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Abstract: A PV system’s operation highly depends on weather conditions. In case of varying
irradiances or load changes, there is a power mismatch between various modules of the PV array.
This power mismatch causes instability in the output of the PV system and deteriorates the overall
system efficiency. To overcome instability and lower efficiency problems, and to extract maximum
power from the PV system, various maximum power point tracking (MPPT) techniques are employed.
The success of these techniques depends on the identification of the actual operating conditions of
the system. This article proposes a hybrid maximum power point tracking (MPPT) technique that is
capable of efficiently differentiating between uniform irradiance, non-uniform irradiance, and load
variations on the PV system. Based on the identified operating conditions, the proposed method
uses modified perturb and observe (Modified P&O) to cope with uniform irradiance variations
and chimp optimization algorithms (ChOA) for non-uniform conditions to track the oscillation free
maximum power-point. The proposed method is implemented and verified using a 4 × 3 PV array
model in MATLAB Simulink software. Different cases of uniformly changing irradiance and non-
uniformly changing irradiance are applied to test the performance of the proposed hybrid technique.
The load varying conditions are performed by applying a variable load resistor. The authenticity
of the proposed hybrid technique is critically evaluated against the well-known and most widely
used optimization techniques of modified perturb and observe (Modified P&O), particle swarm
optimization (PSO), flower pollination algorithm (FPA), and grey wolf optimization (GWO). The
results demonstrate the superiority of the proposed technique in oscillation-free tracking of global
maximum power point (GMPP) in a minimum tracking time of 0.4 s and 0.15 s, and steady-state MPPT
efficiency of 96.92% and 99.54% under uniform and non-uniform irradiance conditions, respectively.

Keywords: chimp optimization algorithm (ChOA); global maximum power point tracking (GMPPT);
load variations; modified perturb and observe; partial shading conditions; photovoltaic system

1. Introduction

Most conventional energy resources rely on fossil fuels, which are costly, diminishing,
and pollute the atmosphere. Moreover, existing energy resources are unable to meet
increasing energy demands. Consequently, the need for cost-effective, renewable, more
efficient, and environmentally friendly sources of energy has been boosted. As a result
of improved technology, falling prices, and supporting policies for PV installation, the
present decade has seen a large proportion of PV usage as compared to any other form of
renewable energy [1].

Although solar PVs are a promising candidate, having economical and environmental
benefits, they are highly dependent and suffer from unfavorable weather patterns (i.e.,
soiling, aging of modules, and tree, building, or cloud shadows). In addition, temperature
variations and irregular irradiance have adverse effects. In particular, partial shading (PS)
caused by clouds has a severe effect on PV array output.
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As a result of PS, there is an unequal distribution of irradiance on different modules of
the PV array. This irregular irradiance pattern creates a mismatch of power between various
modules, imposing a multi-peak condition on the PV curve. Additionally, fluctuations in
the output characteristics decrease the overall efficiency of the PV system [2].

Initial studies introduced the concept of array reconfiguration for countering the
mismatch effects. A competence square (CS) technique is used in [3] for the physical
rearrangement of PV modules in total-cross-tied (TCT) configuration under PS conditions.
The knight pattern array reconfiguration method is suggested by [4] for maximum power
extraction by equalizing shading distribution on various P V modules under partial shad-
ing conditions. In [2,5,6] various reconfiguration topologies (i.e., series, series-parallel,
total-cross-tied, bridge-linked, honey-comb, physical relocation of the module with fixed
electrical connections (PRM-FEC), SuDoKu, and Magic Square (MS)) are considered and
compared. Although total-cross-tied (TCT) configuration exhibits better performance,
increased circuit complexity and cost are its major drawbacks. Furthermore, physical
relocation of modules or switching of electrical connections is an additional problem for
reconfiguration methods under frequently changing weather patterns.

Another approach to improving PV performance using conventional MPPT methods
(i.e., perturb and observe (P&O) [7], incremental conductance (IC) [8], hill climbing (HC) [9],
ripple correlation control (RCC) [10], fractional open circuit (FOC) [11], fractional short
circuit (FSC) [12], etc.) has been evaluated in [13]. In [14], a variable step size and fixed
step size-based incremental conductance MPPT approach is suggested. The simulation
and experimental verification show better performance under variable step conditions;
however, it still has excessive oscillations in its output characteristics. In [15], an efficient
method of direct power transmission from PV to the grid is implemented by a combination
of multiple P&O and boost inverter topology. The proposed approach is successful in
effectively tracking MPP. A hybrid MPP tracking method using linear tangent and Neville
interpolation (LT-NI) is applied to track the maximum power of the PV system [16]. Despite
having efficient performance under uniform irradiance change, the proposed technique
fails to track the MPP during partial shading cases. Consequently, the assessment of these
conventional techniques indicates outstanding performance under uniform irradiance
change; however, in the case of partial shading, these algorithms are stuck in the local peaks,
unable to track the global peak (i.e., optimum operating point). Hence, conventional MPPT
methods cannot be relied upon for real-time control of PV systems under unpredictable
climate conditions.

The recent technological advances and research focus have proposed soft computing
and metaheuristic algorithms to cope with the problems of PS. The key advantage is im-
proved efficiency and reduced computational burden. The author in [17] proposed a crow
search algorithm (CSA)-based optimization technique for MPPT and compared it with
particle swarm optimization (PSO) and P&O. The analysis shows improved performance
of CSA as compared to traditional PSO and P&O methods. The article in [18] deduces
some rules to determine shading occurrence and suggests a flower pollination algorithm
(FPA) for MPPT in severe shading situations. In [19], optimal operating point is tracked
using the firefly algorithm (FA). The results demonstrate the superiority of FA over PSO
and P&O in terms of tracking speed and efficiency. A hybrid method is adopted in [20]
for oscillation-avoidance-based MPPT using a combination of P&O and genetic algorithm
(GA). Although the technique is successful in approaching the MPP, its tracking period
contains huge oscillations, causing a slow convergence speed in reaching the MPP. The
Spline-MPPT approach proposed in [21] claims to find maximum power under uniform
and partial shading cases by using a small number of sample points. Using a smaller
number of sample points compromises the accuracy. Moreover, utilizing the Spline-MPPT
method under uniform conditions can be complicated, as MPP can be easily determined
by simple modification in conventional P&O algorithms. A recently published article [22]
has applied the parabolic-assumption algorithm to track GMPP under partial shading
situations using a single current sensor. The simulation and experimental results verify the
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effectiveness of the proposed method. A very effective skipping-adaptive P&O algorithm is
designed in [23], which enhances the MPP tracking speed by avoiding scanning of certain
regions of the PV curve. The grey wolf optimization (GWO)-based control technique is
validated in [24], and results are compared with the most widely used conventional P&O
and improved PSO (IPSO) methods. The comparison shows that the proposed GWO
method outperforms both P&O and IPSO. In [25], a collaborative swarm algorithm (CSA)
is adopted to improve the tracking speed and efficiency of MPP tracking by employing the
excellent features of PSO, Jaya, and ACO-NUP collaboratively. Another recent strategy
to counter the partial shading effects using a most valuable player algorithm (MVPA) is
assumed in [26]. The performance of the proposed method is compared with the most
widely used PSO and modified Jaya algorithm; although it exhibits comparatively better
tracking capability, its MPP tracking duration still has high undershot oscillations. Fur-
thermore, in [27], GWO-FC technique is employed for mitigating the oscillations around
GMPP. A search-space-skipping-based MPPT method is proposed in [28] to track GMPP
under rapidly varying partial shading conditions. The authenticity and effectiveness of this
approach are evaluated against maximum power trapezium (MPT) and flower pollination
algorithm (FPA). The comparison indicates the superiority of the proposed method as
it efficiently skips the unnecessary region from scanning for MPP, which ultimately con-
tributes to fast convergence and improved efficiency. Recently, an enhanced cuckoo search
algorithm was recommended in [29] for GMPP tracking under partial shading conditions.
In [30], a dynamic particle MPPT approach is recommended. This method evaluates the
transient characteristics of the dc-dc boost converter and uses the idea of dynamic sample
time to achieve fast and improved tracking of MPP under random shading patterns. A
flying squirrel search optimization (FSSO)-based method is used in [31], which effectively
reaches the GMPP under non-uniform irradiance variation. An advantage of FSSO is
having very small tracking oscillation, while steady-state conditions have no oscillations.

The comprehensive literature review and comparative analysis of reconfiguration
methods, conventional methods, and metaheuristic-algorithm-based MPPT methods con-
clude that the latter is the most suitable approach to deal with complex partial shading
conditions on PV systems. Even though metaheuristic techniques have outstanding per-
formance in partial shading conditions, most of these methods have some limitations (i.e.,
complexity, increased tuning parameters, slow convergence speed, and large tracking and
steady-state oscillations).

The main research gap in the existing literature is the problems and limitations associ-
ated with global maximum power point tracking (GMPPT) techniques while dealing with
uniform irradiance change, partial shading, and load variations. The existing problems are
listed as follows:

(a) Rarely discussed and inefficient classification/identification of uniform, partial shad-
ing, or load-varying conditions.

(b) Slow convergence speed and large tracking and steady-state oscillations.
(c) Unsuccessful tracking of GMPP due to inefficient triggering of MPPT algorithms

caused by incorrect detection of actual operating conditions of the PV system.

These issues can be resolved by combining the benefits of conventional and meta-
heuristic methods to design a hybrid method [17]. To avoid unnecessarily triggering
between algorithms, it is extremely important to identify the occurrence of partial shading
and differentiate it from the uniform change of irradiance [18]. The detection of partial
shading conditions (PSC) is crucial for the efficient design of the MPPT controller. Most of
the studies consider large power or voltage change as a result of partial shading; however,
in reality, this is not always true.

To accurately identify the actual operating conditions of a PV system, this paper
proposes an efficient approach to differentiate between uniform irradiance, non-uniform
irradiance, and load variations. Moreover, based on the identified operating conditions,
the proposed hybrid technique uses modified P&O for oscillation-free MPP tracking under
uniform irradiance change. The chimp optimization algorithm (ChOA) [32], having the
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advantages of fewer tuning parameters, high convergence speed, and negligible tracking
oscillations, is employed to extract global maximum power point (GMPP) in the case of non-
uniform irradiance and load variations. Additionally, ChOA results are compared with well-
known modified perturb and observe (Modified P&O), particle swarm optimization (PSO),
flower pollination algorithm (FPA), and grey wolf optimization (GWO) MPPT methods.

The novel contributions and improvement of this research work are as follows:

1. Identification of actual operating conditions of the PV system, as well as discrimination
between uniform irradiance change, non-uniform irradiance change, and load variations.

2. Observing and distinguishing the combined effect of load and irradiance variations.
3. Oscillation-free transient and steady-state GMPP tracking under uniform and non-

uniform conditions using modified P&O and chimp optimization algorithms, respectively.
4. Efficiently maintaining GMPP under load variations to verify the robustness of the

proposed methodology.
5. The superiority of the proposed technique is confirmed through comparative analysis

with modified P&O, PSO, GWO, and FPA MPPT methods.

The remaining part of the paper is structured as follows: Section 2 explains the PV
system modeling. Section 3 presents and classifies operating conditions. The proposed
hybrid GMPPT methodology is detailed in Section 4. The results and discussions are in
Section 5. Finally, the conclusion and future work are in Sections 6 and 7, respectively.

2. PV System Modelling

The output power of a solar array system is highly dependent on the effectiveness of
the cells used in the PV module. A PV cell is a fundamental part of the solar system [33], so
there is an emphasis on its efficient design. In the literature, a variety of models have already
been presented (i.e., single-diode model, two-diode model, and three-diode model). Each
of these has non-uniform behavior under changing weather patterns. The comprehensive
analysis of the above three models under uniform as well as partial shading situations
has been shown in [34]. PV characteristics of the array system under different shading
cases showed the superiority of the single-diode model over other models (two-diode
and three-diode). Moreover, due to the simplicity and involvement of fewer parameters,
the single-diode model has been extensively used in PV module modeling. A schematic
diagram of the single-diode model used in this paper is shown in Figure 1.

Figure 1. Equivalent circuit of single diode model.

The ideal model of a single diode consists of a current source connected in parallel with
a diode. The equivalent model comprising a series and a shunt resistor is shown in Figure 1.
V-I characteristics of the single-diode model are analyzed using MATLAB/Simulink tools:

Mathematically,

I = Ipv − Id −
(

Vout + IRs

Rsh

)
(1)
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where

Id = Isat

[
e(

q(Vout+IRs)
aKT ) − 1

]
(2)

Now, by substituting Id in (1):

I = Ipv − Isat

[
e(

q(Vout+IRs)
aKT ) − 1

]
−
(

Vout + IRs

Rsh

)
(3)

Here, Equation (3) shows the overall output current equation for the single-diode
model, where

‘Ipv’ is photo-generated current,
‘Isat’ is diode reverse saturation current,
‘I’ is output current,
‘Vout’ is the voltage at the output terminal,
‘a’ is the ideality factor of the diode,
‘q’ denotes electron charge (1.6 × 10−19 C),
‘K’ is Boltzmann constant (1.3806503 × 10−23 J/K),
‘T’ is the temperature in Kelvin,
Rs and Rsh are series and shunt resistances, respectively. It is evident from Equation (3)

that the single-diode model needs estimation of the following five parameters: Ipv, Isat, Rs,
Rsh, and a.

3. Operating Conditions
3.1. Classification of Uniform and Non-Uniform Irradiance Variation

The I-V characteristics of a 4 × 3 S-P connected PV array are shown in Figure 2.
Initially, all modules are fully irradiated at 1000 W/m2, and the PV system is operating
at maximum power point (Pmp) 1. At point 1, voltage is Vmp = 74.09 V, and current
Imp = 9.203 A. However, due to uniform irradiance change, all modules are now receiving
300 W/m2 irradiance, and the system’s new operating point (OP) is shifted to 1’, having
voltage of Vmp = 69.95 V and current of Imp = 2.841 A. By carefully observing points 1
and 1’ on STC and UI curves, respectively, it is evident that during uniform irradiance
change there is only one peak, known as the maximum power peak. Moreover, the voltage
variation (∆Vmp ∼= 5%) is very small, while contrarily, current is reduced significantly.

Figure 2. I-V curve during uniform irradiance change and partial shading.

In the case of partial shading, PS-1 in Figure 2, the maximum power operating point is
at OP-3, having current of Imp = 6.933 A and voltage of Vmp = 54.39 V. Now, the irradiance
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level changes, and OP will move to a new position, OP-2, on PS-3, with an increase in
voltage (Vpv2 = 57.43 V) and current (Ipv2 = 7.275 A) as compared to Vmp and Imp of PS-1.

Again, the variation of irradiance causes the OP to be shifted to OP-4 on PS-2 with a
decrease in voltage (Vpv3 = 38.15 V) and current (Ipv3 = 4.931 A) as compared to Vmp and
Imp of PS-1. Consequently, non-uniform irradiance change can be identified if Equation (4)
is satisfied.

Vpv(i) > Vmp and Ipv(i) > Imp
Or

Vpv(i) < Vmp and Ipv(i) < Imp

 (4)

3.2. Identification of Load Variations

Load-varying conditions (LVC) are investigated by examining the OP behavior on
the PS curve of Figure 3. At the rated load condition, the system is operating at maximum
power point A with voltage Vmp = 56.15 V and current Imp = 6.84 A. An increase in load
causes the OP to move from point A on load line L-1 to point B on L-3. This new OP has
a voltage of Vpv3 = 60.01 V more, while the current (Ipv3 = 4.947 A) is less as compared to
Vmp and Imp at point A. However, a decrease in load forces the OP to shift to point C on L-2
causing a decrease in voltage (Vpv2 = 46.78 V) and an increase in the current (Ipv2 = 7.251 A)
in comparison to Vmp and Imp at point A. As a result, load variations can be identified if the
expression in (5) has been satisfied [35].

Vpv(i) < Vmp and Ipv(i) >Imp
Or

Vpv(i) > Vmp and Ipv(i) < Imp

 (5)

Figure 3. I-V curve’s response to load variations.

3.3. Combined Effect of Load and Irradiance Variations

In real-time scenarios, there is always a possibility of variation in load and irradiance
at the same time. To tackle such a situation, modifications in (4) and (5) are inevitable.
In particular, two cases are considered for dealing with the combined effect of load and
irradiance variations in this work. Initially, the PV system is operating at maximum power
point A as shown in Figure 4, with voltage Vmp = 57.5445 V and current Imp = 5.63947 A. In
case 1, let us suppose there is a sudden decrease in load, and at the same moment, irradiance
is also decreased. As a result, the OP moves away from maximum power point A to point C
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for change in load and irradiance simultaneously. The accurate identification of the case 1
condition can be expressed mathematically as follows:

∆V = Vop −Vmp < 0
∆I = Iop − Imp > 0

}
(6)

Figure 4. I–V characteristics under combined variation of load and irradiance.

In case 2, the load is increased, and at the same time, there is an increase in irradiance,
causing OP to relocate from point A to point B, as shown in Figure 4. This type of load and
irradiance change can be determined as follows:

∆V = Vop −Vmp > 0
∆I = Iop − Imp < 0

}
(7)

Additionally, the concept of slope variation is used to differentiate between irradi-
ance and load change. In Figure 4, the slope of load line-1 (L-1) does not change (i.e.,
mA = mD = mE = 0.1) with the variation of irradiance level. However, in the case of a
change of load, the load line L-1 shifted to L-2 or L-3. As a result, the slope variation can be
used to identify the occurrence of load change.

Mathematically,
∆m = 0; Irradiance Variation

∆m > 0; Decrease in Load
∆m < 0; Increase in Load

 (8)

where
∆m = mnew −mmp (9)

Here, mmp represents the slope of the load line at the maximum power point A, while
mnew is a new slope after the change of load/irradiance.

4. Proposed Hybrid GMPPT Methodology

The proposed hybrid technique in this work uses the modified perturb and observe,
along with the recently developed chimp optimization algorithm (ChOA) [27]. To accom-
plish the objective of efficient global maximum power point (GMPPT) tracking under
uniform irradiance change, non-uniform irradiance change (i.e., partial shading), and load
variations, the actual operating conditions of a PV system are identified first. After that,
based on the identified situation, modified P&O or ChOA are employed for successful
tracking of maximum power point (MPP). The proposed method is divided into three
phases, as shown in the flowchart of Figure 5. These phases are explained here as follows.
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Figure 5. Cont.
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Figure 5. Cont.
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Figure 5. (a). Flowchart for identification of operating conditions. (b) Flowchart of the modified
perturb and observe algorithm. (c) Flowchart of the chimp optimization algorithm.

4.1. Identification of Operating Conditions

In the first phase, the critical analysis of I–V characteristics is done considering various
irradiance and load conditions. As shown in Figure 5a, if normalized voltage change is
below 5%, the PV system is considered as operating in uniform irradiance conditions (UIC),
as already explained in Section 3. The modified P&O is employed for oscillation-free
tracking of MPP under uniformly changing irradiance. On the other hand, if normal-
ized voltage change is more than 5% (i.e., the threshold for uniform irradiance change is
crossed), the system is assumed to be operating in non-uniform conditions. This situation
occurs due to the intermittent nature of solar irradiance or under-changing loads or both.
This research detects the combined effect of load and irradiance variation according to
Equations (6) and (7) and mitigates their effects individually. For individually tackling the
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load and irradiance variations, the expression in (8) is used. The load variations are simply
dealt with by using the duty cycle compensation method to track back the exact MPP [30].

Upon detection of load variations, the algorithm updates its duty cycle as follows:

DGMPP_updated =

√
γ

1 +
√

γ
(10)

and

γ =
IGMPP
VGMPP

× VL
IL
× DGMPP

2

(1− DGMPP)
2 (11)

Here, VL and IL are voltage and current under load-varying conditions, while GMPP
of V, I, and D are the system’s optimal operating point values before the occurrence of load
variations.

4.2. Oscillation-Free Tracking of MPP Using Modified Perturb and Observe under UIC

To ensure the optimal operation of the PV system under uniform irradiance change,
the proposed technique makes use of a modified version of the conventional perturb
and observe algorithm. The prime objective is to eliminate the initial and steady-state
oscillations and improve the tracking time to reach the MPP under uniformly changing
irradiance conditions. The algorithm starts by assigning initial values to the variables.

The upper and lower duty-cycle thresholds are set to 0.60 and 0.40, respectively. These
values are set to ensure MPP lies between them. The algorithm initiates with an initial
duty cycle of 0.45 and scans the PV curve with a perturbation step of 0.002. The initial
voltage (Vpre = 0) and power (Ppre = 0) are defined as previous voltage and previous power
and set to zero value. Similarly, the oscillation counters osc_1 and osc_2 are set to zero. The
voltage and current of the PV system are measured using measurement devices, and power
is calculated. These PV voltages (V) and power (P) values are compared to previously
initialized voltage (Vpre) and power (Ppre). If power change is zero (∆P = 0), the algorithm
updates the ‘D’, ‘Vpre’, and ‘Ppre’ values and starts the process again. However, if the
change of power (∆P 6= 0) is non-zero, the algorithm tracks the MPP and checks for the
possibility of steady-state oscillations. If both voltage and power change are negative,
the oscillation counter 1 (osc_1) will be incremented by 1. However, a positive change of
voltage value causes the oscillation counter 2 (osc_2) to be incremented. On the other hand,
if the changes of both voltage and power are positive, the oscillation counter 2 (osc_2) will
be incremented, while a positive change of power and negative change in voltage value
increments the oscillation counter 1 (osc_1). The algorithm calculates and compares the
power and voltage values and checks for osc_1 and osc_2. If the oscillation counter 1 and 2
both have values of 2 or greater, the algorithm considers this as oscillations around the
MPP. In the case of oscillations, the perturbation step size is further reduced to minimize
the steady-state oscillations. The upper and lower bound duty-cycle values reveal that the
finalized duty-cycle ‘D’ is the required value for an oscillation-free steady-state condition.
The ‘Dinit’, ‘Vpre’, and ‘Ppre’ values are updated accordingly, as shown in the flowchart of
Figure 5b. These upper and lower duty-cycle thresholds define the MPP region and help to
avoid the divergence problem.

4.3. Chimp Optimization Algorithm (ChOA)

The increased complexity of array configuration topologies and uncertain weather
patterns reinforced the need for an efficient metaheuristic optimization technique. In
this paper, the recently evolved chimp optimization algorithm is used to counter the
complex irradiance variation conditions. Unlike other optimization techniques, ChOA
has the dynamic property of group formation. In this strategy, chimps are divided into
four independent groups, and each group has its special characteristics. These individual
features of each group help to achieve a common goal more efficiently in the minimum
possible time. The four groups of chimp are named attackers (A), barriers (B), chasers (C),
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and drivers (D) [32]. The mathematical formulation of ChOA for the proposed optimization
problem is shown in the flowchart of Figure 5c and described as follows.

Mathematical Formulation of ChOA

In case of non-uniform irradiance conditions (i.e., partial shading), ChOA uses its
strategy of driving and chasing the neighborhood of a global maximum operating point in
terms of voltage, as below.

χ =
∣∣ρVmp_STC(i)− δ Vpv(i)

∣∣ (12)

Vpv(i + 1) = Vmp_STC(i)− σ.χ (13)

Here, ‘i’ is iteration number, and ‘χ’ is the distance between actual voltage and desired
operating point voltage, while ‘σ’, ‘δ’, and ‘ρ’ shows the coefficient vectors. Vmp_STC is the
maximum power point voltage at standard test conditions, and Vpv is the measured voltage
value during non-uniform irradiance variation.

The coefficient vectors can be calculated as suggested by [32].

σ = 2βn1 − β (14)

ρ = 2n2 (15)

δ = chaotic_value (16)

Here, ‘β’ reduced non-linearly from 2.5 to 0 during the iteration process. While ‘n1’ and
‘n2’ are random vectors in the range of 0–1. In the end, ‘δ’ is a chaotic vector determined
based on various chaotic maps. To track the optimal operating point of the PV array
under partial shading conditions, the ChOA approach uses its four chimp groups (i.e.,
attackers, drivers, chasers, and barriers). Based on the convergence criteria, each chimp
group updates its position according to the best chimp’s locations.

This can be further illustrated with the help of Equations (12) and (13) as follows:

χA =
∣∣ρ1.VA(i)− δ1.Vpv(i)

∣∣
χB =

∣∣ρ2.VB(i)− δ2.Vpv(i)
∣∣

χC =
∣∣ρ3.VC(i)− δ3.Vpv(i)

∣∣
χD =

∣∣ρ4.VD(i)− δ4.Vpv(i)
∣∣
 (17)

and
V1 = VA(i)− σ1.(χA); V2 = VB(i)− σ2.(χB)
V3 = VC(i)− σ3.(χC); V4 = VD(i)− σ4.(χD)

}
(18)

Now, the best voltage after updating each chimps position is as follows:

Vpv(i + 1) =
V1 + V2 + V3 + V4

4
(19)

In Equation (15), the ‘ρ’ vector is a random variable that assigns weights for the MPP to
reinforce (ρ > 1) or lessen (ρ < 1) the effect of MPP location in the determination of distance
in Equation (16). It helps avoid trapping in local optima and enhances the stochastic
behavior of the ChOA technique. The thresholds µ < 0.5 and |σ| < 1 ensure convergence
towards the global maximum power point (GMPP); however, |σ| > 1 forces chimps to
diverge and globally explore more space. Moreover, the flexible tuning of the ‘ρ’ and ‘δ’
vectors allows for local optima avoidance and faster convergence simultaneously.

5. Results and Discussions

To verify the proposed hybrid GMPPT technique, a MATLAB Simulink model was
designed using a simple boost converter. The schematic diagram of the proposed model is
shown in Figure 6. The design specifications of the boost converter are given in Table 1 The
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series-parallel configuration topology is utilized to ensure optimum performance of the
4 × 3 PV array. A user-defined PV module having Pmp = 57.377 W, Voc = 21.4 V, Isc = 3.58 A,
Vmp = 18.1 V, and Imp = 3.17 A, as given in Table 2, is used for simulation. Moreover, the
sampling time of the proposed control technique is selected as 0.5 ms. The expression
in (20) is used to determine the steady-state MPPT efficiency of the proposed technique.
Different patterns of uniform irradiance and partial shading are applied to validate the
performance of the proposed method. The proposed technique differentiates between
uniform and non-uniform irradiance variation based on the conditions defined in the
flowchart of Figure 5a and uses the MPPT tracking algorithm accordingly. Three cases are
considered to authenticate the proposed system’s performance under uniform irradiance
change conditions.

nss =
Stablized Power

Rated Power
× 100 (20)

Here, ‘nss’ is steady-state MPPT efficiency.

5.1. Uniform Irradiance Conditions
5.1.1. Standard Test Condition (STC)

Initially, the PV array is fully irradiated (1000 W/m2), and according to the flow
chart of Figure 5a, the PV system is operating under the uniform irradiance condition;
thus, the modified P&O algorithm is initialized to track the exact MPP with reduced
oscillations under the steady-state condition as explained in Section 6. Figure 7a,b shows
the output power characteristics at standard test condition (i.e., 1000 W/m2, 25 ◦C) with a
rated power of 688.524 W. The power curve in Figure 7a has large initial and steady-state
oscillations. The highest spike has a value of 751.9 W, which is 72.9 W more than the
actual steady-state value of 679 W. These oscillations have an overshoot of 8.152%, while
undershoot is 45.164%. These high oscillations destabilize the PV system and reduce its
overall efficiency. To overcome these undesirable fluctuations, the proposed modified P&O
triggers with the initial perturbation step of ∆D = 0.002, and as it reaches the vicinity of
MPP and identifies oscillations, it starts to further reduce the perturbation size to minimize
the oscillations around MPP and stabilize the power. The output power curve in Figure 7b
proves the validity of the proposed modified P&O’s performance in reducing the high
initial and steady-state oscillations. The MPP is tracked in just 0.4 s with a steady-state
efficiency of 98.87%. The highest spike, in this case, is the same as steady-state stabilized
power of 680.8 W, while overshoot and undershoot values are reduced to 0.505% and
2.067%, respectively. Similarly, voltage and current characteristics with high oscillations
(without P&O) and low oscillations (with modified P&O) are shown in Figure 8. While,
The PV curves of uniform irradiance cases considered in this study are shown in Figure 9.

Figure 6. Schematic of proposed MPPT model.



Energies 2022, 15, 1549 14 of 26

Table 1. Boost converter specifications.

Parameter Description/Value

Capacitors [C_1, C_2] [10 µF, 470 µF]
Inductance 13 mH

Load Resistance 8.4 Ohm
Switching Frequency 1000 Hz

Table 2. Rating of user-defined PV module at STC, T = 25 ◦C, and irradiance = 1000 W/m2.

Parameters Values at Standard Test Condition(STC)

Power at MPP (Pmp) 57.377 W
Current at MPP (Imp) 3.17 A
Voltage at MPP (Vmp) 18.1 V

Short Circuit Current (Isc) 3.58 A
Open Circuit Voltage (Voc) 21.4 V

Figure 7. (a). High oscillations power characteristics at STC. (b) Low oscillations power characteristics
at STC.

Figure 8. High and low oscillations V-I characteristics at STC.
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Figure 9. PV Curves of uniform irradiance cases: (a) STC (1000 W/m2), (b) UI-1 (700 W/m2), (c) UI-2
(500 W/m2).

5.1.2. Irradiance Transition (STC→UI-1)

In this case, the irradiation level changes from STC to uniform irradiance 1 (UI-1) at
700 W/m2, with a rated power of 401.1 W. This uniform irradiance transition accompanies
high initial and steady-state oscillations, having an overshoot of 8.152% and 9.089% and
undershoot of 45.164% and 46.364% before and after the irradiance change, respectively,
as shown in Figure 10a. As the irradiation value changes at 1.25 s from STC to UI-1, the
algorithm identifies it as the uniform irradiance variation and reinitializes modified P&O
to track MPP with reduced initial and steady-state oscillations. As the irradiation value
changes at 1.25 s from STC to UI-1, the algorithm identifies it as the uniform irradiance
variation and reinitializes modified P&O to track MPP with reduced initial and steady-state
oscillations. The output power characteristics in Figure 10b confirm that the MPP is tracked
at 0.4 s and 1.75 s before and after the irradiance change with a steady-state efficiency of
96.95%. Moreover, overshoot values are decreased to 0.505%, and undershoot values are
at 2.067% and 2.782% before and after the irradiance transition, respectively. A similar
improvement can be seen in output voltage and current characteristics (Figure 11) by
employing the proposed modified P&O technique during uniform irradiance variation.

Figure 10. Power characteristics during irradiance transition (STC→UI-1), (a) high oscillations, and
(b) low oscillations.
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Figure 11. High and low oscillations V-I characteristics during irradiance transition (STC→UI-1).

5.1.3. Irradiance Transition (UI-1→UI-2)

Similar to the previous case, the irradiance transition occurs here at 1.25 s from
uniform irradiance 1(UI-1) at 700 W/m2 to uniform irradiance 2 (UI-2) at 500 W/m2, with
a rated power of 211.4 W. The algorithm again considers this change as uniform irradiance
variation, having excessive initial and steady-state oscillations, as seen in Figure 12a. This
high oscillatory power curve has an overshoot of 9.089% and 3.592%, while undershoot is
46.364% and 80.492% before and after the irradiance transitions, respectively. This uniform
irradiance change (UIC) condition re-initializes the modified P&O algorithm to track MPP
with reduced initial and steady-state oscillations. The performance of the proposed P&O
method is evident from Figure 12b, as it is successful in tracking exact MPP at 0.5 s and
1.75 s before and after the irradiance transition, having a steady-state efficiency of 94.96%.
Additionally, overshoot values are minimized to 0.505% and 0.943%, and undershoot values
to 2.782% and 4.744%, before and after the irradiance transition, respectively.

Figure 12. Power characteristics during irradiance transition (UI-1→UI-2): (a) high oscillations,
(b) low oscillations.

The output voltage and current characteristics with and without employing modified
P&O algorithm are shown in Figure 13. There is a significant improvement in both voltage
and current characteristics concerning oscillations and settling time.
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Figure 13. High and low oscillations V-I characteristics during irradiance transition (UI-1→UI-2).

5.2. Partial Shading Conditions

To verify the potential of the proposed chimp-optimization-algorithm-based GMPPT
technique under partial shading conditions, a comparative analysis with the most widely
used modified P&O, PSO, FPA, and GWO-based MPPT methods was carried out. The
irradiation profiles of the various non-uniform irradiation tests conducted to validate the
performance of the proposed ChOA method under partial shading conditions are given
in Table 3. The PV curves of non-uniform irradiation cases are shown in Figure 14. The
simulation results for three non-uniform irradiance conditions (i.e., partial shading-1 (PS-1),
partial shading-2 (PS-2), and partial shading-3 (PS-3)) and their relative comparison with
other MPPT methods is shown in Figure 15.

Table 3. Irradiation profile.

Pattern\No Row 1 Row 2 Row 3 Row 4

STC 1000 W/m2 1000 W/m2 1000 W/m2 1000 W/m2

UI-1 700 W/m2 700 W/m2 700 W/m2 700 W/m2

UI-2 500 W/m2 500 W/m2 500 W/m2 500 W/m2

PS-1 1000 W/m2 700 W/m2 500 W/m2 300 W/m2

PS-2 500 W/m2 300 W/m2 200 W/m2 100 W/m2

PS-3 800 W/m2 600 W/m2 400 W/m2 200 W/m2

Figure 14. PV curves of non-uniform irradiance cases (a) PS-1, (b) PS-2, and (c) PS-3.
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Figure 15. GMPP tracking profile of modified P&O, PSO, FPA, GWO, and proposed ChOA under
non-uniform irradiance variations: (a,d,g,j,m) power characteristics, (b,e,h,k,n) voltage and current
characteristics, (c,f,i,l,o) duty-cycle characteristics.

Comparative Analysis of Proposed ChOA with Modified P&O, PSO, FPA, and GWO
Methods under Non-Uniform Irradiance Transition (PS-1→PS-2→PS-3)

The realization of simulation results is carried out using a PV array of 4 × 3 size in
MATLAB Simulink software. In the case of non-uniform irradiance conditions, each row of
the 4 × 3 PV array receives a different insolation level according to the irradiation patterns
shown in Table 2. Initially, simulation is done considering a practical case of light and
cloudy weather conditions, and the PV array is receiving an irradiance of PS-1 (1000, 700,
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500, and 300 W/m2). In the case of these unequal irradiances on each row of PV array, the
normalized voltage change goes beyond its threshold value, and as a result (according to
the flowchart of Figure 5a and Equations (6) and (7)), the algorithm identifies the occurrence
of non-uniform irradiance and calls the MPPT methods for GMPP tracking. As shown in
Figure 15a, modified P&O tracks the MPP under non-uniform irradiance conditions and is
stuck at a local optima of 144.54 W, having excessive initial and steady-state oscillations.
PSO performs better and tracks a power of 219.9 W, as in Figure 15d. However, its tracking
and steady-states have large oscillations, and as a result, PSO has power loss and is unable
to track the exact MPP. The performance of FPA is superior as compared to previous
methods, as it tracks a power of 229.6 W, as shown in Figure 15g, which is very close to
an optimal power-point. Nonetheless, its high oscillatory tracking period causes power
losses. The grey wolf optimization (GWO) approach reaches the power of 230 W, as evident
in Figure 15j; however, its steady-state output is not stable. The continuous oscillating
behavior causes efficiency problems.

On the other hand, the proposed ChOA tracks the GMPP at 230.2 W in just 0.5 s, having
zero steady-state oscillations with an improved tracking efficiency of 99.43%, as visible in
Figure 15m. The relative voltage and current characteristics are shown in Figure 15b,e,h,k,n,
while duty-cycle waveforms are shown in Figure 15c,f,i,l,o.

At 1.5 s, a case of heavy clouds condition over PV array causes the transition of PS-1 to
PS-2 (500, 300, 200, 100 W/m2). As a result, the operating point of the PV system is changed
from a GMPP of 230.2 W to an unknown point. Again, the proposed detection method
(flowchart in Figure 5a) differentiates it as non-uniform irradiance variation and reinitiates
the MPPT algorithms for tracking GMPP. In this case, modified P&O is again unsuccessful
in tracking the GMPP and is trapped at local MPP around 52.27 W with high initial and
steady-state oscillations, as seen in Figure 15a. Although PSO has a better performance
as compared to modified P&O, it is also trapped in the local maximum, tracking only
power of 64.17 W. FPA and GWO settle at 78.63 W and 79.3 W, respectively. However, the
proposed ChOA approach successfully tracks the new GMPP at 81.04 W, taking only 0.4 s
of tracking time. The GMPP tracking efficiency in this case is also 99.43%. In addition,
tracking duration has negligible oscillation, while steady-state condition when GMPP is
tracked has zero oscillations, as evident in Figure 15m.

In the third case, the non-uniform irradiance changes from PS-2 to PS-3 (800, 600,
400, 200 W/m2) at 3 s. The proposed detection strategy successfully finds this change as
non-uniform irradiance variation and retriggers the GMPP tracking methods. The modified
P&O again fails and captures only power of 118.6 W. Contrarily, PSO tracks a power of
163.91 W, which is very close to the exact MPP of 167.5 W. However, PSO has unstable
output, having oscillatory behavior around MPP, as evident in Figure 15d. The FPA and
GWO methods have comparatively better performance and obtain a power of 164.1 W
and 165.7 W. However, the oscillatory behavior of FPA during the tracking period and
GWO during the steady-state period badly affects their efficiency. While the proposed
chimp technique efficiently tracks the GMPP at 167.1 W with a minimum tracking time of
0.15 s and tracking efficiency of 99.76%, as shown in Figure 15m. Similar to the previous
transition, the tracking duration has negligible oscillation, and the steady-state condition
has the merit of zero oscillations. The output voltage and current characteristics of modified
P&O, PSO, FPA, GWO, and ChOA under non-uniform irradiance transitions are shown in
Figure 15b,e,h,k,n, while duty-cycle waveforms are shown in Figure 15c,f,i,l,o.

A comparison of different MPPT methods for tracking the maximum available power
is demonstrated in Figure 16. The average MPPT tracking efficiency of modified P&O,
PSO, FPA, GWO, and proposed ChOA methods is given in Table 4. The comparative
analysis of simulation results and MPP tracking efficiency confirms that the proposed
chimp optimization algorithm (ChOA) technique has high efficiency, fast tracking time,
and zero steady-state oscillations, outperforming all of the MPPT methods under study.
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Figure 16. GMPP tracking performance of different MPPT methods.

Table 4. Performance comparison of various MPPT techniques.

MPPT Techniques Max. Available
Power Tracked Power Avg. Tracking

Efficiency(%)

Modified P&O
PS-1 = 231.5 W,
PS-2 = 81.5 W,
PS-3 = 167.5 W

PS-1 = 144.54 W,
PS-2 = 52.27 W,
PS-3 = 118.6 W

65.78%

PSO
PS-1 = 231.5 W,
PS-2 = 81.5 W,
PS-3 = 167.5 W

PS-1 = 219.9 W,
PS-2 = 64.17 W,
PS-3 = 163.91 W

90.52%

FPA
PS-1 = 231.5 W,
PS-2 = 81.5 W,
PS-3 = 167.5 W

PS-1 = 229.6 W,
PS-2 = 78.63 W,
PS-3 = 164.1 W

97.87%

GWO
PS-1 = 231.5 W,
PS-2 = 81.5 W,
PS-3 = 167.5 W

PS-1 = 230 W,
PS-2 = 79.3 W,
PS-3 = 165.7 W

98.52%

ChOA
PS-1 = 231.5 W,
PS-2 = 81.5 W,
PS-3 = 167.5 W

PS-1 = 230.2 W,
PS-2 = 81.04 W,
PS-3 = 167.1 W

99.54%

5.3. Load-Varying Conditions

To evaluate the robustness of the proposed ChOA method, a load variation test was
conducted. Initially, the PV system is working smoothly at a GMPP of 230.2 W under the
PS-1 case, with a resistive load of 8.4 Ω. At t = 1.5 s, the load is suddenly decreased to 4.5 Ω,
and as a result, the output voltage is decreased, while current is increased, as evident in
Figure 17. Based on Equation (5) and conditions explained in the flowchart of Figure 5a,
the proposed chimp algorithm triggers by identifying this change as load variations and
successfully tracks the GMPP of 230.2 W in just 0.25 s, as shown in the power characteristics
of Figure 18.

At t = 3 s, the load is again changed from 4.5 Ω to 12 Ω, causing an increase in the
voltage, while a decrease in current is visible in the output curves of Figure 17. Identical to
the previous case, the proposed ChOA method detects this change as an increase in load and
tracks back GMPP of 230.2 W at 3.35 s. Under both of the load-varying conditions, ChOA is
efficiently tracking the GMPP with negligible tracking and steady-state fluctuations. Thus,
results confirm the effectiveness of the proposed ChOA method against load variations.
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Figure 17. V-I characteristics during load variations.

Figure 18. Power characteristics during load variation.

6. Conclusions

The proposed hybrid MPPT techniques in this article determine the actual operating
conditions of the PV system (i.e., uniform irradiance, non-uniform irradiance, and load-
varying conditions). Based on the identified operating conditions, modified P&O or chimp
optimization algorithms are used for MPPT tracking. To avoid simulation complexity
and unnecessary computational burden, a modified P&O method is utilized to find MPP
under uniformly changing irradiances. Modified P&O achieved an average steady-state
MPPT efficiency of 96.92%, with a minimum possible tracking time of 0.4 s. The deficiency
of modified P&O under partial shading conditions is prevented by hybridizing it with a
recently developed chimp-optimization-algorithm-based technique. The ChOA method
successfully tackles the non-uniform irradiance and load-changing conditions. Using a
group formation strategy, ChOA utilizes the excellent abilities of its groups to improve
its overall performance. The proposed ChOA method has obtained an average MPPT
efficiency of 99.54% with a minimum tracking time of 0.15s, as compared to 65.78%, 90.52%,
97.87%, and 98.52% efficiencies of modified P&O, PSO, FPA, and GWO, respectively, under
non-uniform irradiance conditions. The robustness of the ChOA method is evident from
the load variation test. Additionally, ChOA has negligible tracking oscillations and zero
steady-state oscillations as compared to modified P&O, PSO, FPA, and GWO.

7. Future Work

Owing to the simplicity of operating conditions detection and ease of implementation,
this technique has the benefit of easily embedding in existing PV plants. However, the
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identification of actual operating conditions and hybrid GMPP tracking technique proposed
in this work is solely based on and verified using MATLAB simulations. In our future work,
we have a plan to experimentally verify the performance of the proposed techniques in
a real-time grid integration model. Moreover, there is a possibility of efficient control to
enhance power network interoperability under high penetration of renewables by employing
the proposed techniques.
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Nomenclatures

GMPP Global maximum power-point
MPPT Maximum power point tracking
ChOA Chimp optimization algorithm
P&O Perturb and observe
PSO Particle swarm optimization
GWO Grey wolf optimization
FPA Flower pollination algorithm
UI-1 Uniform irradiance 1
UI-2 Uniform irradiance 2
PS Partial shading
PS-1 Partial shading 1
PS-2 Partial shading 2
PS-3 Partial shading 3
PSC Partial shading conditions
PV Photovoltaic
TCT Total-cross-tied
CS Competence square
MS Magic square
IC Incremental conductance
HC Hill climbing
RCC Ripple correlation control
FOC Fractional open circuit
FSC Fractional short circuit
LT-NI Linear tangent and Neville interpolation
CSA Crow search algorithm
MVPA Most valuable player algorithm
FSSO Flying squirrel search optimization
MPT Maximum power trapezium
Ipv Photo-generated current
Isat Diode reverse saturation current
a Ideality factor of the diode
q Electron charge (1.6 × 10−19 C)
K Boltzmann constant (1.3806503 × 10−23 J/K)
T Temperature in Kelvin
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OP Operating point
UI Uniform irradiance
UIC Uniform irradiance conditions
LVC Load varying conditions
∆m Change in the slope of load line
Dinit Initial duty-cycle
DGMPP_updated Updated duty-cycle in case of load change
osc_1 Oscillation counter 1
osc_2 Oscillation counter 2
χ Distance between the actual and desired operating voltage
PRM-FC Physical relocation of the module with fixed electrical connections
‘σ’, ‘δ’ and ‘ρ’ Coefficient vectors of ChOA
nss Steady-state MPPT efficiency
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