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A B S T R A C T   

PV systems currently generate 4% of the world’s energy needs, and their share is growing quickly. The maximum 
power point tracking (MPPT) is a complex non-convex optimization problem because the electrical character
istics of the PV model are nonlinear. Changes in temperature, partial shading (PS), and irradiance levels can all 
affect the amount of power that can be extracted from the solar system. Therefore, in this work, a novel energy 
valley optimizer (EVO) based MPPT algorithm is suggested to extract maximum power from solar. The classical 
perturb and observe (P&O), whale optimizer algorithm (WOA), cuckoo search algorithm (CSA), and particle 
swarm optimization (PSO) algorithms are all compared to EVO. Five case studies, including a field atmospheric 
data study, partial shading, variable temperature, and irradiance, are used to conduct in-depth analytical and 
statistical analysis. Furthermore, the successful verification of the MPPT control algorithm on the real micro
controller (Arduino MKRZERO board) through the PIL test is a critical milestone in this research. Quantitative, 
comparative, statistical and experimental results indicate that the proposed EVO-based MPPT achieves superior 
performance through 30% quicker tracking time and 80% faster settling time, which result in 4–8% higher power 
efficiency. The results indicate that the suggested MPPT controller successfully addresses the shortcomings of the 
current MPPT methods.   

1. Introduction 

The most affordable and thoroughly researched source of renewable 
energy is solar power. PV modules transform solar energy into the most 
efficient form of electricity. The rapid expansion of PV systems is pri
marily due to improvements in manufacturing processes, material sci
ence, and supportive legislation. The primary characteristics for PV 
systems are the low carbon emission, scalability and simplicity of 
installation [1,2]. Solar energy from PV systems is converted into elec
trical energy, the most controllable type of energy in the utility grid. 

Improvements are always being made to improve PV system per
formance. Maximum power point tracking (MPPT) is the main issue with 
PV system control. The MPPT is a difficult optimization control problem 
because the electrical characteristics of the PV model are nonlinear [3]. 
Second, operating factors like temperature (T) and irradiance (G) might 
affect the operating point [4]. The uneven irradiance distribution across 

the series–parallel coupled PV panels is the third issue [5,6]. 
Partial shading (PS), is a fundamental reason why traditional MPPT 

approaches fail to track maximum power. The primary requirements for 
PV systems are quick MPP tracking, high efficiency, and minimal os
cillations in voltage transients. Inverters and DC converters are used to 
interface power generation and load [7]. By precisely adjusting the duty 
cycle, the PV system can be run on MPP. The GMPP can be shifted by the 
changes in irradiance and temperature. As a result, it’s important to 
actively monitor the MPP. Fig. 1 shows a typical PV setup (see Fig. 2 and 
Fig. 3). 

In literature, numerous standard and unconventional modern intel
ligence techniques have been researched [8,9]. These techniques are 
broken down into numerous categories based on elements including the 
tracking method, controllers, hardware, and ease of execution. The 
gradient based conventional techniques include adopted perturb and 
observe (P&O) [10], hill climbing (HC) [11], and incremental 
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conductance (IC) [12]. Despite being easy to use, these approaches cause 
undesirable oscillations around GM. Due to a single solution failing to 
detect the PS, there is a significant power loss. As a result, efficiency is 
severely diminished. Due to their inability to distinguish between 
several maxima, classical approaches lose a significant amount of power 
[13]. Alternatively, artificial intelligence techniques have recently been 
researched for MPPT [14,15]. High computational resource re
quirements, algorithm complexity, storage burden and pricey micro- 
controllers are major downsides of these soft computing techniques. 

In the past decade a variety of stochastic algorithms have been used 
for the MPPT of PV systems [16,17]. The primary benefit of evolutionary 

algorithms over competing technologies is their ability to track GM 
under PS conditions. Search and rescue algorithm (SRA) [18],particle 
swarm optimization (PSO), most valuable player algorithm (MVPA), 
earthquake optimization algorithm [19], grey wolf optimizer (GWO) 
[20],grass hopper optimization (GHO) [21], musical chairs algorithm 
(MCA) [22] and atomic orbital search (AOS) [23] are some of the ex
amples of metaheuristic based MPPT algorithms. The parameters that 
impact how well these algorithms’ function include population size, 
exploration capabilities, iterations, exploitation capabilities and para
metric adjustment. These strategies search for the optimal position using 
randomly initialized populations and particles. These MPPT-based 
optimization strategies perform significantly differently depending on 
the parameter adjustments and starting population distribution. 

In order to fine-tune the controller settings under uniform and partial 
shade situations, a combinatorial MPPT algorithm based on the fuzzy 
logic controller (FLC) and improved farmland fertility optimization 
(IFFO) approach was proposed in [24]. The authors claimed an effi
ciency of 99 %. In order to reduce the oscillations around GMPP, a novel 
metaheuristic technique called the opposition-based equilibrium opti
mizer (OBEO) algorithm was employed in [25]. The proposed technique 
has an efficiency of 95.09 % under dynamic PSC, 96.17 % under uniform 
PSC, and 86.25 % under complicated PSC. Two hybrid meta-heuristic 
methods were used in [26] to enhance the MPPT of solar systems. The 
Whale Optimization Algorithm and the Differential Evolution algo
rithms serve as the foundation for the first proposed maximum power 
point tracking method. Both methods were quite effective at increasing 

Fig. 1. Block diagram of MPPT controller under partial shading conditions.  

Fig. 2. A single diode model of PV cell.  

Fig. 3. The PV system P-V & VI characteristics.  
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the solar system’s effectiveness in both uniform and shaded conditions. 
A new hybrid MPPT method built on the Genetic Algorithm (GA) and 
fractional open circuit voltage (FOCV) was suggested in [27]. The pro
posed technique only relies on one decision variable resulting in reduced 
complexity and convergence time. The results showed that the suggested 
methodology outperformed the traditional FOCV method by about 3 % 
with very little steady-state oscillations. 

1.1. Motivation & contribution 

In this research, a new dynamic study is developed and put into 
practice to lessen the restriction of slow tracking time of conventional 
MPPT approaches. In this work, a novel metaheuristic algorithm, called 
Energy valley optimizer (EVO), is suggested to track the global maxima. 
To efficiently track GMPP under a variety of challenging PS situations, 
the starting particles in the EVO MPPT technique are spread throughout 
the possible feasible space by traversal search in the global mode. The 
primary benefits and novel features of the suggested method are: 

In comparison to the MPPT techniques found in the literature, pro
posed method tracks the global maxima in every iteration of the 
reference voltage. 
In the EVO MPPT technique, the necessary duty cycle of the con
verter is estimated based on the mathematical model of the natural 
phenomenon of the electron stability. The mathematical model en
sures the maximum power of PV system under every irradiance 
pattern. 
Proposed technique has low implementation complexity and low 
calculation workload, which result in the use of cheaper controller. 
Verification of the proposed MPPT control algorithm on the real 
microcontroller (Arduino MKRZERO board) through the PIL test. 

The remainder of the work is broken up into five sections. The 
statement of the problem and the PV system modelling are presented in 
Section 2. EVO based MPPT is introduced in the second section 3. The 
results and experimental verifications are presented in section 4. Section 
5 discuss the results and section 6 presents the conclusion. 

2. PV system modelling 

2.1. PV model under STC and PS conditions 

Many equivalent designs have been presented to analyze how PV 
module interact with the environment. To lessen the effects of external 
variations like temperature and irradiance, model should have a DC 
current source and an antiparallel diode. The behavior of diode current 
(Id) is provided by equation (2). Eq. (2), however, falls short of accu
rately describing PV behavior. Practically, intrinsic resistance additions 
are included to accurately describe the PV behavior in Eq. (3). 

Iout = IPV − Id (1)  

Iout = IPV − I0

[

exp
(
Vout

Î ± VT

)

− 1
]

(2)  

Iout = IPV − I0

[

exp
(
Vout + IoutRs

Î ± VT

)

− 1
]

−

(
Vout + IoutRs

Rp

)

(3)  

VT =
NskT
q

(4)  

Eq. (5) specifies how to combine PV cells in series and parallel to scale 
up the output capacity of a PV system. 

Iout = IPVNp − NpI0
[

exp
(
Vout + IoutRs eq

Ns Î ± VT

)

− 1
]

−

(
Vout + IoutRs eq

Rp eq

)

(5)  

As seen in Eq. (6), the current generated by PV cells is strongly influ
enced by two key variables: operating temperature (T) and irradiance 
level (G). 

IPV = (IPV-STC + BI(T − TSTC))⋅G/GSTC (6)  

According to Eq. (6), there is a direct relationship between output cur
rent and irradiance. The description of parameters, variables and con
stants is given in Table 1. 

Photovoltaic system is a combination of PV arrays. The electrical 
characteristics of cell, arrays and system are the same. The electrical 
characteristics for the Kyocera KD320GX-LFB PV arrays are presented in 
Table 2. 

2.2. Partially shaded arrays and effects of bypass diode 

PV arrays receiving varying amounts of irradiance produce mis
matched currents when connected in series. Bypass diodes have the 
ability to sustain higher current in PS modules, as demonstrated in 
Fig. 4. As a result, the nonlinear MPPT problem transforms into a 
multiple-LM non-convex optimization problem [28]. Fig. 5 (a) and (b) 
show bypass diode effect on P-V and I-V curves under four PS patterns, 
respectively. The GMs range in voltage from 80 to 180 V. 

2.3. Boost converter 

Boost converter provides the load interfacing and control action. The 
components value and parameters are calculated using Eq. (7)-(11). The 
MPPT control regulates the voltage Vpvh of PV system to adapt the best 
Vrefh at GM which is further explained in tracking mechanism. The duty 
cycle (dcycle[0, 1]) is modulated to adjust Vpv at Vrefh. 

vdcout =
vdcin

1 − dcycle
(7)  

Table 1 
PV cell and arrays Electrical parameters.  

Symbol Description 

Vout Output voltage 
Ns Series connected cells 
IPV Cell current 
B Boltzmann constant =1.38073× 10 − 23J/K 
IPV− STC Cell current at STC conditions 
VT Thermal voltage 
Rs Equivalent resistance in series 
Rpeq Total Equivalent parallel resistance array 
Io Reverse saturation current 
Id Diode current 
Rseq Equivalent series resistance array 
Np Parallel connected cells 
Rp parallel resistance 
KI Short circuit current constant 
G Irradiance (W/m2) 
a Diode ideality factor 
T Temperature (◦C) 
TSTC Temperature at STC condition (25◦C) 
GSTC Irradiance at STC condition (1000W/m2)  

Table 2 
Kyocera KD320GX-LFB > 320 W solar panel electrical characteristics.  

Electrical Characteristics Kyocera KD-320GX LFB > 320 W 
Maximum power (Pmax) at STC 320 W 
MPP voltage (Vmpp) 40.1 V 
MPP current (Impp) 7.99 A 
Voc 49.5 V 
Isc 8.60 A 
Diode ideality factor 0.99412  
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dcycle =
ton
tswt

(8)  

ciλ =
Ωiid

8Ωiidfswt
(9)  

L =
Vpvhdcycle
2Ωiidfswt

(10)  

coλ =
iodcycle

8Ωvidfswt
(11)  

The input–output capacitances are denoted by Ciλ, and Coλ respectively. 
The Ωvld represent ripple voltage, Ωild is inductor ripple current and 
vdcout represents the converter output voltage. 

2.4. Partial shading condition 

When PV modules in a PV system cannot get equal irradiation, the PS 
happens [29]. The number of Partial shaded modules is equal to the 
number LM peaks. Classical convex optimization techniques usually 
failed to distinguish between several local Maximas formed due to 
partial shading, resulting in a loss of significant amount of solar power. 

Fig. 4. The partial shading event with blocking and bypass diodes.  

Fig. 5. (a) The P-V behavior under PS condition (b) The I-V behavior under PS conditions.  

M. Kamran Khan et al.                                                                                                                                                                                                                        



Energy Conversion and Management: X 21 (2024) 100509

5

3. Proposed methodology 

3.1. Energy valley optimizer 

The Energy Valley Optimizer (EVO) is a revolutionary metaheuristic 
algorithm that is inspired by the physical phenomenon of particle sta
bility and decay modes [30]. One of the most prominent characteristics 
of a chemically unstable element is its decay rate which is a process in 
which low energy particles are generated. One parameter to consider is 
the N/Z ratio in which N represents the number of neutrons while Z 
represents the number of protons. Each particle tries to improve its 
stability by changing N/Z ratio. Basically, three particles are emitted 
namely alpha particles, beta particles and gamma particles. Emission of 
alpha particles results in a decrease in the N/Z ratio while emission of 
beta particle N/Z ratio while N/Z ratio remain unchanged during 
gamma decay. The tendency of a particle to reach a stable point after 
decay can be used to improve the solution of the metaheuristic 
algorithm. 

3.1.1. Mathematical model 
In the first step, different solution candidates in the proposed solu

tion are considered as particles with different stability levels. 

X =
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,

{
i = 1, 2, 3, ....n
j = 1, 2, 3, ....d (12)  

xji = xji,min+ rand.
(
xji,max − x

j
i,min

)
,

{
i = 1, 2, 3, ....n
j = 1, 2, 3, ....d (13)  

where, n represents the total number of particles i.e.; solutions available, 
d is the dimensions of the problem under consideration, xj

i the decision 
variable at the j th position of an i th candidate, xj

i,min and xj
i,max show 

lower and upper bounds respectively. The rand is a randomly generated 
variable in the range of [0,1]. In the next step, the boundary is defined 
based on neutron enrichment level. This parameter is known as 
Enrichment Bound (EB) which considers Neutron Enrichment Level 
(NEL) and is mathematically defined as follows: 

EB =

∑n
i=1NELi
n

, i = 1, 2, 3, ....n (14)  

The stability levels of various solutions are established in the third phase 
while taking into account the assessments of the objective function: 

SLi =
NELi − BS
WS − BS

, i = 1, 2, 3, ....n (15)  

The best minimum and worst maximum values for objective function 
values are BS and WS, respectively, where SLi is taken to represent the 
stability level. 

If the stability level of a particle has greater value as compared to the 
stability bound, then alpha and gamma decay is considered as they are 
suitable for a heavier particle with comparatively higher stability level. 
Therefore, emission of alpha rays can be considered in order to improve 
the particle’s stability which can be represented mathematically as 
follows: 

XNew1
i = Xi(XBS(xji)),

{
i = 1, 2, 3, ....n

j = Alpha index II (16) 

The EVO positions are updated using the above formula, and a new 
candidate is created. Two random integers are created for this purpose; 
one is AlphaindexI in the range of [1, d] and indicates the number of rays 
to be released, while the other is AlphaindexII in the range of [1, 
AlphaindexI] specifies the release of particular alpha rays. 

Similarly, emission of gamma rays also results in the stability of the 
particle and can be considered as another position updating system 
which generates a new solution. For this reason, two different random 
integers are generated namely GammaindexI which ranges between [1, 
d] denoting the number of emitted photons and GammaindexII which 
ranges between [1, GammaindexI]. The distance between the particle 
under consideration and other particles is calculated using the following 
mathematical relationship: 

Dki =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(x2 − x1)
2
+ (y2 − y1)

2
√

,

{
i = 1, 2, 3, ....n

k = 1, 2, 3, ....n − 1 (17) 

Here, Dk
i is the total distance between the i th particle and its k th 

neighboring particle while (x1, y1) and (x2, y2) represents the co
ordinates of the particle available in the search space. The second so
lution candidate is calculated as follows: 

XNew2
i = Xi(XNG(xji)),

{
i = 1, 2, 3, ....n

j = Gamma index II (18) 

Where XNew2
i = newly generated particle in the solution space, Xi is 

the current position vector of the i th particle, xj
i is the decision variable 

and XNG represent the position vector of the neighboring particle. 
When a particle’s stability level is below the stability bound, beta 

decay is taken into account. In beta decay, a method is used to update 
the particle’s position by moving it in the direction of the candidate with 
the best stability (XBS) and the particle’s center (XCP). These character
istics of the algorithm helps in imitating the particles tendency to reach 
to stability. 

XCP =
∑n

i=1Xi
n

, i = 1, 2, 3, ....n (19)  

XNew1
i = Xi +

(r1 × XBS − r2 × XCP)
SLi

, i = 1, 2, 3, ....n (20) 

Where XNew1
i and Xi are the upcoming and the current position vec

tors for the i th particle, XCP is the position vector for the center of 
particles. 

To improve the performance of the algorithm, another system is 
introduced which results in the movement of the particle towards the 
particle with the best stability and neighboring particle and this move
ment is not affected by particle’s stability level. It is formulated math
ematically as follows: 

XNew2
i = Xi +(r3 × XBS − r4 × XNG), i = 1, 2, 3, ....n (21) 

Where XNew2
i and Xi are the updated and current position while r3 and 

r4 are random variables determining the amount of particles movement. 
For a particle with neutron enrichment level lower than the enrich

ment bound, the particles tend to either emit positrons or capture 
electrons. The movement of the particle can be represented as follows: 

XNewi = Xi + r, i = 1, 2, 3, ....n (22)  

Where XNew
i and Xi are the new and the current position of the i th 

particle and r is the random variable between 0 and 1. 

3.1.2. Stopping criterion 
The two-stopping criterion are taken into account in this investiga

tion. The first is the maximum number of iterations. In this study, the 
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maximum number of iterations was set at 50. The second criterion is 
power change (ΔP). ΔP must be kept within ≤ 2% of the maximum rated 
power. The algorithm must be reinitialized due to the significant change 
in operational circumstances and weather. Fig. 6 and Fig. 7 show the 
logical flowchart and pseudo code respectively, for the EVO based 
MPPT. 

3.2. Tracking mechanism 

The duty cycle serves as the search space, and its range is 0 to 1. In 
the search space, four particles named Pa1, Pa2, Pa3, and Pa4 are 
initialized. Variable VPai contains the voltage search range (min, max) 
for particle Pai (i = 1, 2, N). Eq. (37) explains how the best particle was 
chosen. 

VPa best(n)= gbest(VPabest(1) ,VPa best(2),VPa best(3),VPa best(4) (23) 

The reference voltage calculated by EVO is displayed in Fig. 8. The 
repeated movement of particles is shown in Fig. 9 (a–f). Smoother shifts 
are achieved which results in stable power transient without random 
oscillations. It is also observed that the maximum exploration of search 
space is done by the proposed EVO ranging from 15 to 200 V on the x- 
axis. Initially, the population shifts towards the opposite end because of 
higher average weight. The EVO computes the reference voltages up to 
175 V. Fig. 9 suggests that initially pace is very high and reduction is pace 
limits the range of EVO particles in final iterations. 

Fig. 6. The flowchart of EVO for MPPT tracking.  

Fig. 7. The pseudo code of EVO for MPPT tracking.  
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4. Results and discussion 

In this section, a detailed study of results will be made. Thorough 
comparison of optimized P&O, PSO [31], WOA [31] and CSA [32] is 
made with proposed EVO. The problem is formulated using five case 
studies which includes temperature, irradiance, PS, CPS and field at
mospheric data study. Case 1 deals with fast varying irradiance that 
occurs due to moving clouds, shade and dust accumulation. Case 2 deals 
with the varying temperature typically encountered by PV systems 
throughout the day. Case 3 is a classical partial shading condition 
problem and case 4 is built upon complex partial shading condition. The 
case 5 represents real world application scenario in which the energy 
harvest is examined through 24-hour operation of MPPT controller. The 
seven quantitative matrices i.e., tracking time (TT), settling time (ST), % 
age efficiency, MPP, average power etc. and 3 statistical matrices i.e., 
MAE, RE, and RMSE are used to compare the performance of the 
competing approaches. 

4.1. Case 1 fast change in irradiance 

Moving cloud shadow, dust accumulation and angle of elevation of 

sun causes significant change in irradiance levels throughout the day 
[33]. The output of the PV system degrades significantly and MPP 
swings due to these irradiance changes. The change in irradiance has 
dominant effect upon current generation and relatively low effect upon 
the voltage drop [34]. In this case, two distinct transitions in irradiance 
are considered after every 2 s as shown in Table 3. At STC condition the 
irradiance is 1000 W/m2 and T = 25 ◦C. The irradiance drops from 1 
kW/m2 to 0.450 kW/m2 rises to 0.650 kW/m2. The maximum power is 
1201.2 W, 545.2 W and 788 W, respectively and the relative average 
power is 844.8 W. 

The power transient is compared in Fig. 10 (a) The duty cycle 

Fig. 8. EVO GM tracking on P-V curves with respect to output power and reference voltage.  

Fig. 9. EVO iterative behavior during GM search on P-V curve.  

Table 3 
Fast changing irradiance pattern for Case 1.  

Case No. & 
Description 

Irradiance pattern G
kW
m2 × 1000 Pmax(W)

PV1 PV2 PV3 PV4  

Case1: Fast 
Vary. 
Irradiance 

1,0.45, 
0.65 

1,0.45, 
0.65 

1,0.45, 
0.65 

1,0.45, 
0.65 

1201,545,778  
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comparison is presented in Fig. 12. In the interval 0–2 s, EVO achieved 
the highest efficiency reaching 1201 W followed by WOA 1198.4 W, PSO 
1198.3 W and CSA 1197.4 W and P&O is 1176 W. The proposed EVO 
achieves 99.99 % power convergence efficiency followed by WOA 
99.75 %, PSO 99.71 %, CSA 99.71 % and P&O 98 %. 

During the duration of 0–6 s, highest average power is achieved by 
EVO at 832 W followed by WOA 806 W, P&O 819 W, PSO 801 W and 
CSA 799 W. Relatively EVO produced 13–33 W more power which 
translates in up to 4 % more average power and energy harvest due to 
effective tracking of MPP by the proposed techniques. According to the 
power dynamics, the performance under fast varying irradiance is EVO 
> WOA > PSO > P&O > CSA. 

The proposed EVO achieve a tacking time (TT) of 120 ms. 

Interestingly the P&O tracks the GM within 120 ms but failed to settle. 
WOA, CSA and PSO take 360 ms, 360 ms and 340 ms respectively. The 
ST of EVO is 160 ms. PSO and CSA has longest settled time of 850 and 
830 ms and WOA settles within 435 ms. The duty cycle variation is 
shown in Fig. 10 (b). The proposed EVO is 42–53.5 % faster. The PSO 
and CSA take up to 30 iterative cycles to settle at GM while EVO takes 
less than 17 iterations. The P&O follows GM and generates continuous 
oscillations at 24 W. In Fig. 10 (c) voltage variations are shown. 

4.2. Case 2: Fast temperature variations 

This case addresses the rapidly fluctuating temperature. The output 
voltage has a significant impact on voltage drop and is inversely 

Fig. 10. (a) Power variations for case 1 (b) Duty cycle variations for case 1 (c) Voltage variations for case 1.  
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proportional to operational temperature [35]. Fig. 11 displays the test 
pattern at G = 1000 W/m2. The Case 2 temperature pattern starts at 
25 ◦C and transitions occurs every second. 

Fig. 12 (a) & (b) show the comparison of power & the duty cycle, 
respectively. With a 99.99 % efficiency, EVO achieves the highest power 

of 1201 W, followed by WOA at 1199 W, CSA at 1197 W, PSO at 1189 W, 
and P&O at 1188 W, with respective efficiency ratings of 99.99 %, 99.71 
%, 99.75 %, and 98.0 %. A higher mean average indicates the robustness 
of the controller in the transient phase of operation. Average power is a 
better indicator of performance analysis. The EVO achieved average 

Fig. 11. Time varying temperature condition of Case 2 for the PV system.  

Fig. 12. (a) Power comparison for case 2 (b) Duty cycle comparison for case 2 (c) Voltage comparison for case 2.  
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power of 1082 W, PSO 1060 W, WOA 1059 W, CSA 1050 W and P&O is 
at 1050 W. The proposed EVO achieve 2–3 % more average power. 

According to the findings in Fig. 12 (c), EVO has shortest TT & ST of 
120 ms and 130 ms respectively. Despite the fact that Pert & Observe 
algorithm needs only 100 ms to track the GM, it results in power loss 
owing to random oscillations. The WOA, CSA, and PSO have TT of 290 
ms, 360 ms, and 370 ms with ST of 350 ms, 420 ms, and 740 ms 
respectively. The sequence of performance is EVO > WOA > CSA > PSO 
> P&O. 

4.3. Case 3 partial shading problem 

Major problems with solar electric generation are brought on by the 
PS [36,37]. The production capacity of a PV panel may be reduced up to 
70 % by a 10 % shadow. Different irradiance levels result in varying 
voltages and currents. The least productive panels create a hotspot ef
fect. The power is lost as heat energy, which could harm PV panels that 
are serving as a resistive load [38]. 

For a 4x1 PV array, Table 4 offers the partial shading pattern. Figs. 5 
and 6 display the P-V and I-V curves. The P-V curves illustrates 4 MPPs 
with 3 LM and 1 GM. GM is centralized. The power at LM1 = 238 W, 
LM2 = 440 W, LM3 = 455 W and GM lies at 500 W. 

Results for power transients are illustrated in Fig. 13 (a), and duty 
cycle control is depicted in Fig. 13 (b). EVO, WOA, PSO, CSA, and P&O 
each achieved a maximum power of 500 W, 499.7 W, 499.3 W, 499.2 W, 
and 440 W under PS conditions, respectively. The respective efficiencies 

Table 4 
Irradiance levels to generate partial shading for case 3.  

Case No. Irradiance Gi(
kW
m2 )× 1000  Pmax (W) 

Case3 PS  PV1  PV2  PV3  PV4 500  
0.79  0.66  0.52  0.31  

Fig. 13. (a) Power comparison for case 3 (b) Duty cycle comparison for case 3 (c) Voltage comparison for case 3.  
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of EVO, WOA, PSO, CSA, and P&O are 100 %, 99.86 %, 99.75 %, 99.31 
%, and 88 % respectively. 

EVO achieves the highest average power of 491 W, followed by WOA 
at 477 W, PSO at 475 W, CSA at 474 W, and P&O at 381 W. The ST of 
EVO is 250 ms, and it can take up to 200 ms to track GM. The EVO shows 

52.3 % faster TT and 80.72 % quicker ST with respect to CSA. The P&O 
has fast-tracking under STC conditions taking as low as 100 ms but 
suffers from LM trap and unable to settle at GM. Results show that, the 
EVO track the GM in 12 iterations, and in 20 iterations, it reaches MPP. 
EVO > WOA > PSO > CSA > P&O is a succinct way to describe case 3 
performance. Voltage variations with stable output are shown in Fig. 13 
(c). 

4.4. Case 4: Complex partial shading conditions 

The complex partial shading (CPS) occurs due to comprehensive PS 
of numerous PV arrays [39,40]. As a result, several closely associated 
MPP are formed on the P-V curves [40]. Fig. 14 shows the cluster for
mation in two group of closely packed LM. Each cluster has three MPP. 
Table 5 provides the irradiance pattern for 12x1 PV array. 

In total 11 local maxima are named LMi for (i = 1, 2, ⋯, p), and 
p ≤ 11. The LMP from left to right are 223.3 W, 490 W, 634.8 W, 887 W, 
1028 W, 1123 W, 1102 W, 1155 W, 1243 W, 1218 W, and 578.8 W 
respectively. The first cluster (C1) contains LM5− 7 with average power of 
1.0109 × 103 . The second cluster (C2) contains LM8− 10 with average 
power of 1.0362× 103. The power is compared in Fig. 15 (a). The duty 
cycle comparison is shown in Fig. 15 (b). 

The EVO, WOA, CSA, and PSO tracked the GMPP in 260 ms, 530 ms, 
540 ms, and 740 ms respectively. The algorithms then took 490 ms, 730 
ms, 720 ms and 1.13 ms to settle without oscillations. The PSO exhibits 
the biggest variations in power transients, as seen in Fig. 15 (c). The TT 
of EVO is 66.7 % faster than PSO’s, followed by CSA at 56 % and GHO at 
50.9 %. In this case, the overall performance order is EVO > WOA >
CSA > PSO > P&O. The quantitative comparison for all the four cases is 
presented in Table 6. 

4.5. Case 5: Real world data 

In this case, the suggested MPPT controller viability and efficacy are 
assessed by using the field atmospheric data. The moving clouds, tem
perature variance, and regional seasons are the factors that determine 
the efficiency of the installed PV system [41]. The China Meteorological 
Agency (CMA) has information on total direct irradiance. The weather 
profile of average seasonal days is produced using the data in Fig. 16. It 
is warm and sparkling throughout the summer and spring. The winter 
season is the least productive, whereas fall is likely to have lower irra
diance exposure. The data transients are sampled every five minutes for 
a duration of 24 h. 

Location of Beijing is 39.9042oN/116.4074oE. The irradiance profile 
of Beijing is shown in Fig. 16 (a), and the solar energy available year- 
round for various installation angles is shown in Fig. 16 (b). The 

Fig. 14. The cluster formation due to complex partial shading conditions.  

Table 5 
Irradiance levels to generate complex partial shading for case 3.  

Case No. Irradiance Gi(
kW
m2 )

Pmax(W) 

Case 4 CPS Module1 = 385 Module5 = 555 Module9 = 515 1243 
Module2 = 140 Module6 = 425 Module10 = 395 
Module3 = 985 Module7 = 585 Module11 = 740 
Module4 = 585 Module8 = 335 Module12 = 910  

Fig. 15. (a) Power comparison for case 4 (b) Duty cycle comparison for case 4 
(c) Voltage comparison for case 1. 
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average irradiance is 3821 W/m2, and the direct normal irradiance is 
3930 W/m2. The annual mean temperature is 32.1 ◦C, with high tem
peratures of 39.3 ◦C and lowest temperatures of − 12.8 ◦C. The average 
amount of power available between 10:00 and 15:00 is 820 W. Average 
peak power throughout the summer and fall is 897.2 W and 811 W, 
respectively. Winter and fall are the months when solar energy is least 
abundant. Table 7 provides a summary of the findings. 

The power and energy harvest for the summer season are shown in 
Fig. 17 & Fig. 18. The maximum power of 1192 W is achieved by EVO 
followed by WOA at 1190 W, PSO at 1178 W, CSA at 1172 W, and P&O 
at 1168 W. The energy harvested during 24 h is 13.3KWh, 13.22KWh, 
13.07KWh, 13.0KWh, and 12.58KWh, respectively. The proposed 
technique produces up to 5 % more energy. 

The power and energy harvest for the spring season are shown in 

Fig. 19 and Fig. 20. The maximum peak power attained by EVO is 1182 
W, WOA 1170 W, PSO 1143, CSA 1168WW, and P&O is 1144 W. The 
hourly mean power for EVO, WOA, CSA, PSO and P&O is 498 W, 492.3 
W, 487.3 W, 480.3 W, and 474.8 W respectively. The total energy har
vested by EVO is 11.95kWh. The EVO has 105 % more energy. WOA and 
CSA achieve higher peak power, still WOA has a higher average due to 
its effective tracking. Higher energy harvest improvises the techno- 
economic feasibility and life cycle cost (LCC) of the PV system 
installations. 

4.6. Experimental verification 

The primary objective of this section is to implement the Maximum 
Power Point Tracking (MPPT) controller model onto a physically 

Table 6 
Quantitative comparison of EVO with WOA, PSO, CSA and P&O.  

Tech. Name Case Converge Time(s) Settling Time(s) Power at GM (W) Avg. Power Max Power tracked (W) Harvested Energy (W) Efficiency(%) 

EVO Case1  0.12 0.16 1201 832 1201 1.664× 103 99.99 
Case2  0.12 0.13 1201 1082 1201 2.164× 103 99.99 
Case3  0.21 0.24 500 491 500 0.982× 103 99.99 
Case4  0.26 0.49 1242.2 1188 1243 2.376× 103 99.94 

WOA Case1  0.36 0.43 1201 806 1198.4 1.612× 103 99.75 
Case 2  0.29 0.35 1201 1059 1199 2.119× 103 99.80 
Case 3  0.37 0.57 499.7 477 499.7 0.954× 103 99.90 
Case 4  0.53 0.73 1238 1136 1239 2.272× 103 99.6 

PSO Case 1  0.34 0.85 1201 801 1198.3 1.602× 103 99.71 
Case 2  0.36 0.74 1201 1060 1198 2.120× 103 99.75 
Case 3  0.52 0.73 499.3 475 499.3 0.950× 103 97.69 
Case 4  0.74 1.13 1204 1100 1205(LM) 2.200× 103 96.94 

CSA Case 1  0.36 0.83 1201 799 1197 1.598× 103 99.71 
Case 2  0.37 0.42 1201 1050 1197.4 2.100× 103 99.71 
Case 3  0.42 0.86 499.2 474 499.2 0.948× 103 99.31 
Case 4  0.54 0.72 1212 1131 1213(LM) 2.262× 103 97.52 

P&O Case 1  0.12 0.12 1201 819 1176 1.638× 103 98.00 
Case 2  0.12 0.12 1201 1050 1188 2.100× 103 98.00 
Case 3  0.13 – 440 381 440(LM) 0.800× 103 88.00 
Case 4  0.21 – – – LM LM LM  

Fig. 16. Weather irradiance profile of Beijing city (a) 24-hour irradiance for Winter, Summer, Spring & Autumn (b) average irradiance for one month considering 
various surface angles. 
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embedded processor and subsequently conduct a closed-loop simulation 
using a simulated plant model. This integration and simulation process 
is commonly referred to as the “processor-in-the-loop” (PIL) test. During 
the PIL test, the EVO-MPPT controller is substituted by a PIL block, 
where the controller code is executed on the actual hardware of the 
embedded processor. This setup allows us to validate the effectiveness of 
the proposed MPPT control strategy on a real embedded board. 

To accomplish this, the Arduino MKRZERO board is utilized as the 
embedded platform for conducting the PIL experimentation. The 
Arduino MKRZERO features an integrated Microchip Technology 
ATMEL SAMD21 microcontroller. This microcontroller is equipped with 
a powerful 32-bit Arm® Cortex®-M4F processor, which includes a 
Floating-Point Unit (FPU). The processor operates at speeds of up to 120 
MHz, and it boasts 256kB of flash memory along with 32kB of SRAM. By 
executing the MPPT controller on the ARM Cortex-M4F processor of the 
Arduino MKRZERO board, we can thoroughly evaluate the capabilities 
of the processor in handling the complex computations involved in the 

MPPT algorithm. This process is crucial for verifying the feasibility of 
employing the developed MPPT control strategy in real-world applica
tions on an embedded system. 

Fig. 21 illustrates the embedded board, i.e., the Arduino MKRZERO 
board, which serves as the hardware platform for conducting the 
processor-in-the-loop (PIL) experiments. With this setup, we aim to 
ensure that the embedded processor effectively executes the MPPT 
controller and successfully regulates the power output to maximize the 
efficiency of the photovoltaic system under various conditions. The re
sults from the PIL test will provide valuable insights into the perfor
mance and reliability of the MPPT control strategy on the chosen 
embedded board and microcontroller configuration. 

The Processor-in-the-Loop (PIL) block, as shown in Fig. 21, is care
fully constructed and integrated with the plant model to capture the 
photovoltaic (PV) output voltage and current. This integration enables 
the PIL block to implement the proposed algorithm, determining the 
necessary duty cycle required for optimum power point tracking. Sub
sequently, the PIL block sends this calculated duty cycle back to the 
plant model. The essence of the PIL process lies in its real-time testing 
capability. During the PIL test, the generated code of the MPPT 
controller is executed and tested in real-time on the chosen embedded 
processor (Arduino MKRZERO board), while the plant model continues 
to run on a computer. This configuration facilitates the identification 
and rectification of potential errors in the control algorithm, thus 
ensuring the reliability and accuracy of the MPPT control strategy. 

Fig. 22 illustrates the outcome of the PIL test. It clearly exhibits the 
results obtained from this test and emphasizes their close similarity to 
the simulation results achieved using MATLAB/Simulink. This congru
ence between the PIL test and the simulation results validates the effi
cacy and correctness of the MPPT control algorithm proposed in this 
study. 

The successful verification of the MPPT control algorithm on the real 
microcontroller (Arduino MKRZERO board) through the PIL test is a 

Table 7 
The comparative 24 h results for case 5.  

City Season Measure EVO WOA PSO CSA P&O 

Beijing Summer Peak power 
(W) 

1192 1190 1178 1172 1168 

Mean Power 
(W) 

554 550.9 544.4 541.6 524.0 

Energy 
Harvest 
(kWh) 

13.3 13.22 13.07 13.0 12.58 

Spring Peak power 
(W) 

1182 1170 1143 1168 1144 

Mean Power 
(W) 

498 492.2 480.3 487.3 474.8 

Energy 
(kWh) 

11.95 11.82 11.53 11.60 11.38  

Fig. 17. Summer power comparison for case 5.  

Fig. 18. Summer energy harvest comparison for case 5.  
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critical milestone in this research. It demonstrates that the embedded 
processor can execute the developed algorithm in real-time and 
achieving accurate power tracking performance, which holds significant 
implications for practical applications of this control strategy in real- 
world PV systems. 

By conducting the PIL test, we have effectively bridged the gap be
tween simulation and real-world implementation. This process ensures 
that the proposed MPPT control algorithm functions as intended on the 
embedded board, offering the potential for enhanced energy harvesting 
efficiency in photovoltaic applications. The thorough validation of the 
algorithm’s performance through the PIL test provides a solid founda
tion for confidently employing this control strategy in actual embedded 
systems, contributing to the advancement of renewable energy 
technologies. 

In the PIL study, we evaluated the performance of EVO against PSO 
and Perturb and Observe algorithm. The MPPT control was tested under 
fast varying operating conditions, starting at 1000 W

m2 and falling to 500 
W
m2 and again raised to 700 W

m2 for 25 W ± 3 W Sonew flexible poly
crystalline solar panel with 17 % efficiency in 4x2 configuration. Our 
findings demonstrate that the proposed EVO exhibits superior perfor
mance in terms of faster tracking time, higher power conversion effi
ciency, and reduced oscillations at power transition points. Specifically, 
during the sudden irradiance reduction at t = 2 s and t = 4 s. EVO 
efficiently tracked the global maximum (GM) within 130 ms and settled 
at the GM in 250 ms. On the other hand, PSO exhausts approximately 
540 ms to track and an additional 260 ms to settle at the new maximum 
power point. P&O oscillations render its performance and are fluctu
ating the control signal causing unstable output power. Additionally, the 
magnitude of the fluctuations observed in EVO’s power tracking was 

significantly smaller compared to PSO, as clearly illustrated in the 
zoomed view of the graphs. The power tracking efficiency of EVO was 
determined to be 99 %, indicating its capability to harvest more energy 
while producing fewer fluctuations.. EVO generated stable output 
despite minor noise caused by uncertain resistances and connection 
capacitances. At irradiance transition, the EVO can deal with reference 
voltage fluctuation by effectively generating updated reference voltage. 
PSO on the other hand is least effective. 

5. Discussions 

5.1. Tracking & settling time 

The tracking time (TT) of the MPPT controller is the amount of time 
it took to find GM, and the settling time is the amount of time it took to 
converge on GM in the search space without oscillations. The fewest 
number of iterations with the lowest TT and ST are preferred. An 
effective MPPT controller should have the smallest possible time con
straints. EVO achieves the highest ST and TT, followed by WOA, CSA, 
PSO, and P&O. On average, the suggested controller results in 40–60 % 
improvement. 

5.2. Tracking efficiency 

The most crucial feature of the MPPT controller is efficiency. The 
mean and maximum power efficiencies are investigated for all five cases. 
The proposed strategy outperforms the alternatives in both indices. The 
PSO and CSA’s lack of efficiency in power tracking is revealed in cases 4 
and 5. 

Fig. 19. Spring power comparison for case 5.  

Fig. 20. Spring energy comparison for case 5.  
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5.3. Oscillations and fluctuations 

Voltage oscillations around MPP are a significant problem for con

ventional approaches. These oscillations should not occur. The results 
show that voltage and power oscillations have been successfully 
removed by the proposed technique. The results also show that for all 

Fig. 21. Diagram of PV generation using PIL block.  

Fig. 22. PIL hardware experimental results comparison of EVO, PSO and P&O.  
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five cases, the ripples remain ≤ 1 W. 

5.4. Energy harvest 

The highest energy is harvested by EVO. It is because of the 
robustness and overall performance superiority. 

5.5. Statistical analysis 

Mean absolute error (MAE),root mean square error (RMSE) and 
relative error are the indicators used to determine the sensitivity of 
competing techniques. 

RE =

∑m
j=1

(
Pact,j − Ppv

)

Ppv
*100% (24)  

MAE =

∑m
j=1

(
Pact,j − Ppv

)

n
(25)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

j=1

(
Pact,j − Ppv

)2

n

√

(26) 

where Pact,j = actual output power in the j-th run, Ppv = max possible 
PV power, m = maximum runs. Compared to PSO, CSA,WOA, and P&O, 
the EVO produces lesser RE and MAE. The statistical analysis is pre
sented in Fig. 23. 

6. Conclusion 

In order to address the issues of PS and delayed convergence in MPPT 
control, this research proposes a novel EVO based MPPT controller for 
the PV system. The superiority of the proposed EVO based MPPT 
controller is validated by comparing the results with highly optimized 
WOA, P&O, PSO, and CSA, under a variety of operating situations, 
including a field atmospheric data analysis, partial shading, complex 
partial shading and uniform shading conditions. The experimental, 
statistical and analytical study confirms the suggested EVO based MPPT 
controller’s superior performance. The output oscillations are reduced 
to 1 W, and the power tracking efficiency reaches up to 99.99 %. When 
compared to traditional P&O, up to 12 % more power is produced, and 
when compared to contemporary MPPT controllers, tracking time im
provements can be as much as 40–60 % faster. Overshoot, ripples, and 
fluctuations are all reduced to a minimum. Under field atmospheric 
conditions, EVO also produces great results. Finally, it can be concluded 
that under fast changing environmental conditions, the suggested EVO- 
MPPT strategy gives superior dynamic response, power conversion ef
ficiency and tracking speed. 
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