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Abstract: Overdependence on fossil fuels contributes to global warming and environmental
degradation. Solar energy, particularly photovoltaic (PV) power generation, has emerged
as a widely adopted clean and renewable alternative. To increase and enhance the efficiency
of PV systems, maximum power point tracking (MPPT) technology is essential. However,
achieving accurate tracking control while balancing overall performance in terms of stability,
dynamic response, and robustness remains a challenge. In this study, an improved MPPT
control scheme based on the technique of predicting the reference current at the MPP and
regulating the optimal current is proposed. Support vector regression (SVR) endowed
with a strong generalization stability was adopted to model the nonlinear relationship
between the PV output current and the environmental factors of irradiance and temperature.
The sparrow search algorithm (SSA), recognized for its excellent global search capability,
was employed to optimize the hyperparameters of SVR to further increase the prediction
accuracy. To satisfy the performance requirements for the current-tracking process, a linear
quadratic (LQ) optimal control strategy was applied to design the current regulator based
on the PV system’s state-space model. The effectiveness and superior performance of the
suggested SSA-SVR-LQ control scheme were validated using measured data under real
operating conditions.

Keywords: PV system; MPPT; sparrow search algorithm; support vector regression; linear
quadratic regulation; dynamic performance

1. Introduction

Heavy reliance on traditional fossil fuels has increased the risk of global warming
and environmental degradation. To address these issues, renewable clean energy sources,
such as solar power, are being massively integrated into conventional power grids due to
their abundant availability and low carbon emissions [1-3]. Photovoltaic (PV) generation
systems convert solar energy into electrical energy. Although the advantages of PV panels,
such as a long service life, low maintenance costs, and environmental friendliness, endow
them with a wide range of application prospects, their inherent limitation of relatively low
energy conversion efficiency is still a challenge [4]. The generated power of a PV panel
is determined by actual illumination conditions. To be specific, variations in irradiance
or ambient temperature will affect the output power of the PV panel. Although the
relationships between these factors are nonlinear, there exists a unique operating point
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at which the output power of the PV system reaches its maximum, given a specific set
of irradiance and temperature values. This point is referred to as the maximum power
point (MPP) [5]. Consequently, to maximize energy extraction from PV panels and to
increase their efficiency, the implementation of the maximum power point tracking (MPPT)
technique is imperative during the operation of PV power generation systems [6].
According to the definition of the MPP, achieving MPPT for PV systems generally
includes two parts. On the one hand, it is necessary to determine the output voltage
or current values of the PV system that correspond to the MPP, which is denoted as
the reference value; on the other hand, the actual output voltage or current of the PV
system must be regulated to the reference value through an actuator, for example, a
DC/DC converter. In some cases, these two parts are combined; i.e., searching for the
MPP is accompanied by output voltage/current regulation. In this context, the most
commonly used MPPT methods are the perturbation and observation (P&O) method and
the incremental conductance (INC) method [7,8]. The former seeks the MPP by periodically
increasing or decreasing the output voltage of the PV panel and observing the change in its
output power [9]. The latter judges whether the current operating point is located at the
MPP by calculating the sum of the conductance and its increment. If the sum equals zero,
then the MPP is reached [10]. Although both of these methods are easy to implement, their
shortcomings should also be noted because the MPP may not be found in certain situations:
(i) improper selection of the step size can lead to output oscillations near the MPP, which
will result in power losses and a poor dynamic performance, and (ii) a fixed step size
may not guarantee a satisfactory tracking accuracy and can exhibit a lack of sensitivity to
varying illumination conditions, especially when irradiance changes intensively [11,12].
One effective approach to mitigate the disadvantages of the P&O and INC methods
is to adopt a variable step size [13,14]. However, frequent adjustments of the step size
may lead to misjudgment and negatively impact the tracking effect in environments with a
large amount of noise or disturbances. An alternative effective approach is to decouple the
processes of searching the reference voltage/current and regulating the voltage/current.
In this context, many published results have exploited prediction algorithms based on
an artificial neural network (ANN), support vector regression (SVR), and deep learning
(DL) to determine the reference value at the MPP with real inputs, such as irradiance
and temperature [15-17]. The ANN method realizes the prediction by fitting a nonlinear
relationship between the inputs (irradiance and temperature) and the output (reference
value at the MPP). Hence, in order to increase the predicting precision, the ANN method
requires large amounts of data, which can lead to significant computational burdens and
extended training times. Similarly, DL is also a time-consuming modeling tool, since it has
more hidden layers; this means that building a DL model requires more powerful hardware
resources, including CPU and GPU. It is worth noting that the dataset of the PV panel
characteristics is generally small, since the reasonable range and sample interval for the
irradiance and temperature variables are constrained. For instance, the allowed range of
irradiance is typically set as [100, 1000] W/m? with a sample interval of 50 W/m?. Hence,
it is advisable to adopt a lightweight model to deal with this problem. Compared to an
ANN and DL, SVR can achieve accurate predictions with less data and shorter training
times. In addition, its easy implementation and low risk of overfitting are remarkable
advantages, making it a suitable choice for predicting the reference value at the MPP.
Nonetheless, it should be pointed out that the hyperparameters of SVR must be reasonably
tuned to ensure its excellent performance. Generally, determining the hyperparameters of
SVR is not an easy task. To solve this problem, metaheuristic algorithms are suggested to
optimize SVR’s hyperparameters, which include the genitive algorithm (GA) [18], particle
swarm optimization (PSO) [19], gray wolf optimization (GWO) [20,21], the musical chairs
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algorithm (MCA) [22], nested particle swarm optimization (NESTPSO) [23], and pigeon-
inspired optimization (PIO) [24], to name just a few. Metaheuristic algorithms solve
optimization problems through simulating natural phenomena or intelligent behaviors.
When choosing a specific algorithm, the global search ability and convergence rate are of
great concern.

After obtaining the predicted reference value, a controller which can meet the per-
formance requirements related to stability, dynamic responses, steady-state errors, and
robustness has to be designed to achieve accurate regulation. In this context, the classic PI
control is the most widely used control strategy [25,26]. However, this strategy shows two
disadvantages. On the one hand, the dual closed-loop voltage and current PI control [27]
may encounter the risk of a dynamic response lag. On the other hand, the performance of
the PI controller is heavily dependent on its parameters, i.e., the proportional and integral
gains. Tuning these parameters relies largely on the engineer’s experience and is typically
conducted through trial and error, and it is quite difficult to achieve optimal performance
among different indexes during the regulating process [28], for instance, the overshoot,
settling time, peak time, etc. To address this issue, PSO is also employed to optimize the
PI's parameters [29,30]. However, PSO is susceptible to converging on a local optimum,
which may lead to the failure of the controller. Another type of controller recommended
in many works is a sliding mode controller (SMC) [31]. Nevertheless, the SMC is subject
to chattering due to the high-frequency switching control signal, which may cause wear
and power losses in the actuator. To reduce chattering, a super-twisting SMC is introduced
in [32] and [33]. Yet, this controller has high computational complexity and is sensitive to
the initial conditions which may impair the control performance when the initial deviation
is too large.

This study proposes a novel MPPT control scheme with superior comprehensive
performance. The primary technique utilized is on the basis of reference current prediction
and PV output current regulation. In order to achieve high-precision forecasting of the
reference current at the MPP, the SVR is employed and the sparrow search algorithm
(SSA) [34], which possesses a stronger global search ability and faster convergence rate
compared with those of other heuristic algorithms such as the GA and PSO, is introduced
to optimize the SVR’s hyperparameters. With this offline-trained SSA-SVR model, we can
forecast the reference current with real-time measured irradiance and temperature. As
for the PV current regulator design, we take advantage of the linear quadratic regulation
(LQR)’s ability to trade off the stability and response performance to realize robust optimal
tracking of the reference current. The effectiveness of the proposed MPPT control scheme
is validated through a simulation with the observed data, and the results demonstrate its
superior performance in terms of accuracy, rapidity, and robustness.

The main contributions of this work are as follows: (1) The proposed SSA-SVR method
serves as an effective tool to model the nonlinear relationship among the irradiation,
temperature, and PV output current at the MPP. In comparison with other modeling
methods under the same test conditions, SSA-SVR can give better prediction results. (2) The
adopted LQ optimal control can not only ensure the controlled system’s stability, steady-
state performance, and strong robustness under uncertainties of parameter perturbation
and disturbances but also achieve a satisfactory dynamic response during the regulating
process. The pros and cons of some typical MPPT schemes presented in previous works
and this study are summarized in Table 1.
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Table 1. Pros and cons of typical MPPT schemes.

Technical Scheme

Pros Cons

PSO-SVR + PI
(Refs. [25,27])

GPR + SMC (Ref. [32])

SSA-SVR-LOR (this
work)

Give a precise prediction of Vypp; the ~ Voltage—current double-closed-loop PI control
SVR’s hyperparameters are optimized  increases the tuning time, and it is difficult to
with PSO achieve optimal dynamic performance
The GPR is of high computational complexity;
The GPR can also achieve accurate Vypp the SMC brings in chattering during the
predictions; high robustness tracking process; the controller design of the
SMC is complicated
Possesses extremely high prediction
accuracy of Iypp; the dynamic

performance of the tracking process and

steady-state behavior are satisfactory

It is difficult to obtain an original dataset
under complex scenarios; the dynamic model
of DC/DC must be linearized

The rest of this article is structured as follows: In Section 2, the structure of the PV
power generation system and its modeling are described. In Section 3, the algorithms
used to construct the prediction model are explained. In Section 4, the PV current regu-
lator design approach is elaborated. In Section 5, comparative analysis and effectiveness
verification are illustrated in detail. Finally, some conclusions are provided in Section 6.

2. PV Power Generation System and Its Modeling
2.1. Characteristics of PV Panel

A PV array is a combination of many PV cells in series and parallel. The PV cell’s
equivalent circuit model of a single diode is shown in Figure 1a. Here, I, represents the
photocurrent which is proportional to the actual irradiance and ambient temperature; the
diode describes the nonlinear relationship between the PV cell’s terminal voltage and
current, with its current represented by I;; Ry, is the equivalent bypass resistance; R; is
the equivalent series resistance; and the terminal voltage and current of the PV cell are
symbolized with Uy, and I, respectively. Since the magnitude of Ry, is very large and
that of Rs very small, we can obtain the PV cell’s ideal equivalent circuit model depicted in
Figure 1b by ignoring Ry, and R.

HORA

Ly

ZD [] Ry, I Uy Lon CD SZD o Upr

(a) Equivalent circuit model of singlg diode (b) Ideal equivalent circuit model of single diode

Figure 1. Equivalent circuit model of PV cell.

On the basis of the ideal equivalent circuit model and the PN junction’s characteristics
of the diode, the mathematical model of the PV cell can be built as follows:

qUpo
Ipv = Iph - Id = Iph - IO exp AT -1 (1)
Uy, = AT (o g )
pv — q IO

va = uvapv (3)
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where I is the diode’s reverse saturation current; A is the diode factor; g is the electron
charge; k is the Boltzmann constant; T is the absolute temperature; and P, denotes the
generated power of the PV cell.

Furthermore, based on the ideal model of the PV cell, we can construct the ideal
equivalent circuit model (pictured in Figure 2) of the PV panel which comprises m PV cells
in series and n strings in parallel.

Yy ¥ g

THOR. Uy

Y ¥

Figure 2. Ideal equivalent circuit model of PV panel.

Accordingly, we can derive the generated photocurrent by the following:

u
Lo = nly, — nlo [exp(lzk{j:n . 1)] @)

Given the specific illumination conditions, the power—voltage (P-U) and current—

voltage (I-U) curves can be drawn demonstrating the relationship between the PV output
power, terminal voltage, and output current. Figure 3 shows a typical family of P-U and [-U
curves of a PV panel under consistent irradiance (1000 W/m?) and varying temperature
(040 °C). We recognize that the P-U curves display a single-peak pattern under uniform
illumination conditions. That is, there is only one MPP corresponding to a single voltage
value (named as Vjpp) and a single current (named as Ij;pp) because the maximum output
power equals the product of Vypp and Iypp.

10 T T T T T T T T

Current (A)

0 1 1
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1
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Voltage (V)
300 T T T T T T T T
°c
<200 2 .
= 20°
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Figure 3. P-U and I-U characteristics of PV panel.
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Obviously, the MPP’s position is not constant on the coordinate plane under the effect
of the illumination condition. In other words, the MPP shifts in accordance with the actual
irradiance and temperature. For instance, when the temperature changes, the values of
the PV’s terminal voltage and output current at the MPP also change accordingly. Since
the variations in Vjpp and Iy;pp nonlinearly depend upon the environmental factors of
irradiance and temperature, such a phenomenon naturally inspires us to fit this nonlinear
relationship through machine learning.

2.2. Structure of PV Power Generation System

In real applications, the two-stage grid-connected PV power generation system is an
effective solution for achieving the high-efficiency utilization of solar energy. Its structure
chart is depicted in Figure 4. The main tasks of the back-stage DC/AC inverter are to
transfer the PV-generated power to the grid and to guarantee the DC bus voltage’s stability.
Provided that the DC bus voltage is constant, then the front-stage DC/DC can achieve
MPPT through adjusting its duty cycle to regulate the PV output current to its reference
value at the MPP in real time, i.e., by letting I, approach Iypp.

PV panel Boost DC bus Inverter Grid

+
DC l T - DC
DC T ™" AC ?r

Figure 4. Structure of the two-stage grid-connected PV power generation system.

Consequently, we can draw the schematic diagram explaining the implementation of
MPPT via the technique of current prediction and regulation in Figure 5. It is noticeable
that the presented control scheme consists of two layers. The upper layer indeed plays the
role of decision-making, i.e., generating the reference signal for the lower layer with the
input information of irradiance and temperature; then, after receiving the reference value,
the lower layer executes the current-tracking control. Only if each layer operates effectively
and collaborates reliably with the other can the realization of MPPT be guaranteed. In
this work, the function of Iy;pp prediction in the upper layer is fulfilled through the SVR
model whose hyperparameters are optimized by the SSA to attain high precision and a
rapid convergence rate; in the lower layer, the LQ strategy is applied to realize PV’s output
current regulation with satisfactory dynamic and steady-state performances.

U, Voltage | Irradiance
- Prediction
Temperature
Model P
N Tracking
¥, FError Voltage . [T Upy
Regulator

Figure 5. Schematic diagram of MPPT.
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2.3. Modeling of PV Generation System

As narrated in Section 2.2, in the scope of MPPT control, the PV system of interest
consists of the PV panel and the DC/DC converter practically. The typical topology of a PV
system is shown in Figure 6.

PV DC/DC
777777777777 i } B} “40-!-
T R L
O U:l T DAF | Ui
O

Figure 6. Topology of PV system.

Provided that the DC bus voltage is constant, we can build the small-signal state-space
model of the PV system as follows [35]:

1= TR, M1~ Cch2

\ 1 R U

Xy = X1 — [ X2+ ~u 5)
y=x

where x1 is the small signal of the PV module output current Upy; x> is the small signal of
the inductance current iy ; u is the control input, that is, the PWM signal of the DC/DC; y is
the system output; Ry, is the equivalent dynamic internal resistance of the PV panel; and
U, is the DC bus voltage. It is apparent from Figure 6 and the first state equation in (5)
that i, equals I, when the system reaches a steady state.

In agreement with Equation (5), we can rewrite the PV system’s model in the follow-
ing form:

(6)

x = Ax+ Bu
y=Cx

where the matrices A, B, and C represent the system matrix, input matrix, and output
matrix, respectively. And they are as follows:

1 _1 0

CRpyp C B =
1 _R|” 77 | YUa
L L

,C=1o 1]

When the parameters of the topology in Figure 6 are determined, the value of each
element in matrices A, B, and C can be attained after simple calculation. Subsequently, we
can develop the current regulator based on the PV system’s state-space model.

3. Constructing the Current Prediction Model
3.1. Support Vector Regression

Support vector regression (SVR) is the variant of the support vector machine applied
in solving a regression problem, which is based on statistical learning theory with a loss
function called the e-insensitive loss function. SVR possesses a good generalization ability
on the basis of the structural risk minimization principle and boasts small sample learning
and a global optimization ability compared with an ANN [36,37].

Suppose we have a training dataset as follows:

S:{(x1,y1),..., (xl,yl) | xiER”, ijR} (7)

where x denotes the predictor variable and y represents the dependent variable.
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Then, the goal of modeling the nonlinear relationship between x and y is to find a
function f(x) satisfying the following equation:

lyi— f(xi)|<e V(xi, yi) €S (8)

And the nonlinear regression function f(x) is of the form as follows:

fx) = (w-o(x)) +b ©)

where w is the weight vector, b is the bias, and ¢ is the nonlinear function.
If the prediction error is less than ¢, then it is taken as zero. Hence, the e-insensitive loss
function turns the nonlinear regression problem into an optimization problem as follows:

minj|[|w||? (10)
stlyi—f(x)| <ei=12,...,1

Through introducing slack variables ¢ and ¢ and regularization parameter C,
Equation (10) turns into the following form:

L
min{ 3wl + C 1 (& +¢7) |
yl‘_w'(P(xi)_bSéi"‘S (11)
stw-@(x;) —yi+b <& te
&, ¢r>0,i=12,...,1

Furthermore, in order to solve the optimization problem simply, with the introduction
of Lagrangian a and &”, we can obtain the dual form of Equation (11) as follows:

!
-1y (oci—ocj‘)(ocj—oc]’-‘) < ¢(x:), o(x)) >
max ij=1 ;

+£yi(“i—“f)—52(“i+lx§‘) (12)
i=1 i=1

1
st Y (vi—af)=0,0<w,a <C,i=12,...,1
i=1

By replacing the dot product of the input vectors with the kernel function, we obtain
the following SVR model.

1
f(x) =Y (a; — af)K(x;,x) + b (13)

i=1

where K(x;, x) represents the kernel function which can take the forms of being linear,
Gaussian, polynomial, etc. For instance, the Gaussian kernel function’s expression is
as follows:

K(xi,%) = exp(—gllx — /) (14)

where g is the parameter to be determined.
Last but not least, when applying SVR to construct the current prediction model for
MPPT, some key points should be noted.

(1) Data preprocessing

With the aim of improving the training effect of the SVR model, the original dataset
must be preprocessed, for example, through dataset splitting and data normalization. In
this study, the original data comprises three vectors, i.e., two input vectors of irradiance
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and temperature and one output vector of the current at the MPP. Let Irr and T symbolize
the preprocessed input vectors and Iy;pp the output vector. The objective of SVR modeling
is to fit the input-output relationship by minimizing the error between the real value of
Ippp and its predicted value as follows:

y=rf (15)

where x = (Irr, T), and  denotes the predicted value of the reference current at the MPP.
(2) Hyperparameter optimization

The SVR model’s performance strongly relies on the hyperparameters’ selection.
As can be recognized from Section 3.1, the SVR’s hyperparameters mainly include the
regularization parameter C, the kernel function’s parameter g, and the error boundary
e. For the purpose of obtaining optimized hyperparameters through a more efficient
approach compared to traditional methods like a grid search and cross validation, we
decide to employ a heuristic algorithm with a better global search ability to accomplish this
task.

3.2. Sparrow Search Algorithm

The SSA is a novel swarm intelligence optimization approach proposed by Xue and
Shen [38]. They have proved that the SSA surpasses PSO and GWO in terms of accuracy,
convergence speed, stability, and robustness through a benchmark functions’ test. The
SSA mimics the behavior of sparrows in nature. A group of sparrows is composed of two
categories: the producers and the scroungers. The former group searches for the food
source or provides directions to the food sources, while the latter group finds the food
source. The role of each sparrow can switch between the producer and the scrounger.
Additionally, several sparrows are responsible for sounding the alarm when discovering
predators during food-searching [39].

To translate the sparrows’ behavior into an optimization algorithm, some necessary
rules are summarized and listed as follows [40-42]:

(1) The producers responsible for locating areas with abundant food have higher fitness
than the scroungers. The fitness is determined by an optimized objective function.

(2) If a predator is perceived and the corresponding alarm value exceeds the threshold,
the producers will direct the scroungers to the safe place.

(8) A scrounger can become a producer if its fitness is better. However, the total number of
each group remains unchanged; i.e., a producer will turn into a scrounger accordingly.

(4) Scroungers follow the producer with best fitness. During the food-searching process,
hungry scroungers with low fitness tend to change their positions to improve their
fitness.

(5) The sparrows at the edge of the group will promptly fly to a safe area in case of danger,
while the sparrows in the center of the group randomly move to the rest of the group.

In compliance with the above rules, the mathematical description of the SSA is as fol-
lows:

Assuming that the population size of sparrows is N and the dimension of the variables
to be optimized is D, then the position matrix of all sparrows can be defined as follows:

Xl,l X1,2 Ce Xl,D

X1 X2p ... Xop

X = (16)

XN,l XN,Z XN,D
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Next, the fitness values of all sparrows can be expressed as a vector:
f([X11 Xa2... X1,p])
f([X21 X22... X5,p])
Fx = . (17)

F([Xna XN.,Z ... Xn,p])

In agreement with rule (1) and rule (2), the update law of the producer at each iteration
is as follows:

a-itermax

g Xf,]»exp(;i) R < ST

i (18)
’ Xii+Q-L R>ST

where t denotes the current iteration, the maximum number of iterations is itermax, & is a
random number belonging to (0, 1], Q is a random number obeying the normal distribution,
L is a vector with the length of D in which all elements equal 1, R represent the warning
value which belongs to [0, 1], and ST, whose value falls in [0.5, 1], symbolizes the safety
threshold. When R < ST, there are no predators around, and the producers can search
for food in a larger range, but when R > ST, the predators are detected, and thus all the
sparrows fly to safe places rapidly.

With respect to the scroungers, in line with rule (3) and rule (4), their positions update
according to the following law:

Q (thvorst_xfj ) i >

- ex —_— 1

Xt = AT (19)
X5 | Xt - x| At oL i<

N[

N[

where Xyrst signifies the current global worst position, and Xp signifies the current best
position occupied by the producer. A is a vector with the length of D, in which each
element is assigned a value of —1 or 1 randomly, and A* = AT(AATY=1, When i > /2, the
ith scrounger is suffering from hunger and has to fly to other places to seek food. When
i <n/2, the ith scrounger will fly close to the best sparrow to find food.

The response strategy to danger is based on rule (5). The position-updating formula is
expressed as follows:

1 Xiest + :B ’ ‘Xf,j - Xiest fi ?é fg
xit+l — ‘xt _xt (20)
1,] t i, worst _
Xl,]+K < (fi]_fw)+6 _fl _fg

where Xj,.s; is the current global best location; § is the step size, which is a random number
subject to standard normal distribution; K is a random number belonging to [—1, 1], which
decides the sparrow’s flying direction; f; represents the fitness value of the ith sparrow; f,
and f;, are the best and worst fitness values of the current population, respectively; and € is
a minimal positive real number lest the denominator equals zero.

By fusing the procedures of nonlinear modeling with SVR and its hyperparameters’
optimization with the SSA, we can draw the flowchart of SSA-SVR in Figure 7.
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Start 1

Dividing the population into
producers and scroungers

Initializing parameters ’

Updating positions of sparrows in
accordance with rules

Generating initial solutions

Satisfying termination
condition?

7,

-
£

Training the SVR model

Y
b

Outputing the optimal solutions ‘

Calculating the fitness ’
I End

Figure 7. Flowchart of SSA-SVR for reference current prediction.

4. Robust Current-Tracking Controller Design

4.1. Problem Formulation

As analyzed in Section 2.2, the lower layer of the MPPT control actually regulates I,
to its reference value I;pp, and we can design the controller on the basis of the PV system’s
state-space model. If there are no uncertainties like a model’s parameters’ perturbation,
the variation in the reference input, and unknown disturbances, the controller design
is a classic stabilization problem which can be solved by means of the pole placement
method. However, there are some issues that should be addressed for this controller design
strategy: (i) The position of poles decides the system’s dynamic response. Nevertheless,
the determination of the poles” anticipated position is not easy and generally depends on
the designer’s experience. (ii) To improve the system’s comprehensive performance, we
need to trade off the stability and other indexes, for instance, the overshoot, settling time,
etc. (iii) The uncertainties exist objectively, so the controller must function properly under
the uncertainties as well; i.e., the robustness is a necessary requirement for MPPT.

Concerning issues (i) and (ii), we propose designing the controller based on the linear
quadratic optimal control, which can improve the system’s behavior by optimizing the
performance index. The details on this trick are explained in Section 4.2. As for issue (iii),
we turn the stabilization problem into a regulation problem by introducing a new state
variable. The analysis procedure is as follows:

The regulation of the PV panel’s output current I, means moving it to its reference
value Iyipp with zero steady-state errors; i.e., the tracking error approaches zero.

tlglc;lo e(t) = tli_{g Upv(t) - IMPP(t)] =0 (21)
where e denotes the tracking error, and ¢ is the time variable.

Since the effect of uncertainties will influence the tracking error, we therefore define a
new state variable ¢ as follows:

E=e (22)
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It is apparent that when ¢ — 0, the tracking error becomes close to zero too. In
accordance with the built model in Equation (6), we can obtain the new variable’s state
equation as follows:

(:f =Y = Yref = Cx — Yref (23)

where y,.f represents Iyipp.
By combining Equations (6) and (23), we obtain a new state-space model as follows:

x A 0| |x B 0
| = 24
|“: C o [€‘| + 0 u+ 1 Yref (24)
Fina]]y] let z = [x, g]T, g = |fé 8 , E = I; , 6 = [C 0:|, W = [_O ],’ then, we

rewrite the PV system’s model as follows:

2:gz+§u+Wy,ef
y = Cz

With this model, we adopt the following technique to design its controller.

4.2. Linear Quadratic Optimal Control

The linear quadratic (LQ) optimal control seeks to find a permissible control input to
minimize the given energy-type performance index function as follows [30,43,44]:

J(u(-)) = /0 " (7= + uTRu)dt (26)

where z represents the state vector, u is the control input, and Q and R are the weighing
matrices which are usually set as the symmetric positive definite matrix.

According to Equation (26), the LQ strategy is physically an optimal control strategy
designed to stabilize a linear dynamic system while balancing two competing objectives, i.e.,
minimizing deviations in the system’s states from a desired equilibrium and the consumed
energy with the application of the control input.

The permissible control is of the state feedback form as follows:

Wt (t) = —K*x* (1) 27)

where 1" represents the optimal control, K~ is the optimal state feedback matrix, and x*
symbolizes the optimal trajectory of the state variables.
The optimal state feedback matrix is solved by the following:

K*=R7'BTP (28)

where matrix P is the unique symmetric positive definite solution of the following matrix
Riccati algebraic equation.

PA+ATP+Q—PBR'BTP =0 (29)

Finally, yet importantly, it should be pointed out that before applying the LQ strategy
to design the controller, the system must be controllable, which is readily verified using the
rank criterion as follows:

Rank [E, AB, ... ,g"_lg} =n (30)

where 7 is the system model’s order.
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5. Results and Discussion
5.1. Predicting the Reference Current at the MPP Based on SSA-SVR

To verify the effectiveness and accuracy of predicting the reference current at the
MPP through the presented SSA-SVR approach, we first train the SVR model with the
dataset provided in [45]. The datasheet contains 27 x 399 data points corresponding
to some variables such as temperature, irradiance, maximum power voltage, maximum
power current, and many others (the number of variables is 27 and the length of each
variable data is 399). Since we use the data for training the Iipp prediction model, we
then take the irradiance and temperature values from the original dataset as the input
vectors of the SVR, and the maximum power current as the output vector. The dataset is
divided into the training set (80% of the total data) and the test set (20% of the total data),
which are normalized with a standard score before training and testing. As previously
mentioned in Section 1, the GA and PSO are two typical heuristic algorithms successfully
used for hyperparameter optimization. Therefore, we compare the performance between
the SSA and optimizing the SVR’s hyperparameters C, g, and ¢. The population size and
the number of iterations for all three metaheuristic algorithms are uniformly set to 20 and
50, respectively. Additional parameter settings are listed in Table 2.

Table 2. Parameter settings of selected metaheuristic algorithms.

Algorithm Parameters
GA crossover rate is 0.8; mutation rate is 0.01
PSO inertia weight is 0.5; learning factors are 1.5
SSA ST = 0.8; the proportion of producers is 70%

The optimal hyperparameters of SVR obtained by the GA, PSO, and the SSA are listed
in Table 3. The convergence performances are depicted in Figure 8. It is obvious that both
PSO and the SSA outperform the GA in terms of prediction accuracy. The GA depends
on fixed genetic operations, which lead to lower global search efficiency and a higher
likelihood of premature convergence. The minimum errors achieved by PSO and the SSA
are very close; however, the SSA ensures stronger robustness and a faster convergence rate.
After just two iterations, the SSA converges near the optimal solution, and each subsequent
iteration yields solutions remaining in close proximity to the optimal solution. Compared
with the SSA, PSO searched the optimal solution at the fifth iteration, indicating a slower
convergence rate. As PSO’s updating mechanism depends on both individual and global
historical optima, its convergence is frequently hindered by parameter dependency.

Table 3. Optimized hyperparameters of SVR with different metaheuristic algorithms.

Algorithm C g €
GA 343.9078 5.8824 0.0185
PSO 717.5694 0.01 0.01
SSA 1000 0.01 0.01

To quantitatively compare the performance of these algorithms, the evaluation metrics
are listed in Table 4, including the mean absolute error (MAE), mean squared error (MSE),
root mean squared error (RMSE), and coefficient of determination (R?). We can discern that
the SSA exhibits optimal performance across all metrics. Clearly, the results demonstrate
that the SSA is an excellent choice for the offline optimization of SVR’s hyperparameters.
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Figure 8. Comparison of convergence curves.

Table 4. Comparison of performance metrics.

Algorithm MAE MSE RMSE R?
GA 0.0262 0.0011 0.0334 0.9988
PSO 0.0116 0.00024 0.0151 0.9997
SSA 0.0102 0.00019 0.0139 0.9998

Based on the three optimized SVR models, we further examine their prediction ac-
curacy with test data. The results are shown in Figure 9. It is apparent that the SSA-SVR
model can achieve the highest precision. Additionally, the scatter plots of the predicted

values versus those of the actual values for each model are pictured in Figure 10. We
recognize that all the points of the SSA-SVR and PSO-SVR models are closely clustered
around the diagonal line, which also proves their excellent behavior. Since the SSA-SVR

model excels in many aspects including the convergence rate, robustness, and precision,

we decide to choose it as the preferred tool for predicting the reference current at MPP

based on the measured irradiance and temperature.

4 T T T T

test data

3.5 |[—+— predicted data with GA-SVR
—#—— predicted data with PSO-SVR
—©— predicted data with SSA-SVR

Current at MPP (A)

40 45

0 10 20 30 40 50 60 70 80
Number of test samples

Figure 9. Prediction effects based on the test data.
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Figure 10. Scatters of the prediction.

Figure 11 shows the results of the case under real operational conditions in a day.
Figure 11a depicts the trends of the measured irradiance and temperature from 8:00 to
17:00. The sample interval is 5 min; hence, there are 109 data points totally. The variation
range of the irradiance is from 121.62 w/m? to 1053 w/m? and that of the temperature is
from 27.76 °C to 54.18 °C. Figure 11b displays the predicted reference current at the MPP.
It is evident that the trend of the output current from a PV panel is positively correlated
with the irradiance, whereas the temperature exhibits a relatively weak influence on it. In
conclusion, the higher the irradiance is, the greater Iyspp.

g %)
2 o
= 3
8 &
8 g
8 %
= =
0 1 1 1 1 1 1 1 1 1 1 0
0 10 20 30 40 50 60 70 80 90 100 110
(@)
4 T T T T T T T T T
<
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o
=
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Number of samples

Figure 11. Results of current prediction with measured information of a day. (a) Real-measured
irradiance and temperature data; (b) prediction of Iypp.

5.2. Performance Analysis of Current Regulation

On the basis of the controlled system’s state-space model and the current regulation
strategy presented in Section 4.2, we can develop the regulator using the circuit parameters
of the boost DC/DC converter outlined in Table 5. It should be pointed out that two PV
panels connected in parallel are configured in the simulation model.
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Table 5. Circuit parameters of the boost DC/DC.
Parameters Description Value Unit
R Input resistance of DC/DC 0.0005 Q
L Input inductance of DC/DC 0.002 H
C Input capacitance of DC/DC 0.00047 F
Uy DC bus voltage 100 v
Upc Open-circuit voltage of PV panel 20.6697 A%
Is Short-circuit current of PV panel 3.8756 A
p Maximum output power of PV panel 60 W
Rpo Equivalent resistance of PV panel 5.3333 (@)

The calculated matrices A and B of the state-space model (25) are as follows:

398.9387 —2127.7 0 0
A= 500 —025 0|, B= {50000
0 1 0 0

With the rank criterion given in (30), we verified that the pair {Z, B } is completely

controllable. Next, to derive the optimal state feedback matrix K, the weight matrices R
and Q must be chosen in advance. Through integrating Bryson’s Rule with the trial-and-
error method, we ultimately selected the weight matrices as R = 10 and Q = diag(0.1, 0.1,
1 x 10%). Then, based on the determined R and Q, we can obtain the following optimal
state feedback matrix.

K* =]0.1386 —0.1433 31.6228

(1) Performance Comparison between the Current Regulator and P&O

To evaluate the MPPT performance of the proposed current regulator, we conducted
the simulation under varying irradiance conditions. The irradiance ranged from 200 W /m?
to 1000 W/m?, and the temperature was maintained at 25 °C. The responses of the LQ-based
current regulator and P&O are plotted in Figure 12. Obviously, both methods are capable
of achieving MPPT. However, according to the enlarged details, the current regulation
approach demonstrates superior stability and accuracy compared to the P&O method.

(2) Robustness Analysis of the Current Regulator

The presented current regulator is essentially a kind of model-based technique. The
designed optimal state feedback matrix K" is calculated with the nominal parameters of
the controlled system. Therefore, it is essential to further examine its robustness under
parameter perturbations. In this simulation, the settings of irradiance and temperature are
consistent with those in Figure 13, R and L of the DC/DC circuit (in Figure 6) are selected
to be tested, and the two cases are considered. They are as follows: the perturbed value
of R is twice its nominal value and that of L is half its nominal value as listed in Table 4.
The results are depicted in Figure 13. We observe that responses under the three parameter
configurations are very close, which proves that the proposed current regulator possesses
strong robustness.

(8) Performance Analysis of LQ Strategy with Different Weighing Matrices

The determination of the weighting matrices Q and R will influence the control ef-
fects of the LQ strategy. Generally, increasing the elements of matrix Q facilitates faster
convergence of the state variables, but this may lead to excessive control inputs or actu-
ator saturation. Meanwhile, raising the elements of matrix R tends to reduce the energy
consumption of the control inputs, but this may result in a slower dynamic response. To
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validate the effects influenced by the weighting matrices, we conducted a performance com-
parison among the three different settings of Q and R, i.e., Case 1: R =10 and Q = diag(0.1,
0.1, 1 x 10%); Case 2: R = 100 and Q = diag(0.1, 0.1, 1 x 10%); and Case 3: R = 1 and
Q = diag(0.1,0.1, 1 x 10°). The results are shown in Figure 14. It is apparent that Case 1
presents the most satisfactory comprehensive performance. Consequently, we select this
configuration as the final choice for matrices Q and R.

1200 T T T T T
1000
800
600
400
200

irradiance (W/m2)

(a)

150 T T T T

P&O
SVR+LQ

100 [

Ppv (W)

50

. 299
0 05 1 15 2 25 3 35 4 45 5
(b)

time (s)

Figure 12. MPPT responses of current regulator and P&O. (a) Variation in irradiance; (b) PV out-
put power.
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Figure 13. Comparison between nominal and perturbed parameters. (a) Variation in irradiance;
(b) PV output power.
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Figure 14. Performance comparison of LQ strategy with different weights. (a) Variation in irradiance;
(b) PV output power.

5.3. Effect Verification of MPPT with the Measured Irradiance and Temperature of a Day

For validating the effects of the proposed MPPT algorithm under real environmental
conditions, the predicted current at the MPP shown in Figure 11 is set as the reference
signal for the current regulator. To improve simulation efficiency, the timescale of the
reference current samples is scaled into a 1 s interval. The current-tracking performance is
illustrated in Figure 15a. It is apparent that the PV output current maintains tight proximity
to the reference current. Figure 15b shows the tracking errors. We can see that the error
approaches zero throughout the whole process. The maximum absolute error is 0.03 A and
the mean absolute error is 0.0034 A, which demonstrate high tracking accuracy. The PV
output power is shown in Figure 15c. The results confirm that the proposed SSA-SVR-LQ
strategy can achieve the function of MPPT with satisfactory performance.

PV current (A)

<
0.05 1

current error (A)
o

0 10 20 30 40 50 60 70 80 90 100 110

100 - b

50 b

Ppv (W)

0 1 1 L L 1 L 1 1 1 Il
0 10 20 30 40 50 60 70 80 90 100 110

(©
time (s)
Figure 15. Responses of MPPT with real irradiance and temperature of a day. (a) PV output current;
(b) tracking error of PV output current; (c) PV output power.
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6. Conclusions

This study focuses on the MPPT control problem of the PV system. A complete
control scheme, including predictions of the reference current at the MPP and PV output
current regulation, is proposed. To achieve high-precision predictions, the SVR method is
suggested. Besides that, the SSA is utilized to optimize the hyperparameters of the SVR
to ensure better performance. For the purpose of acquiring satisfactory comprehensive
performance of the controlled system, the LQ optimal control strategy is introduced to
design the optimal regulator. The effectiveness of the presented control scheme is validated
through simulations with multiple cases and the following conclusions are drawn:

(1) SSA-SVRis an effective tool to model the nonlinear relationship among irradiation,
temperature, and the PV output currents at the MPP. In comparison with other
modeling methods in the same test conditions, SSA-SVR can give better prediction
results.

(2) The adopted LQ optimal control can both ensure the controlled system’s stability,
steady-state performance, and strong robustness under uncertainties of parameter
perturbation and disturbances and also achieve a satisfactory dynamic response
during the regulating process.

While the excellent performance of the proposed SSA-SVR-LOR scheme is demon-
strated with some cases and real measured data, the results are limited to simulations,
and the dataset used to train the SVR model does not cover the conditions of partial
shading. Hence, based on the work of this article, the authors will in the future further
strive to apply the scheme in the real system and address the MPPT problem under more
complicated scenarios.
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