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Abstract 

 
Optimization techniques are commonly applied in 

several engineering areas, such as modeling, 

identification, optimization, estimate, forecasting & 

rheostat of multipart systems. This thesis presents the 

novel optimization methods that are used to rheostat 

Photo- voltaic (PV) group systems.  A major task in 

the utilization of PV group is posed by its nonlinear 

Current-Voltage (I-V ) relations, which result in the 

exclusive Maximum Power Point (MPP) varying with 

different atmospheric conditions. Maximum Power 

Point Tracking (MPPT) is a technique busy to gain 

maximum power available from PV devices. It roads 

operating voltage matching to the MPP & constrains 

the operating point at the MPP. A novel model-based 

two-stage MPPT strategy is proposed in this thesis to 

combine the offline maximum power point assessment 

using the Weightless Swarm Algorithm (WSA) with 

an online Adaptive Perturb & Observe (APO) method. 

In addition, an Approximate Single Diode Model 

(ASDM) is established for the fast evaluations of the 

output power. The feasibility of the proposed method 

is verified in an MPPT system implemented with a 

Single-Ended Primary-Inductor Converter (SEPIC). 

Simulation results show the planned MPPT method is 

skillful of locating the effective point to the MPP under 

various environmental conditions. 
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Introduction 
 

  In 1839, a French experimental physicist Edmund 

Becquerel discovered the creation of a weak electrical 

current when exposing certain materials to sunlight 

[1,2]. He named this phenomenon the “Photovoltaic 

(PV) effect”. Owing to the growing worldwide 

demand for electricity and increasing urgent need to 

tackle the global challenges of energy security, climate 

change and sustainable development, significant 

amount of research effort has been made on 

developing PV cells, which are basically 

semiconductors capable of converting the energy of 

light directly into electricity by the PV effect. Since the 

output power of PV cells is limited at high voltage 

levels, PV module, a connected assembly of PV cells, 

is usually used as an elementary component in large 

PV systems. 

Today’s PV technologies are more sophisticated than 

ever. A variety of silicon (Si) materials have been 

explored to increase the energy conversion efficiency 

and reduce production cost. The commercially 

available PV technologies can be grouped into two 

categories: wafer-based Crystalline Silicon (C-Si) and 

Thin-Flim (TF). The conversion efficiency of C-Si 

made PV modules is around 13-20%, while the 

conversion efficiency of TF made PV modules is 

around 6-12 % [3]. TF technologies use small amounts 

of 

active materials and can be manufactured at a lower 

cost than the C-Si [4]. Recently, many emerging and 

novel PV technologies, such as Concentrating 

Photovoltaics (CPV), organic solar cells, advanced 

inorganic thin-films, Thermo-Photovoltaics (TPV), 

are already under investigation. 

PV markets expand with advances of PV technologies. 

In light of the IEA-PVPS 

1 report, the global PV market grew to at least 36.9 

gigawatt (GW) in 2013 [3, 5]. As seen in Figure 1.1, 

the annual installed capacity has kept increasing over 

the last decade (from 2003 to 2013). 
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Figure 1.1: Evolution of annual PV installations. 

 

Despite governmental incentives and 

technological advances, current PV deploy- 

ment cost cannot compete with the initial 

installed cost of fossil sources of electrical 

generation in most cases [2]. This motivates 

the research for maximizing possible power 

generation from the PV plants over the entire 

time of operation as well as developing 

performance estimation tools. 

Motivation 

PV power generation not only can help power 

producers meet the future energy needs, but 

also can do so without producing much noise, 

toxic-gas emissions, or greenhouse gases [6]. 

The International Energy Agency (IEA) is 

an autonomous organization working on 

energy research, forecasts, publications and 

statistics. Their photovoltaic power systems 

program is named the IEA- Photovoltaic 

Power Systems (IEA-PVPS) program. 

From the point of view of power electronics, 

one goal can be addressed by maximizing the 

energy output of a given PV device. However, 

due to the varying atmospheric conditions, 

namely temperature T and irradiance G, the 

output power of a typical PV cell or module 

changes as a function of its operating point [7–

10]. In addition, the entire or a part of the PV 

system might be wholly or partly shaded by 

trees, passing clouds, high building, etc., 

which are called partial shading conditions. 

Under these conditions, the power-voltage (P 

-V ) characteristics of the system display 

multiple peaks (only one of which is the Global 

Maximum Power Point (GMPP); the rest are 

Local Maximum Power Points (LMPPs) as 

shown in Figure 1.2) [9, 11]. The GMPP is 

particularly com- plicated to track when the 

insolation changes rapidly. These 

environmental conditions impose additional 

challenges for developing parameter 

estimation and Maximum Power Point 

Tracking (MPPT) algorithms. The inherent 

non-linear I-V relationship make the modeling 

work computationally costly. Typically, the 

process of parameter estimation takes a long 

execution time to obtain optimal model 

parameters from a large-size measured data. 

The existing MPPT algorithms are capable of 

tracking the operating point efficiently at the 

MPP under non-uniform solar irradiance 

level, but their performance deteriorates under 

partial shading conditions. Therefore, 

effective artificial intelligence optimization 

algorithms are applied in this work. 

Literature Review 

Any PV device can be modeled using the 

equivalent circuit models [22]. These 

electrical models, with the ability to predict I-

V characteristics of a PV cell or module under 

the working environment other than STCs, are 

predictive performance tools that allow PV 

system designers to understand, optimize, and 

develop PV power generation systems.   They 

are broadly applied to estimate whether a PV 

power generation system is economically 

feasible. Recently, many MPPT techniques 

have been proposed to overcome the problems 

caused by partial shading conditions and 

rapidly changing environmental conditions [7, 

10, 11, 23, 24]. For instance, Chen et al. [10] 

utilized model- based Particle Swam 

Optimization (PSO) to search the Global 

Maximum Power Point (GMPP). In [25, 26], 
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the PV array was adaptively reconfigured by a 

control algorithm integrated with emulated 

PV module models. These methods have high-

lighted the need for a reliable PV electrical 

model with high accuracy but very complex. 

Significant research efforts have been made to 

develop electrical models of PV systems [27]. 

These models include analytical models based 

on PV cell physics, empirical models, and a 

combination of these two approaches [22]. 

Their mathematical expressions formulate the 

terminal current I with the most crucial 

technical characteristics and environment 

variables, such as terminal voltage V , the 

ambient temperature T , and the irradiance G. 

Even though the other environment factors 

(e.g. dust and wind velocity) may change the 

electrical characteristics of PV modules, it is 

quite impossible to obtain a model that 

accounts for every single effect on the 

performance of a PV model [28]. Among 

numerous modeling approaches, the Ideal 

Single-Diode (ISD) model achieves the lowest 

computational complexity. The Single-Diode 

(SD) model is usually considered to offer a 

good compromise between simplicity and 

accuracy [29]. In con- sideration of the 

recombination loss in the depletion region, 

Sah [30] introduced a more accurate model 

known as Double-Diode (DD) model. The 

Three-Diode (TD) model can be found in 

[31]. 

As reported in [32], the output current I is 

dependent on the contact resistance of the 

metal base with the p semiconductor layer, the 

resistances of the p and n bodies, the contact 

resistance of the n layer with the top metal 

grid, and the resistance of the grid. These 

losses are roughly represented by series 

resistance Rs. In addition, the shunt 

resistance Rp exists mainly due to the leakage 

current of the p-n junction and depends on the 

fabrication method of the PV cell [21]. Taking 

into account the effects of series resistance, 

Townsend [35] presented a circuit model 

assuming that the shunt resistance is infinite. 

Evolutionary Algorithm (EA) techniques 

are very efficient in optimizing real-valued 

multi-modal objective functions [12, 13, 69, 

70]. To date, Genetic Algorithm (GA) [18], 

Particle Swarm Optimization (PSO) [17, 71, 

72], Bacterial Foraging Algorithm (BFA) 

[73], Simulated Annealing (SA) [74] , Pattern 

Search [19], Differential Evolution [75,76] 

have been hired for assessing parameters of 

several PV electrical models due to their 

capacity to handle non-linear roles without 

needing derivatives information 

Parameter 

Estimation of PV 

Model via Cuckoo 

Search 

Due to the high initial cost of a PV-supplied 

system, predictive performance tools are used 

extensively by engineers to optimize the system 

performance [110, 111]. PV manufacturers 

generally afford limited even data measured 

under the Ordinary Test Conditions (STCs), 

which parallel to a cell temperature of 25 & an 

irradiance of 1000 W/m2 at 1.5 air mass 

haunted distributions.  As reported in [50], 

PV generators 

always operate under environments far from 

the STCs. Owing to this reason, the data 

available in the datasheet usually fail to fulfill 

the engineering requirements. PV electrical 

model, with the ability to predict I-V 

characteristics of PV generators under an 

operating environment other than the STCs, 

is a predictive performance tool that allows 

consumers to maximize the cost effectiveness 

of the system before installation [111]. They 

are generally analytical equations based on 

physical descriptions that formulate PV 

generated current I with the most crucial 

technical characteristics and the environmental 

variables, such as the operating voltage V , 

the ambient temperature T , and the irradiance 

G. Over the years, significant research efforts 

have been contributing to the development of 

the electrical models [21, 44, 51, 58]. Among 

numerous modeling approaches, the Single-

Diode (SD) model is the most widely 

utilized PV model in the literature. In order to 

adapt PV model performance to different 

operating conditions, de Blas et al. [60] 

suggested to apply the procedure described in 

the International Standard IEC 891 that 

relates current and voltage of the PV 

characteristics at given values of T and G with 

the corresponding values at different operating 

environments. The improved single-diode 

model presented by De Soto et al. [58] 

includes the dependence of the PV parameters 

on operating conditions. 

Parameter Estimation of 

PV Model via Parallel 

Particle Swarm 

Optimization Algorithm 

Recently, bio-inspired metaheuristic 

algorithms have been proven to be powerful 

opti- mization tools and are widely utilized to 
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estimate crucial parameters of Photovoltaic  

(PV) model. However, the computation cost 

increases as data size or the complexity of the 

applied PV electrical model increases. To 

overcome these limitations, this chap- ter 

presents Parallel Particle Swarm Optimization 

(PPSO) algorithm implemented in Open 

Computing Language (OpenCL) to solve the 

parameter estimation problem for a wide 

range of PV electrical models. 

This chapter is structured as follows. The first 

section presents the problem of parameter 

estimation. Section 4.2 discusses the related 

works. The parameter estimation problem is 

formulated in Section 4.3. Section 4.4 

sketches the SPSO process, and this is 

followed by implementation of the proposed 

PPSO method. Extensive experimental results 

obtained from the computation on Central 

Processing Units (CPUs) and Graphic 

Processing Units (GPUs) are discussed in 

Section 4.5. Finally, Section 4.6 concludes 

the work with proposed insights for future 

work. 

The content of this chapter has been published in 

the following paper: 

Jieming Ma, Ka Lok Man, Tiew On Ting, 

Nan Zhang, Sheng-Uei Guan, and Pru- 

dence W.H. Wong, Accelerating Parameter 

Estimation for Photovoltaic Models via 

Parallel Particle Swarm Optimization, IEEE 

International Symposium on Computer, 

Consumer and Control, pp. 175-178, 2014. 

 

Introduction 

 

Since the initial silicon PV cell was developed 

by using the single crystal, varieties of sil- 

icon materials have been applied to develop 

PV cells. For examples, polycrystalline and 

amorphous silicon cells are designed to be less 

energy intensive. Thin silicon cells make a 

compromise between crystalline and 

amorphous cell. They are reported to achieve 

better efficiency and stability [2]. With 

numerous PV cells made of various 

semiconduc- tor materials using different 

manufacturing processes, a general 

performance estimation tool, known as PV 

electrical model, is crucial to predict the 

electrical characteristics of these cells before 

installation. Unfortunately, the PV electrical 

model cannot be di- rectly utilized because of 

the lack of proper model parameters 

characterizing PV cells. The term parameter 

estimation refers to the process of using 

sample data to calculate parameters of the 

selected PV electrical model [53]. With the 

parameters obtained in such a way, the 

differences between simulated and 

experimental data can be minimized 

considerably. 

The bio-inspired metaheuristic algorithms are 

quite flexible. They do not necessitate the 

gradient information to guide their search 

process nor do it impose certain 

characteristics on the objective function such 

as convexity or continuity. In the litera ture 

[17, 71, 72] and [38], the Particle Swarm 

Optimization (PSO) was implemented in C-

program or MATLAB script to extract the 

parameters for numerous PV cells and 

modules. The simulation results show the 

cohort of methods are capable of extracting 

the parameters in a high accuracy rate. 

Today’s programing environments, such as 

Open Computing Language (OpenCL), are 

more multifaceted and enable an algorithm to 

execute in a range of Central Process ing Units 

(CPUs), Digital Signal Processors (DSPs), 

Field Programmable Gate Arrays (FPGAs), 

and Graphic Processing Units (GPUs) [123]. 

These programing environments or 

Application Programming Interfaces (APIs) 

exploit the computing capabilities of devices 

using the languages that only require the 

highest-level descriptions of parallel process 

management [124]. 

With the aim of distributing the workload of a 

parameter estimation algorithm appropriately 

to computing devices in parallel mode, a form 

of computation, in which the PSO-based 

parameter estimation algorithm is carried out 

simultaneously, is presented. The parallel 

program is named Parallel Particle Swarm 

Optimization (PPSO) in this chapter. It is 

implemented in OpenCL, which is a 

heterogeneous programming 

            framework that supports a wide range 

of levels of parallelism and efficiently maps to 

a variety of computing devices [125]. 

It is desirable that the PPSO 

outperforms its sequential version, 

Sequential Particle Swarm 

Optimization (SPSO), in two 

aspects: 

 

i. the computational speed tends to 

be faster than the SPSO with the 

same amount of work load; 
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ii. more computational units can be 

utilized in optimization, and thus it 

is scalable. 

 

The accuracy and computational 

efficiency of the proposed method are 

evaluated by identifying the 

parameters of two most widely 

applicable PV electrical models. 

 

Related Work 

As discussed in Chapter 2, the conventional 

parameter estimation methods are classified 

into two categories: analytical and numerical 

techniques. The former represents model 

parameters mathematically by a series of 

equations, while the latter extracts parameters 

utilizing numerical methods to minimize the 

error of the applied model.  Feasible as they 

are, both of them have inevitable defects. The 

analytical technique addresses the parameter 

estimation problem by analytical expressions 

in terms of the key points on the PV current-

voltage (I-V ) curve (e.g. the Maximum 

Power Point (MPP), short- circuit current 

Isc,  and open-circuit voltage Voc,  etc).  Its 

errors can be significant and cannot be 

further reduced if these fundamental elements 

are incorrectly specified. Numerical parameter 

extraction is normally considered as an 

accurate approach in parameter estimation as 

all the measured data can be used in the 

calculation. It is axiomatic that its 

performance depends on the type of fitting 

algorithm, the cost function as well as the 

initial values of parameters to be extracted 

[61]. Moreover, many algorithms can be 

computationally expensive as the size of the 

required data is considerably large. 

More recently bio-inspired metaheuristic 

algorithms, such as Genetic Algorithm (GA) 

[18], Particle Swarm Optimization (PSO) [17, 

38, 71, 72], Bacterial Foraging Algorithm 

(BFA) [73], Pattern Search (PS) [19], 

Simulated Annealing (SA) [74], Differential 

Evolution [75, 76], and Cuckoo Search (CS) 

[77] have been proposed to determine the 

values of PV model parameters. Albeit 

accurate, most of these methods apply 

multiple 

agents or particles in random search and do 

not facilitate a meaningful improvement in 

computational efficiency. 

Maximum Power Point Tracking 

Using Model-Based Two-Stage 

Control Strategy 

 

In fresh years, a number of MPPT methods 

have been industrialized & employed to rally 

the power-conversion efficacy of PV systems. 

These methods vary in complexity, sensors 

requirements, convergence speed and cost 

[10,23,24,54,84–93,103–105]. In the literature 

[82], MPPT methods are classified into online 

and offline approaches, depending on the 

function of tracking methods or control 

strategies. The former normally uses measured 

operating power, voltage or current along with 

an online algorithm to search MPPs of PV 

generators. The methods in this group include 

Perturb and Ob- serve (P&O) [84–86] and 

Incremental Conductance (IncCond) [87]. 

These approaches, although robust, usually 

produce slow response to the sudden changes 

of environmental conditions (e.g., T and G). In 

addition, fixed perturbation size causes 

inevitable oscillations of output power, 

resulting in extra energy loss. Classical 

Root-Finding (RF) 

algorithms are considered as iterative numerical 

methods with variable-size perturbations. One 

advantage of the RF based algorithms over the 

P&O and IncCond methods is that root-finding 

techniques avoid issues with oscillations [88, 89]. 

However, the RF algorithms, such as Newton 

Raphson Method, Secant Method, and Bisection 

Method, may fail to track the GMPP of a PV 

array under partial shading conditions. 

In recent years, Evolutionary Algorithms 

(EAs) have been applied to address the global 

MPPT issues. The standard Particle Swarm 

Optimization (PSO) was modified to meet the 

practical consideration of PV generation 

systems operating under partial shading 

conditions. According to the experimental 

results, the PSO-based MPPT method [23, 24] 

can obtain the GMPP in all the test cases no 

matter where the GMPP locates. Ahmed [105] 

implemented a global MPPT method with 

Cuckoo Search (CS) algorithm, highlighting 

the significance of the Lévy flight in 

influencing the algorithm’s convergence. The 

tracking performance of the CS-based MPPT 

method was compared with the P&O  and  

PSO-based  MPPT  methods. The  results  

demonstrated  that  the CS performs better than 

the P&O and PSO in terms of convergence 

speed, transient fluctuations and steady state 

performance. Although most of the EA-based 

MPPT approaches prevent the operating 

point from concentrating at LMPPs, it takes 

time and computational effort for these 

methods to measure the output power of every 

trial solution. 
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The proposed two-stage MPPT strategy has 

two distinct main offline and online stages: 

MPPE and MPPR. Since a PV array under 

different environmental conditions exhibits 

various P -V characteristics, the algorithm 

considers two different steady environmental 

conditions that a PV array may encounter. 

 

• Uniform insolation conditions 

All the PV parts in the array collect 

the irradiance at the same level. 

The 

P -V characteristics exhibit hill-like 

curve, displaying a single peak. 

 

• Partial shading conditions 

When some parts of the PV 

system might be shaded, the 

ypass diodes cause the P -V 

characteristics of the PV array 

get complex - displaying 

multiple peaks (only 1 of which 

is the GMPP; the respite are 

LMPPs). 

 

In the real world, the insolation 

conditions change continuously, all the 

time, which makes the task of MPPT 

even more difficult. In [7], the 

changing conditions are divided into 

sudden and gradual insolation changes. 

It is worth noting that the voltage at 

MPP also changes with the temperature 

variations. However, the shape of the 

P -V curve will not change significantly 

and the GMPP can be tracked by the 

APO effectively, and thus only the 

insolation changes are considered. 

 

Figure 5.9: Flow chart of the proposed model-based two-stage MPPT strategy. 
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approach the GMPP immediately. The 

MPPR function, namely APO algorithm, 

then continues to track the MPP online by 

variable-step perturbations. At every sampling 

point, the power difference between the current 

and the previous sample points ∆P will be 

calculated. Equation (5.43) indicates that 

the Vref will not be changed if ∆P = 0. It 

basically ducks the alternations that 

transpire in the conventional P&O at steady 

state. 

 

 

∆G < ξl (steady insolation). A slight change 

in the level of irradiance also implies a small 

deviation of the MPP locus. In this case, the 

MPPE is not necessary since the APO is 

capable of tracking the GMPP according the 

∆P . The algorithm applies variable-step 

perturbations until the ∆P drops to 0. 

ξl < ∆G < ξu (gradually shifting 

sunstroke). The entire or a part of PV array 

may receive the gradually changing of 

insolation at the intermediate state. Dur- ing 

each control cycle, the output power is 

calculated. Between the consecutive 

measurements, the environment may change 

from uniform insolation conditions to partial 

shading conditions or, conversely, from 

partial shading conditions to uniform 

insolation conditions. The changes of the 

irradiance level are not large enough, yet the 

shapes of P -V curves can be different, which 

may cause miss tracking of the position of 

GMPP. To settle the problem, a loop is set 

as shown in Figure 5.10. The MPPE, followed 

by five MPPR steps, performs every six 

sampling times. Consequently, the 

algorithm’s complexity and accuracy are bal- 

anced. 

 

 

Figure 5.10: Process at gradual change insolation. 

 

Conclusions and Future Work 
 

In this thesis, the problems of parameter estimation 

and Maximum Power Point Track- ing (MPPT) 

have been investigated for Photovoltaic (PV) 

systems. Several artificial intelligence optimization 

approaches are analyzed and are used to solve the 

two problems. The functional systems are potted 

as follows: 

 

 

The Cuckoo Search (CS) algorithm has been 

applied to estimate the parameters for PV 

electrical models. The CS algorithm is based 

on the cuckoo breeding behavior.  Instead of 

conventional isotropic random walks, the 

algorithm uses Lévy flights. The simulation  

 

 

 

 

 

 

 

 

 

results showed that CS algorithm outperforms 

Genetic Algorithm (GA) [18], Chaos Particle 

Swarm Algorithm (CPSO) [17], and Pattern 

Search (PS) [74] methods. At a certain 

irradiance level, the CS obtained slightly 

lower RMSE for model parameters, recording 

.0010 in numerical value, and its convergence 

speed was slightly faster than the CPSO. 

Moreover, the validity of the CS algorithm was 

evaluated using KC200GT PV module 

operating under different environmental 

conditions. In statistical analysis, the CS 

algorithm recorded the lowest RMSE value 

compared with other algorithms such as the 

GA, CPSO and PS. 
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The Parallel Particle Swarm Optimization  

(PPSO) has been implemented to speed up the 

parameter estimation process for different 

PV electrical models. It was implemented in 

Open Computing Language (OpenCL) and 

can be executed with a wide range of multi-

core computing devices.  In order to make a 

comprehensive comparison, the parameters 

were estimated by the other methods, such as 

Least Square Optimization (LSO) [16], PS, 

and Simulated Annealing (SA) algorithms 

[74].  From these test results, the mean utter 

mistake attained by the PPSO with double 

diode cell model achieves the lowest value, 

recording 6.6415E-4, which is 51.85% lower 

than the SA with the same PV electrical 

model, and is approximately 3 % lower than 

the PPSO with the single diode cell model. 

The PPSO-based parameter estimation 

method did not only record lower error values, 

but also showed speed improvements. The 

simulation results showed that the PPSO with 

2048 particles is capable of accelerating the 

computational speed by at least 64% on the 

used computing platforms. 

The Weightless Swarm Algorithm (WSA) 

has been proposed to estimate the Global 

Maximum Power Point (GMPP) locus with 

an approximate PV electrical model. It is 

capable of predicting a PV array under either 

the uniform insolation conditions or the 

partial shading conditions. By means of 

alternative use of the WSA-based Maximum 

Power Point Estimation (MPPE) and an 

Adaptive Perturb & Observe (APO) based 

Maximum Power Point Revision (MPPR), 

the two- stage MPPT method first gives a 

good initial operating point and the accuracy 

is further improved online as the changes of 

environments are detected. To verify the 

efficiency of the proposed method, an 

MPPT system composed of a SEPIC and PV 

generator was implemented in PSIM. The 

results showed that the model-based two-stage 

method combines the merits of both the 

direct and indirect MPPT methods: the 

dynamic response of the proposed MPPT 

method is quicker than that of the 

conventional P&O and PSO methods. 

Moreover, the WSA-based MPPE method 

prevented the operating point stay stuck at a 

local best value, and the output power did 

not oscillate around the GMPP. 

 

     To sum up, our research effort has been 

taken in developing and implementing new 

algorithms to solve parameter estimation and 

MPPT methods. The proposed methods have 

been verified from the measured data and 

simulation experiments. The CS algorithm 

minimizes the errors of parameter estimation 

while the PPSO further enhance the 

computational efficiency under a parallel 

computing environment. The proposed 

model-based two-stage MPPT method 

guarantees high accuracy and reliability of 

track- ing performance. 

Although the proposed methods achieved 

promising results with respect to the 

investigated problems, there are several 

aspects that can be further investigated: 

 

The performance of the artificial intelligence 

optimization algorithm significantly depends 

on the values of algorithm parameters. An 

optimal parameter setting will 

improve performance in terms of the convergence 

speed. Therefore, a self-tuning, which is the 

process of tuning an algorithm to find the best 

parameter settings, is required to enable the 

algorithm to perform the best for a given 

problem. 

Since branching is difficult for all the 

computing devices, especially GPUs, the 

process of updating positions and velocities 

of particles in the PPSO has not been 

parallelized.  On the other hand, like the WSA, 

the inertia weight w as well as branching 

process for bounds checking can be ignored to 

further improve the computational efficiency. 

This can be inspected in our imminent work. 

The performance of the proposed parameter 

estimation and MPPT methods will be 

explored on the TI’s Piccolo F28035 based 

Solar Explorer Development Kit. The 

experimental results obtained from the kit will 

further verify the feasibility of the proposed 

MPPT method. 
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