ap p ro a ch  is an  e ffe ctiv e  m e ta -h e u ris tic  m eth o d . 
T h ree  id ealized  p rin cip les u sed  to  accom p lish  th is stra teg y  are as fo llo w s:

• E v ery  cu ck oo  b ird  m erely  lays one eg g  at a tim e  in a h astily  ch osen  h ost nest;
• The cu ck o o s ' su b seq u en t g en eratio n  w ill be  carried  on b y  the su p erio r e g g s' n est (i.e.,

th e  b est so lu tion s);
• In  th e  h u n t area, th e  en tire  n u m b er o f reach ab le  h o st n ests is fixed.

C u ck o o  b ird s rep resen t th e  p artic les  re leg ated  to  find  th e  so lu tio n  in  th e  C S  stra teg y  
im p lem en tation , and th eir eggs ind icate  the cu rren t itera tio n 's  so lu tion  to  an op tim ization  
problem . Searching for a n est is com parab le to  searching for food, and in C S, it is described  
b y  L ev y  flig h t. A  L ev y  flig h t " y "  is  an  a rb itra ry  strid e  w h ere  L ev y  d istr ib u tio n  is u sed  to 
ev a lu ate  sizes o f step s b y  u sin g  a p o w er law  [8 8 ] :

y  =  L - J  ; (1 <  j  <  3 ) (32)

T h u s, " y "  h as a n in fin ite  v a ria n ce . T h e  news cu ck o o  so lu tio n  (x i+ 1 ) fo r ith  ite ra tio n  
cy cle  " i "  and th e  n th  p artic le  " n "  can  b e  g en erated  as

x 'n 1 =  x ln +  z ( l e v y  ( j ) )  (33)

" z "  is a m ath em atica l op erato r th at rep resents th e  m u ltid im en sion al p ro b lem 's en try- 
w ise  m u ltip lication .

In  e a ch  ite ra tio n  cy cle , a ll p artic les  tra n sm it L ev y  flig h ts  u n til th e y  fin d  G M PP. F ig ­
u re  19 sh ow s th e  flow ch art o f time; C S  a lg orith m  to  track  GM PP.

Initiate nest ‘n’ particles

Evaluate cach particlc Illness 
function (i.e initial power)

Update global best nest (i.e Pg ,best) 

*

Generate new nest 
randomly & replace 

worst nest by it

Figure 19. CS-based MPPT technique [87].
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4.3 .3 . F ly in g  Sq u irre l Search  O p tim izatio n

T h is b io -in sp ired  o p tim iza tio n  ap p ro ach  to  track  G M P P  w as in tro d u ced  in  2020  and  
m im ics  th e  h ig h ly  e ffectiv e  h u n tin g  ta ctic  u sed  b y  so u th e rn  fly in g  sq u irre ls  [8 9 ] . T h is 
approach  also m im ics the sq u irrels ' m ann er of b u oyan t head w ays in  the air. The posture of 
F S  is re feren ced  to  as th e  fe a s ib le  o u tco m e v e cto r  an d  th e  co m p a ra b le  w e lln e ss  is ty p ica l 
food sou rce , respectively.

T he p o stu re  is d iv id ed  into  th ree  d istricts ad d ressin g  sets b ased  on w elln ess valu e:

• B S (h ickory  n u t tree);
• C B S  (acorn  n u t tree);
• U S (o rd in ary  tree).

F o llo w in g  assu m p tio n s are m ad e w h ile  in co rp o ratin g  FSSO  [89 ] in trac in g  G M P P : 
T he food su p p ly  p o in t is s im ilar to th e  p o w er y ield  from  PV;
D C  co n v e rte r  d u ty  ra tio  (d) in  th e  M P P T  ap p ro a ch  is reg ard ed  as o p tio n  v ariab le , 

i.e ., the p osture;
To re d u ce  th e  tra ck in g  tim e , th e  F S S O  ap p ro a ch  is cu sto m -fitted  b y  e lim in a tin g  the 

o ccu rren ce  of hu nters.
T he fo llo w in g  step s are taken  into  accou n t w h ile  im p lem en tin g  the F SSO  tech n iqu e. 
S ta rtin g : In itia lly , FSs " N "  n u m b e rs  are  p laced  a t v a r io u s  lo ca tio n s. In  th e  so lu tio n  

area , th e  d u ty  ra tio  o f th e  D C  co n v e rte r ca n  b e  estim a ted  fo r " i "  ite ra tio n  co u n t b y  th ese  
p o in ts as fo llow s:

W elln ess e v a lu a tio n : T h e  D C  co n v e rte r  em p lo y e d  is g ra d u a lly  ru n n in g  w ith  e ach  
d u ty  ratio  in  th is p ro g ressio n  (i.e ., w ith  e a ch  FS  p ostu re). E ach  fo o d  sou rce featu re  show s 
in sta n ta n e o u s  p o w e r y ie ld  P V  (d) fo r  e a ch  "d". T h is  seq u en ce  is re p e a ted  fo r a ll "d", 
w h ereas M P P T  goal w elln ess fu n ction  " f  (d )"  can  b e  d eterm in ed  as

• D eclara tion  and ca teg orization : T he d u ty  cy cle  at w h ich  th e  sy stem  y ie ld s  m axim u m  
p o w e r is co n sid ered  as h ick o ry  tree , w h ile  aco rn  trees are  co n sid ere d  as th e  m o st 
exce llen t FS  p ositions;

• P o stu re  u p d ate : A fte r  th e  ex a m in a tio n  o f o cca s io n a l o b se rv in g  s itu a tio n , th e  d u ty  
cycle  is u p d ated , and w elln ess is assessed  from  th at point.

Im p o rtan t con d ition s fo llow ed  in F S S A  are as fo llow s:
O ccasio n al ob serv in g  con d ition s: T hese con d ition s help  FSSA  to avoid  b e in g  stu ck  in 

L M P P. T h e  cy c lic  co n sta n t (O C) an d  its b a se  v a lu e  (O min) fo r a s in g le -d im en sio n a l sp ace 
w ith  " i  and im " as th e  cou n t o f th e  p resen t and m axim u m  n u m b er of cycles allow ed  are

For in vestigatin g  the su p erior search  area, L ev y  d istrib u tion  is em p loy ed . A s a resu lt, 
th e  O T F S d u ty  cy cle  is re located .

• G roove contem porized : Squirrels of h ickory  tree m ain tain  their position. The squirrels 
on acorn  tree, on  th e  o th er han d , find a w ay  to  access the h ickory  tree. T he arb itrarily  
ch osen  squ irre l (A TFS) from  n o rm al trees ch o o ses th e  h ick o ry  tree, w h ile  th e  leftov er 
(N TFS-A TFS) is p ressed  to  the acorn  tree. T he d u ty  cy cle  is chang ed :

max
N

; i — 1 , 2 , 3 , ...........N (34)

f  (d ) — m ax  (P V ( d ) ) (35)

OC — x lat -  xht (36)

O min — 10e-6/365i/i'/25 (37)

d la+1 — d lat +  H ch d (dht -  K t ) (38)



Mathematics 2023, 11, 269 29 of 48

do i 1 =  d0 t + H ch d (  dh t -  d0t)

1 =  dot +  H chd ( d lat -  d0t^

(39)

(40)

C o n v e rg e n ce  R e so lu tio n : I f  th e  u tm o st n u m b e r o f itera tio n s h as b e e n  reach ed , th e  
a lg o rith m  is te rm in a te d  an d  g iv es th e  d u ty  cy cle  a t th e  p o in t w h ere  th e  co n v e rte r 
fo llow s GM PP.
R e -in itia liza tio n : In  ra p id ly  ch a n g in g  e n v iro n m en ta l co n d itio n s, th e  d u ty  ra tio  (FSs 
p o stu re) is re in itia lized  to h u n t n ew  G M P P  in  accord an ce w ith  E qu  ation  (41).

p i+1 _  pi
lp v  - , pv >  AP  (% ) 

Pi+1 — v '1 pv
(41)

T he com p lete  steps o f FSSO  a lg o rith m  in tra c k in g  G M P P  are d ep icted  in  F igu re 2 0 .

Figure 20. FSSO-based MPPT technique [89].
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Table 5. Taxonomy on recent reported work on bio-inspired techniques to track GMPP.

Authors [Reference No.] Optimization Techniques Best Optimization 
Techniques

PV Module Pm 
(W) PV System Size

Saad W et al. [90] Proposed 
FA, P&O Proposed 200 1PV module

Farzaneh J et al. [91] MFA, P&O 
PSO, FA MFA 200.143 4 PV module in series

Nusaif AI et al. [92] MFA, P&O 
PSO, FA MFA 265.737 3 x 3

Abo-Khalil AG et al. [93] OFA, FA 
P&O OFA NA NA

Shi J-Y [94] INC-FA, P&O 
INC, FA INC-FA 60 4x  1

Omar FA et al. [95] Proposed FA 
P&O Proposed FA NA 3 PV module in series

Chitra A et al. [96] 
Mosaad MI et al. [97]

INC, FA, MFA 
CS, NN, INC

MFA
CS

200.143
59.9

2 PV module in series 
1PV module

Shi J-Y et al. [98] ICS, CS 
PSO, P&O ICS 60 4 PV module in series

Hidayat T et al. [99] CSA, P&O CSA 72 2 PV module in series

Bilgin N et al. [100] FFO, PSO, CSO, BOA FFO NA 3 PV module in series
Ibrahim A-W et al. [101] CSA, MPSO, MP&O, ANN CSA 250 4 PV module in series

Bentata K et al. [102] 

Singh N et al. [103]

DCSA, CSA 

FSSO, P&O, PSO, GWO

DCSA

FSSO

249

40

2 x 2,
4 PV module in series,

3 x 2,
6 PV module in series 
4 PV module in series, 

2x  2
Fares D et al. [104] ISSA, SSA, PSO, GA ISSA 135 3 PV module in series

Al-Shammaa A A et al. 
[105] CS, PSO CS NA 4 PV module in series

Watanabe R B et al. [106] FF, P&O FF 213.15 3 PV module in series

GMPP
(W)

Improved GMPP 
(%) Irradiance (W/m2) Shading

Patterns Tracking Time (s)

201.7
37.7

397.52
1264, 1206, 1582, 

834
48, 36.5, 29

81.4
100,150,200, 
300,400,500 

330, 255 
60.47, 48.24

87.547
97, 107.92, 107.63, 

114.94, 124.56, 
74.53, 72.58 

531.46, 377.63
699.6, 928.5, 534.7,

694.7

989.29, 482.06, 
797.3, 656.45

61.66,48.65, 79.75, 
35.37 

227.83, 142.82, 
98.79 

293.57, 415.38, 
578.96

638.7, 553.1, 316.9

2.40,8.02

9.41
1.77,31.08, 17.70, 

27.91
0.418, 2.24, 34.88

76.19
25.00, 2.04, 108.33, 
100, 110.52, 170.27 

6.24,3.23 
2.68,3.36

74.97
45.86, 70.75, 63.99, 
77.89, 81.52, 5.40, 

0.276 
5.73,4.26 

67.93, 29.40, 13.25, 
4.215

0.00, 13.31, 6.40, 
16.09

107.53, 85.68, 
61.73, 3.23

0.065, 0.098, 0.050

0.00, 0.67, 0.52 
0.251,31.87,58.05

1000 and 200 Non uniform NA

1000-400 Non uniform 2.22

1000-100 Non uniform 0.085-0.124

NA Non uniform 0.2-0.33

1000-100 Non uniform 0.98

NA Non uniform 1.3
1000-600
1000-800

Non uniform 
uniform

0.0018-0.0064
NA

1000-200 Non uniform 0.88

944-495 Non uniform NA

1000-278 Non uniform NA
1000-400 Non uniform 0.5-0.7

1000-200 Non uniform 0.046- 0.085

900-100 Non uniform 0.3-1.8

900-100 Non uniform 0.2

1000-200 Non uniform 1.32, 1.29, 1.28
1000-300 Non uniform 0.18,0.22,0.21
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Table 6. Pros and cons of recent work based on bio-inspired techniques.

Authors [Reference No.] Pros Cons

Saad W et al. [90]
• Zero oscillations around GMPP •
• High tracking efficiency •

Algorithm is not validated on hardware 
Highly intricate to design

Farzaneh J et al. [91]
• Requires no periodic tuning
• High accuracy Very high tracking time

Nusaif AI et al. [92]
• Varying population size is adapted in each

iteration, resulting in improved tracking time and • 
efficiency

Oscillations around GMPP

Abo-Khalil AG et al. [93]
• High tracking efficiency
• Able to process examine MPP Power oscillations around GMPP

Shi JY [94]
• High switching speed during shaded to • 

unshaded conditions •
• No oscillations in steady state

High tracking time
Computationally complex compared to other 
MPPT approaches

Omar FA et al. [95]
• High tracking efficiency •
• Less complex to implement •

High convergence time 
Required sensors for its operation

Chitra A et al. [96] • Very low tracking time Low tracking efficiency
Many parameters initializations are required

Mosaad MI et al. [97]
• Randomization process makes the algorithm

more effective • Required tuning of parameters

Shi J-Y et al. [98]
• Tracking ability is enhanced by introducing 

adaptive step concept •
• Random steps of CS are eliminated

High computational complexity

Hidayat T et al. [99] • Track MPP efficiently in different PSCs • Levy flight affects the convergence level 
Oscillations around GMPP

Bilgin N et al. [100] • High tracking efficiency No record of tracking time in different PSCs 
Large no of iterations are required

Ibrahim A-W et al. [101] • Not dependent on initial location • Low oscillations around GMPP

Bentata K et al. [102]
• Initial particles are independent
• Requires smaller number of iterations which

saves power •

Requires higher number of particles 
Highly intricate to design

Singh N et al. [103]
• Predators are eliminated for modifying squirrel • 

positions •
High tracking time 
High computational cost

Fares D et al. [104] • High tracking efficiency High execution intricacy 
Oscillations around GMPP

Al-Shammaa A A et al. [105]
• Only two control parameters are required •
• No initial situations are assumed for working •

High tracking time 
Oscillations in steady state.

Watanabe R B et al. [106] • Low tracking time • Power variations in steady state.
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4.4. O ther A I-B ased  M P P T

T h is sectio n  o f th e  p ap er exp la in s o th er artific ia l in te llig en ce  m eth o d s a p p lied  in  the
fie ld  o f tra ck in g  m a x im u m  p o w e r fro m  th e  P V  array  a lo n g  w ith  a re p o rt o f th e  v ario u s
latest research  p erfo rm ed  co n cern in g  it in Tables 7 and 8 respectively.

4 .4 .1 . F u zzy  L ogic C ontro l

F L C  co n v erts  its a n a lo g  in p u t to  d ig ita l v a lu e s . T h is tech n iq u e  exam in es th e  o u tp u t 
p o w er o f P V  array  fo r ev ery  sam p le. If th e  ch an g e  frac tio n  is g rea ter th an  zero , v o ltag e  is 
e n h a n ce d  b y  F L C  b y  ad ju stin g  th e  d u ty  cy cle  an d  v ice  v ersa . A s a resu lt, th e  m a x im u m  
p o w e r ra tio  is zero . F L C  in p u ts e rro r " e " ,  an d  its ch a n g e  " d e"  w ith  sam p les in  tim e  " k i"  
can  b e  com p u ted  as

e — Ppv (k ) - P pv (k  -  1) (42 )
VpvCfc) - V p v ( k  - 1 )  ( )

de — e .k )  -  e(k — 1) (43)

F ig u te  21 sh ow s a  b lo ck  d ia g ra m  o f F L C  co n tra l. T h e  in p u t v a r ia b le s  are  ch an g ed  
ter lin g u istic  v a r ia b le s  b y  u sin g  d iffe ren t d is tin c t m e m b ersh ip  fu n ctio n s. T h ereafter, th ey  
are m an ip u lated  on  th e  b asis  o f th e  " if- th e n "  ru le b y  ap p ly in g  the requ ired  co n d u ct o f the 
sch em e. F inally , th r y  are  c o e v e rte d  to  th e  ir n u m e rica l e q u iv a le n t [ .0  7 ] . T h is  a p p ro ach  
sh o w s fe w e r o sc illa tiu n r, fa s t resp o n se  [^ 8 ], an d  h ig h  tra ck in g  e ffic ie n cy  in  co n tra s t to  
co n v en tio n al M P P T  ap p ro ach es. H ow ever, it su ffers from  h ig h  com p u tatio n al com plexity .

Crisp
Input

-^ ^ F u z z if ic a t io n )

Crisp
Output

^ D e fu z z if ic a tio n )^

Fuzzy
Input

Inference
Fuzzy
Output

Figure 21. Block representation of FLC-based MPPT.

4.4 .2 . A rtificia l N eu ral N etw o rk

A n  A N N  is a  se t o f static  learn in g  m o d e ls . F o r  an tic ip a tin g  a p recise  o u tp u t fo r each  
in p u t, th is a p p ro a rh  sfm u la te s  a b io lo g ica l n e u ra l sy stem . F ig u re  22  sh o w s th e  th ree- 
layered  stru ctu re of A N N  in w h ich  t . e  n eu ro n  q u antity  in each  layer varies  d ep en d in g  on 
th e  situ oti on.
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Figure 22. Three-layer structure of ANN [109].

These netw orks are used  as an M P P  system  to  p red ict the b est p ossib le  valu es o f pow er 
or vo ltage th at can  be produ ced  at a g iven  timer. These valu es act ass b ase  valu es in d ecid ing 
tine co n v e r te r 's  d u ty  cy cle . T h e  P V  m o d u le  p a ra m ete rs  an d  a tm o sp h e ric  p a ra m ete rs  are 
in c lu d ed  sn th e  in p u t v ariab les  an d  th en  p ro cessed  bye h id d e n  lay ers in  the; n e tw o rk . T he 
p ro creatio n  a lg o rith m  is re tro activ e  an d  g rad es in  a m ish ap . T h ereafter, u tiliz in g  n eu ro n s 
o f cen ter layer, it feeds b ack  the ou tpu t through  the input neurons. The fo llow ing E qu ation  
is u sed  to ca lcu la te  the; p resen ce o f h id d en  n eurons:

nh \(n i o) +  V n t (44)

Ai com p lete  exp erim ental setup  assists in d ata ro llection . The d ataset is then  obtained  
b y  fe e d in g  a tm o  sp h eric  co n d itio n s an d  a rra y  p asam e te r s in to  th e  A N N  to  fin d  o u tp u t 
V m an d  P m. T h is  se t fs th e n  tra n sfo rm e d  in to  a n  in stru ctio n a l on e , w h ich  m o v es in to  
th e  p re m e d ite te d  A N N , w h ere  it  is ta u g h t h o w  to  p erfo rm . M o reo v er, th e  fu n ctio n s o f 
inp u t d ata serve as in stru ction  d ata eos the A N N  m odef th at w as caeated. T hen, the m odel 
iearnh how  so execu te  on its ow n. The assessm ent dasaseta exam ine the p erform ance o f the 
censtru ctad  A N N  after the instru ction  phase, and the errors are sen t b ack  to the A N N  until 
all of the neu.ron s ' w eig h ts are chi anged  correctly . M P P T  u sin g  A  N N  is m o te  accu rate  and 
ch ow s less  o sc illa tio n  aro u n d  M P P  [109] . T h e se  a lg o rith m s su ffer fro m  th e  d ra w b a ck  o f 
h igh  co m p u tatio n al com plexity .

n
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4.4 .3 . E v o lu tio n ary  C o m p u tatio n al Techniqu es

E v o lu tio n ary  co m p u tatio n  is an  area of artificia l in te llig en ce  and  soft com p u tin g  that 
stud ies a fam ily  o f a lgorithm s for g lobal op tim ization  insp ired  b y  b io log ica l evolution . G A  
and D E are ones am o n g st th em  u sed  to track  MPP.

G A  is a co m p u te r m o d e l th a t is in sp ired  b y  e v o lu tio n  an d  co n sists  o f ch ro m o so m es. 
T h ese  ch ro m o so m es in clu d e  in fo rm atio n  on  a  p o ten tia l so lu tio n  to a p ro b lem . E ach  ch ro ­
m o so m e h as its ow n  set o f ch aracteristics. T h is a lg o rith m  is u sed  in  w id e  ap p licatio n s. In  
co n trast to  track in g  M PP, it is ab le  to  b o o s t th e  P V  v o ltag e , w h ich  rep resen ts th e  ch ro m o ­
so m es an d  th e ir  fitn e  ss v a lu e  th a t co rresp o n d s to  P V  p ow er. T h e  m a in  id ea  ie to  m ak e  
genetic changes to a p op u lation  o f p eop le  and d iscover the ideal ones corresp ond ing  to the 
fitness fu n ction . F igu re 23 show s the flow ch art o f G A .

Gives the finest individuals 

(  Stop )

Figure 23. Flowchart of GA [110].

D E  is an o th er e v o lu tio n a ry  co m p u ta tio n a l a lg o rith m  ap p lied  to  p ro b lem s b a se d  on  
g lo b a l o p tim iza tio n . It is ap p licab le  to  tra ck  G M P P  in  P SC s d u e to  its s im p le r e x e cu tio n  
and  w id e  search  fre rd o m . T h e  D C  co n v erter duty, cy cle  is u sed  as a targ et v ecto r "dn" b y  
th is ap p ro ach . In itia l ly, th e  ta rg e t v e c to r  w ith  tw o  d im e n s io n s is in itia liz e d  r s  "dn" fo r 
e ach  tte ra tio n  an d  g e n era tio n  as th e  p o p u la tio n . It ch o o ses  th ree  ra n d o m  p a rtic les  a fter 
o n e g en eeatio n  in  o rd e t to  red u ce  th e  e x e cu tio n  time?. F o llo w in g  th at, th e  se le cte d  d u ty  
cy cles  are u se d  to  c a lc u ltte  th e  P V  a rra y 's  a sso cia ted  p o w e rs  " P n" . "P b est"  is p ick ed  as 
th e  m a x im u m  p o w e r in  th e  se t o f " P n" ,  an d  //3t,est// is ch o se n  as th e  co rresp o n d in g  " 3 n" . 
T h e  w e ig h t d ifferen ce  b e tw e e n  an y  tw o  ta rg et v e cto rs  is th e n  u se d  b y  a m u ta tio n  facto r 
(M ) and form a the m u tate d  particle  b y  ad ding; this d ifference to the rem ain ing  target vector. 
The m u tated  p article  is also called  the donor vector "D V n". Tiro m u tation 's  w ay  should  be 
tow ards "P best" . Fo llow ing  m u tation , d onor and tarhet vectors are com bined  b y  a crossover 
p ro ced u re to create  tria l v ecto r "T V n"  and  estim ate  the P V  array 's  pow er.
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Table 7. Taxonomy on recent reported work on other artificial intelligence techniques to track GMPP.

Authors [Reference No.] Optimization Techniques Best Optimization 
Techniques PV Module Pm (W) PV System Size GMPP

(W)
Improved GMPP 

(%) Irradiance (W/m2 ) Shading Patterns Tracking 
Time (s)

Verma P et al. [111] AFLC, FLC 
P&O AFLC 360 3 PV module in 

series 521.5, 250.6, 198.1 7.30,0.642,4.26 900-100 Non uniform 0.1-0.19

Rahman MM et al. [112] PSO-ANN
PSO PSO-ANN 60.53 4 PV module in 

series 135.9, 202.1 0.00, -0.04 900-400 Non uniform 0.22, 0.21

Farzaneh J [113] Proposed 
P&O, PSO Proposed 60 3 PV module in 

series 87.12,116.74 46.00, 94.17 1000-300 Non uniform 0.15,0.1

Manikandan PV [114] Proposed
P&O Proposed 320 1 PV module 36.88, 37.2, 37.66 53.73, 50.12,51.36 1200-400 Non uniform NA

Al-Majidi SDetal. [115] ANFIS 
FLC, P&O ANFIS 185 5 PV module in 

series 924 0.2168 1000 Uniform 0.07

Aymen J et al. [116] Neuro fuzzy 
Fuzzy
AF-FA

Neuro fuzzy 60 1PV module
50.262, 45.736, 
40.856, 35.633, 

30.156

0.001, -0.004, 
0.0171, 0.0533, 

0.0763
1000-600 Non uniform NA

Farajdadian S [117] AF-PSO AF-FA 220.7 NA 220.5, 175.1, 124.3 1.37, 20.26, 72.87 1000-600 Non uniform NA
SF, PSO, P&O

Eltamalya AM et al. [118] GWO-FLC
PSO GWO-FLC 185.22 NA 54.6, 92.8 40.00, 20.51 1000-200 Non uniform NA

ChenY-Tetal. [119]
Proposed fixed-step INC 

FLC-HC Proposed 60 NA 157.3,46.83 5.92,2.51 1000 and 300 Non uniform 0.42, 0.52
ASVSS

RajA et al. [120] ANN-INC 
INC, P&O ANN-INC NA NA 450 6.13 NA Non uniform NA

Abdellatif WSE et al. [121] FB, P&O, INC FB 305.226 NA 100.38, 80.17, 59.87 3.14,3.13,3.11 1000-600 Non uniform NA

Mohammed SS et al. [122]
GA fuzzy 

Fuzzy 
ANFICS

GA fuzzy 60 1 PV module 44.17,36.11,41.68, 
41.70, 24.07

0.546, 5.64, 0.506, 
0.870, 11.22 791-481.1 Non uniform NA

Tandel BG et al. [123] GA, P&O GA 200.143 16 PV module in 
series 1319.12 81.16 1000-250 Non uniform NA

Karthika S et al. [124] GA-tuned PI 
PI

PSO-GA
GA-tuned PI 200 7 x 7 7020 56.69 1000 and 200 Non uniform 0.001

Dehghani M et al. [125] PSO, GA PSO-GA 1S NA 98.85, 78.69, 58.64 9.67, 9.30, 9.23 1000-600 Non uniform <0.3
INC, P&O

Bendary FM et al. [126] ANFIS-GA 
ANFIS, NN, FLC ANFIS-GA 40.9081 NA 40.90, 27.78, 19.28 15.24, 0.908, 1.10 1000-500 Non uniform <0.3

Firmanza AP et al. [127] Proposed DE 
PSO Proposed DE 100 2 PV module in 

series
170.5, 87.9, 152, 

130.9
1.66, -0.34,0.462, 

0.383 1000-400 Non uniform 0.233- 0.371
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Table 7. Cont.

Authors [Reference No.] Optimization Techniques Best Optimization 
Techniques PV Module Pm (W) PV System Size GMPP

(W)
Improved GMPP 

(%) Irradiance (W/m2) Shading Patterns Tracking 
Time (s)

Neethu M. et al. [128] 
Kamaruddina NI et al. [129] 

Joisher M et al. [130]

DE 
PSO 

DE, P&O 
Proposed, 
PSO, DE

DE
DE

Proposed

215
125
95

4 PV module in 
series 
3 x 3 

2 PV module in 
series

663.8 
489.3, 497.2 

11, 20.33, 13.88

81.41 
39.87, 56.40 

120.0, 18.40, 16.5

900-600
1000-250

NA

Non uniform 
Non uniform 
Non uniform

366
NA
1.0

Algarin C R et al. [131] FLC
P&O FLC 65 1 PV module 11.7,24.4, 37.7, 

51.3, 64.9 0.00 1000-200 Non uniform NA

Cheng P-C et AL. [132] 

Liu C-L et al. [133]

Asymmetrical FLC, 
Symmetrical FLC, 

P&O
Asymmetrical FLC, 
Symmetrical FLC, 

P&O

Asymmetrical FLC 

Asymmetrical FLC

220

220

NA

NA

44.12, 222.18 

222.69

6.134, 04.53 

7.63

1000 and 200 

1000

Non uniform 

Uniform

0.7, 5.6 

0.91

Kececioglu O F et al. [134] Proposed,
AIC Proposed 250 1 PV module 249.4, 244.2 0.605, 0.825, 1000-600 Non uniform 0.008

Hayder W et al. [135] NN-P&O
IPSO NN-P&O 120 1 PV Module

90.2943, 
55.2495, 

73.076, 98.6604
0.00 1100-600 Uniform 0.2003, 0.0003, 

0.7003, 0.0003

Hua C-C et al. [136]
Proposed,
P&O+PSO,

GA
Proposed 21.31 3 PV module in 

series
42.90, 37.38, 32.56, 

26.73, 22.06
2.21,0.402,0.618, 

0.074, 5.499 1000-300 Non uniform 12, 15, 16

Zhang P et al. [137] 
Bakkar M et al. [138]

Improved DE, DE, PSO 
DSM-based FLC, FLC

Improved DE 
DSM-based FLC

NA
80

4X3 
1 PV module

644.57, 857.56 
80

0.041,0.282
122.2

800-350
700

Non uniform 
Non uniform

0.019, 0.02 
NA

Batainesh K et al. [139] Hybrid, FLC+P&O, FLC Hybrid FLC+P&O 270 1 PV module 127.9, 57.9, 126.2, 
46.1

4.40, 3.02, 18.16, 
21.31 1000-100 Non uniform NA

Guerra M I S et al. [140] ANIFS, P&O, ANN, Fuzzy ANN 245 NA 956.6, 1674, 2190, 
1631

0.525, 0.600, 0.274, 
0.803 548-303 Non uniform NA
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Table 8. Pros and cons of recent work based on other artificial intelligence techniques.

Authors [Reference No.] Pros Cons

Verma Petal. [111]
• Low shading losses
• Low settling time • Complicate to design

RahmanMM etal. [112]
• Improvement in tracking time
• High tracking efficiency

• GMPP is not improved
• Not tested on hardware setup

Farzaneh J [113]
• Highly accurate
• Requires fewer numbers of training data, which 

eliminates tracking error
• Highly intricate to design

Manikandan PV [114] • Enhanced optimal solution • Low tracking efficiency
• Oscillations around GMPP

Al-Majidi SD et al. [115] • Drift problem is avoided
• Low converging time

• Oscillations in steady state
• High cost of implementation

Aymen J et al. [116]
• High reliability
• Combines advantages of FLC flexibility and ANN

learning capacity
• Computationally more complex
• High cost of implementation

Farajdadian S [117] • High accuracy in tracking GMPP
• Lower percentage MPP error

• Power fluctuations
• Highly complex to intricate

Eltamalya AM et al. [118] • Re-initializing process enables searching agents to 
follow new GMPP

• Array size is not specified
• No record of tracking time
• Oscillations in output power

ChenY-Tetal. [119] • High tracking capability
• Low tracking time

• Array size is not specified
• High cost of implementation

Raj A et al. [120] • Low ripples in output power • Low tracking efficiency

Abdellatif WSE et al. [121] • Oscillations in steady state is reduced • Size of PV array is not specified
• Highly intricate to design

Mohammed SS et al. [122]
• High tracking efficiency
• Highly accurate • Computationally more complex

Tandel BG etal. [123] • Highly accurate in detecting GMPP • Requires large numbers of iterations

Karthika S et al. [124] • Ability to track GMPP in vary short duration of time • Tested in only single change in irradiance

Dehghani M et al. [125]
• Quick response time
• High accuracy

• Not tested on hardware
• Highly intricate to design

Bendary FM et al. [126] • High tracking efficiency • High cost of implementation

Firmanza AP et al. [127] • High convergence speed due to mutation factor • Algorithm loses GMPP tracking in some cases
• Oscillations around GMPP

Neethu M. et al. [128] • Low oscillations around GMPP • High tuning time
• High computational cost

KamaruddinaNIet al. [129]
• Able to track true GMPP
• Required minimum control parameters

• More values of iterations required
• Intricate to design

JoisherMet al. [130] • Able to track true GMPP • Power oscillations at output
• Computationally more complex

Algarrn C Ret al. [131]
• Fewer oscillations in steady state
• No power loss

• Computationally more complex
• Generates error in measuring low powers
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Table 8. Con t

Authocs [Reference Nog Croe Cons

Cheng P-C tf al. [1 3f ]
• Iccniscd tracking oeOorrnanca witlhu1 inccrase in 

ĉ ĉulcî ior burden
toockin8 tidf

Low ĉc:û ciĉ ii

Liu <̂ -]̂  et af [rc8]
•
•

Impcoead tradm/ accurnm
Asymmetrical meirCecohic -unctioo innjrjî ô ĉ cf the 
MPPT perhrmanh

Oidd/ions aroocO GMlh 
Hif- fme

more mmulrn

Kectcioglu r  F at al. [lac] • Oscillotions in oteaOy-state trc eliminated Coccpudtaoally usre aomol8x

Hayder W et al. [Iff] 41 Low daosient time
If iitadiaect remain: ôif̂ fciî l̂  fm long, adoritnm does 
aot Ohsd bctCr soOormonce 
Co-hfcdtiocaUy ĈDitre fonptec in deti^^

HuaC-Ceti. • No oscllatinei h  ^̂êâctys stde Hich -rodeoo ties 
rifll toirectationcl cost

Ohong P et al, [13f]
•
•

Mutation factor ii modifioC to limit -tiie random snu-cC 
Low tracking Cme

Coootarocie3ly mc-uiec hrge î̂ i:rilt̂ eî !;̂  of iteroCone 
Comohatiooolly tenplno

Bakkoo M et al. [13a] • Highly cecurate ŝ̂su<Êŝ in dstcrroimog -oO ofer-Ono region 
Hics h it of comp8trtion

Batainesh K e\ al. [I?9]
•
•

HL°81y ecfcrate 
No tici]:t]:)̂ n.̂  in ]̂̂ !F>ts

Osciie tioor amuaC GMPh 
a Las coat ot implemrntaiion

Guerre M I S st 8l. ] ̂L̂t(̂ [
•
•

Nfgligible oscillations cruund !̂Ptl]:3,lP 
Fact tred-ins reipoose

H i gh :o c C o f i 0X00 e mu n It si i g e  
'([̂ (̂ rinĵ iii.-tî îiô î llyt uoct complex

A fter having the deep analysis o f all these M P P T  tpchniques, 4 conclu ded  com parative 
s tu d y  hoe b een  depeutecl -e  T eblc c  lo r b a th r  os

Table It. Compausgive anolys-s of vaoisus MPPS.

Execution C ost Accuracy Tracking Speed Oscillations Around MPP Computational Complexify Analog/Digital
L M H L M H L M H L M H ~z L M H D A/D

P&O Z J Z J Z) Z J Z J Z J

Conventional
INC Z J Z J Z J Z J Z J Z J

FOCV Z J Z ) Z J ZJ ZJ ZJ
FSCC Z J Z J Z J Z J Z J Z J

AC O ZJ V ZJ Z J Z J Z J
PCO ZJ Z ) ZJ ZJ ZJ ZJ
ooo Z J Z J Z J Z J Z J Z J

AI-Based
Metaheuristic GWO ZJ Z ) ZJ ZJ ZJ ZJ
techniques tA Z J Z J Z J Z J Z J Z J

FFA ZJ z j ZJ ZJ ZJ ZJ
CS ZJ Z ) ZJ ZJ ZJ ZJ

FSlO z j Z J Z J Z J Z J Z J

FL<̂ ZJ Z ) ZJ ZJ ZJ ZJ

H fli nr A T

.ANN z j Z J Z J Z J Z J Z JOther 8I
GA Z J Z J ZJ ZJ ZJ ZJ
DE ZJ Z J Z J Z J ZJ Z J

L, low; M, medium; H, high; ~Z, nearly zero; D, digital; A/D, analog/digital.
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5. R e se a rch  G ap  an d  F in d in g s

T h ere  are to ta l 16 tech n iq u es reported  in th is paper. In  23 pap ers co n v en tio n al M P P T  
tech n iqu es, 42 pap ers sw arm  in telligence M P P T  tech n iqu es, 21 pap ers b io -in sp ired , and in 
35  p ap ers o th er A I-b ase d  te ch n iq u es  are  d iscu ssed . T h erefo re , a  to ta l o f 121 p ap ers  w ere  
m a in ly  stu d ied , w h ich  are  fo cu se d  o n  th e se  M P P T  te ch n iq u es. T h e  re m a in in g  2 3  o u t o f 
144 p ap ers w ere  used  in o th er im p ortan t sectio n s. T he classifica tio n  o f p ap ers fo cu sin g  on 
d ifferen t tech n iq u es can  b e  seen  in F igu re  24.

Figure 24. Papers focused on different MPPT techniques.

T h e  a u th o rs  are  m a in ly  c lassified  co n cern in g  co n v e n tio n a l M P P T  te ch n iq u es , m e ta ­
h e u ris tic  A I te ch n iq u es , an d  o th er  A I-b a se d  te ch n iq u es. Fu rth er, co n v e n tio n a l M P P T  
techniqu es are classified  as perturb) and observe, increm en tal con d u ctance, fractional op en- 
c ircu it v o ltag e , an d  fractio n al sh o rt-c ircu it cu rren t; p artic le  sw arm  op tim iza tio n , artificia l 
b e e  colon)/, g re y  w o lt o p tim iz a tio e , an d  salp  sw arm  a lg o rith m  Call u n d e r sw arm  in tetli- 
g e n ce  M P P T  te ch n iq u es ; an d  fire fly  M P P T  a lg o rith m , cu c k e o  search , an d  fly in g  sq u irre l 
search  o p tim iz a tio n  tech n iq u es  are  c lassified  as b io -in sp ired  tech n iq u es [141- 144] . W h ile  
sw arm  in te llig en ce  and b io -in sp ired  tech n iq u es are m etah eu ristic  A I tech n iq u es, o th er A I- 
based  M P P T  tech n iqu es are fu zzy lag ic control, artificial neural netw ork , and evolu tionary  
co m p u tatio n al tech n iq u es (genetic a lgorith m  and d ifferen tia l evolu tio n ).

A fte r co n d u ctin g  a th o ro u g h  an a ly sis  o f m e ta h e u ris tic  M P P T  a p p ro ach e s b ased  on  
c o n v e n tio n a l an d  A I te ch n iq u es  in  th is p a p e r  o n e  yan e a sily  find  th e  fo llo w in g  g ap s in  
th is area:

• D esp ite the fact th at conventional techniqu es are sim p ler and w o rk  better in  unshaded 
sp rees, they have the d ow nside o f alow  response. In ih eir findings, oscillations arqund 
G M P P  are observed ;

• livers th o u g h  th e se  m e th o d s are  fre q u e n tly  m o d ified , p o w e r lo ss  still o ccu rs  w h ile  
m o n ito iin g  op en-eircu it v o ltag e  or1 sh o rt-c ircu it cu rrent. A d d itionally , th ese  m eth o d s 
need  a large n u m b er o f sen so rs to  fu n ction , b u t th o se  n u m b ers can  tic dycreased ;

• In  P SC s, A I ap p roach es are e ffectiv e , b u t th ey  h av e  th e  d isa d v a n ia g e  oS h a v in g  h ig h  
co m p u tatio n al com p lexity ;

• These m ethod s require a great deal o f tim e to track  G M P P  b ecau se of the large num ber 
o f itera tio n s. D esp ite  th e  fa c t th a t m a n y  o f th ese  are  o n ly  tested  on  v irtu a l p la tfo rm s, 
real-w orld  v a lid atio n  is still cru cial;

• M o st o f  th e  rep o rted  w o rk  ig n o res  th e  e ffe c t o f lo ad  v a r ia tio n , w h ich  is cru cia l fo r 
b u ild in g  an y  P V  system .
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6. C h a lle n g e s  an d  Fu tu re  W ork

T his p aper com p reh en sively  e lab orates m an y  recently  rep orted  w o rk s to track  G M P P  
in  P SC s in  detail along w ith  their pros and cons. Presently, over e igh ty  M P P T  op tim ization  
te ch n iq u es h av e  b ee n  p u b lish e d , an d  m o re  th an  fo u r n ew  te ch n iq u es  are  p u b lish ed  each  
year. T h is  a rtic le  co v ers  th e  re ce n t fin d in g s in  e a ch  M P P T  te ch n iq u e  in  a ta b u la r  form . 
B e ca u se  th ere  are  so  m a n y  o p tim iz a tio n  stra teg ies  in  th e  lite ra tu re , p ick in g  o n e  b eco m es 
q u ite  ch a lle n g in g . A v o id in g  lo ca l M P P  an d  lo ca l h o tsp o ts  o f P V  a rra y  is c ritica l fo r an y  
op tim ization  strategy. M oreover, w h en  these algorithm s are b u ilt, there is a requ irem ent to 
m anage energy. R esearch  on e fficien t M P P T  techniqu es can  be rationalized  in  the fu ture by 
co n sid erin g  m an y  o th er critica l facto rs su ch  as local h o tsp o ts, a rray  recon fig u ration s, and 
ce ll m ateria ls , w h ich  co n trib u te  to p ro d u cin g  m axim u m  p o w er d u rin g  P SC s. W ith the aid 
o f sm artp h o n es, an  M P P T  ap p licatio n  can  also  b e  set to  w o rk  at an y  tim e v ia  th e  In tern et.

7. C o n c lu s io n s

Solar P V  system s are regard ed  as the m o st capable energy  sou rce in  renew able pow er- 
g e n era tio n  sy stem s d u e  to  th e  co p io u s  a v a ila b ility  o f su n lig h t. H o w ev er, u n p re d icta b le  
w e a th e r  m ak es th e ir  w o rk in g  e ffic ie n cy  low . T h u s, M P P T  te ch n iq u es  a re  u sed  to  y ield  
m ax im u m  p o w er fro m  th ese  sy stem s in  an y  w e a th e r co n d itio n s. M u ch  research  h as b een  
done till now  in  th is field , b u t selectin g  an appropriate techniqu e for specific circum stances 
has alw ays b een  difficult. For the m entioned  reason, th is stu d y reassesses the art of various 
M P P T  op tim ization  strategies developed  by  variou s researchers so far in  a d ifferent m anner. 
C o n v e n tio n a l an d  A I-b ase d  M P P T  te ch n iq u es  are  e lab o ra te d  sep a ra te ly  w ith  sim p lified  
flo w ch a rts  in  re sp ectiv e  sectio n s w ith  th e  a im  to  u n d e rsta n d  th e ir  b a sic  p rin cip le s  in  
d e ta il fo r n ew  learn ers . F o llo w in g  th e  ap p ro p ria te  e v a lu a tio n  o f e a ch  study, a  tab u lar 
su m m a ry  w a s  created  o n  im p o rta n t a ttr ib u te s  o f P V  sy stem s u n d e r P S C s, su ch  as a rray  
size , %  im p ro v e m en t in  G M P P , lev el o f  irra d ia n ce , an d  tra ck in g  tim e, fo rm in g  n o v el 
d a tash e ets . In  th is  p ap er, th e  rep o rted  ta x o n o m y  o f M P P T  te ch n iq u es  can  h e lp  n ew  
learn ers, researchers, am d professional engineers to in terpret the p erform ance of each  M P P T  
a p p ro a ch  u n d e r d iffe ren t c lim atic  scen ario s . A fte r  care fu l a n a ly sis , it  is e asy  to  co n c lu d e  
th a t tra d itio n a l te ch n iq u es  are  less  co m p le x  an d  w o rk  w e ll in  u n sh ad e d  en v iro n m en ta l 
cond itions. H ow ever, they  have the d isad vantage o f slow  response. AI techniqu es perform  
w ell in  P SC s w ith  n e g lig ib le  o sc illa tio n s in  a s te ad y  sta te , w ith  h ig h  accu ra cy  an d  h ig h  
track ing  efficiency, b u t they  suffer from  high  com p u tational com plexity . W ith  the tabulated  
p ro s an d  co n s o f e ach  rev iew ed  artic le , n e w  learn ers  ca n  e a sily  fin d  th e  re sea rch  gap s 
th a t still e x is t in  th is fie ld . W ith  th e  h e lp  o f  th e  co m p a riso n  tab le  b a se d  o n  im p o rta n t 
p aram eters, w h ile  in corp o ratin g  any  M P P T  in P V  sy stem , one can  select m o st ap p rop riate 
M P P T  ap p roach  in a sp ecific ap p lication . F u rth erm ore, th is analysis reveals th at A I-based  
M P P  controllers are the b est op tion  to deal w ith  P SC s. A s a resu lt, a large research  area has 
op ened  up for n ew  research ers. To su m m arize , th is review  p ap er w ill be  a u sefu l resource 
fo r researchers or in d u stria lists  to u tilize  in ch o o sin g  th e  m o st ap p rop riate  M P P T  m ethod  
fo r a certa in  ob jective .
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A b b re v ia tio n s

MPPT Maximum power point tracking PV Photovoltaic
PSCs Partial shading conditions RES Renewable energy sources
P-V Power-voltage GMPP Global maximum power point
P&O Perturb and observe INC Incremental conductance
HC Hill climbing BI Bio-inspired
SI Swarm intelligence AI Artificial intelligence
ANN Artificial neural networks FLC Fuzzy logic control
ECI Evolutionary computational intelligence I-V Current-voltage
MPP Maximum power point LMPP Local maximum power points
DC Direct current CS Cuckoo search
FOCV Fractional open-circuit voltage FSCC Fractional short-circuit current
ACO Ant colony optimization ACO-P&O Ant colony optimization-perturb and observe
SP-INC Self-predictive incremental conductance SPC Semi pilot cell
PC Pilot cell CSAM Current Sensorless Method with Auto-modulation
VSS Variable step size PSO Particle swarm optimization
ABC Artificial Bee Colony GWO Grey wolf optimization
SSA Salp swarm algorithm APSO Accelerated PSO
LIPSO Lagrange interpolation PSO TS Takagi-Sugeno
VCPSO Variable coefficients PSO CFPSO Constriction factor-based PSO
OD-PSO Overall distribution PSO P&O-PSO Perturb and observe-PSO
EGWO Enhanced GWO GWO-GSO GW O-golden-section optimization
GWO-P&O GW O-Perturb and observe GOA Grasshopper optimization algorithm
BOA Bat algorithm SSPSO Series salp PSO
FA Firefly elgorithm ISSA Improved salp swarm algorithm
DE Differential Evolution WOA Whale optimization algorithm
SSO Salp swarm optimization ISSA Improved salp swarm algorithm
SSPO Hybrid salp swarm -perturb and observe ABC-P&O Artificial bee colony-perturb and observe
GMPPT Global maximum power point tracking MABC Modified artificial bee colony
AIC Angle of incremental conductance IPSO Improved particle swarm optimization
OGWO Opposition-based learning GWO DFO Dragonfly optimization
TSA-PSO Tunicate swarm algorithm with PSO IABC Improved artificial bee colony
SPF-P&O Surface-sased polynomial fitting P&O HGWO Hybrid grey wolf optimization
DSM Dynamic safty margin ICPSO Incremental conductance-based PSO
FSSO Flying squirrel search optimization BS Best solution
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N o m en cla tu re

Ipv PV output current

Iph Photocurrent

Ish Shunt current
ID Diode current

I0 Diode reverses saturation current

q Electron charge
Ncs Number of cells in series
K Boltzmann constant
T Temperature
Vpv PV output voltage
Rse Series resistance

Rsh Shunt resistance
Pmax Maximum power
Voc Open-circuit voltage
Isc Short-circuit current
AP Change in power
AV Change in voltage
Ai Change in current
Vmpp Voltage at maximum power point
b Proportionality constant
Impp Current at maximum power point
d Constant current factor
Pm Maximum power
Gj (x) Gaussian kernel solution

Sub-Gaussian function

Pk Mean value

a k Standard deviation
Wk Weight factor

<P Best optimal operating solution
e Convergence rate

Pp,best Individual best position

Pg,best Swarm optimum position
Yn nth particle position
Vn nth particle velocity
M Inertia burden
&1&&2 Social and cognitive acceleration coefficients
P1&P2 Arbitrary variables that are uniformly distributed between zero and one 

in terms of their assessments

f t Target function

Ymax,i&Ymin,i Nth-dimension maximum and minimum values.

Y Arbitrarily selected food source

a i,k Arbitrary number between

Xp,
Prey vector

XPgw Position vector of grey wolf

A & B Coefficient vectors

ri&r2 Random variables
vnewyvm,n Xm n -rationalized candidate solution
Pn Position of food source
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X +  & X - D ecem b eris io n  v ariab les m ax im u m  and m in im u m  v alu e

H0 In itia l call

,yxj&,yxi ith and j th fireflies sp atia l co o rd in ate  " y "  com p on en ts
L Step  length

Y V ariance

d max&dmin M ax im u m  and m in im u m  d u ty  cycle

Xat&Xht S q u irre ls ' p o stu re  ad d ress at h ick o ry  and acorn  trees

H c H o v erin g  co n stan t (~1 .90)

h d H o v erin g  d istance

Ppv P V  o u tp u t p o w er

Vm M ax im u m  v o ltag e

n h H id d en  n eu ro n  n u m bers

n i In jected  in p u t n eu ro n s n u m bers

no O u tp u t n eu ro n s n u m bers

n t In stru ctio n  sam p les n u m bers
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