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ARTICLE INFO ABSTRACT

This study focuses on modeling the DC-DC converter and implementing
Article History: predictive model control methods on the target system. The research aims to
Received 6 March 2024 compare the efficiency of this approach against classical methods and devise a
Received in revised form 15 May strategy for maximizing power extraction. Utilizing MATLAB software, we
2024 simulate the proposed converter and control method, analyzing the obtained data
Accepted 25 June 2024 and results through comparison with alternative methods. The article aims to
Available online 30 June 2024 enhance the performance of the boost converter and DC-DC converter through

predictive control. Specifically, the boost converter is tasked with converting 50
V photovoltaic voltage to 110 V. Our initial focus lies on designing predictive

Keywords: control for the boost converter, acknowledging its potential for higher accuracy
Predictive Model Control Design, compared to other control methods. However, a notable challenge of predictive
Boost Converter, Solar Energy control lies in manually determining coefficients in the cost function. In this work,

we address this challenge by employing amplifying coefficients on the input and
output of the MPC converter and determining these values using a meta-
engineering algorithm. This approach aims to refine predictive control for
improved performance. The proposed control demonstrates promising accuracy
and speed in reaching set point values, with favorable energy metrics.

1. INTRODUCTION

The escalating demand for energy, coupled with rising fuel prices, global warming concerns, and a growing focus
on environmental preservation, has led to increased interest in renewable energy sources[1-2]. Solar energy, wind,
geothermal, and hydrogen (fuel cell) are among the many renewable options available, but solar energy stands out
as a leading choice. Photovoltaic devices offer numerous advantages: they are environmentally friendly, emitting no
pollution or noise, require no fuel costs, entail minimal maintenance, and most importantly, harness an essentially
unlimited resource the sun's radiation. Just one hour of solar energy reaching the Earth equals the energy
consumption of the entire global population for an entire year, underscoring their vast potential for large-scale
deployment. Germany, for instance, witnessed a significant surge in solar energy adoption in 2010 alone, installing

* Corresponding Author: danial.khalilzade7710@gmail.com
Department of Electrical Engineering, K. N. Toosi University of Technology, Tehran 196976-4499, Iran
147

http://dx.doi.org/10.47176 /TMI1.2024.147

© 2024 by the authors. Licensee T.M.I, Tehran, Iran. This article is an open access article distributed under the terms
E and conditions of the Creative Commons Attribution (CC-BY) license (http://creativecommons.org/licenses/by/4.0/).



http://dx.doi.org/10.47176/
http://creativecommons.org/
mailto:danial.khalilzade7710@gmail.com

D. Khalilzade & A. Ahrabi / Transactions on Machine Intelligence 7(2) (2024) 147-160

the equivalent of 7.4 gigawatts of solar electricity capacity, which is 1.4 times the total capacity of Iran's electricity
network. This translates to over 30 million solar arrays installed[3-5]. Despite Germany and Japan receiving nearly
half the solar radiation intensity compared to Iran, their total installed solar capacity in 2010 stood at 17.3, 3.7, 3.6,
3.5, and 2.5 gigawatts, respectively. The cost of photovoltaic power generation systems has significantly decreased
over the past two decades, dropping from around $25 per kilowatt in 1980 to approximately $2 per kilowatt in 2010.
This cost reduction has led to the widespread adoption of photovoltaic devices in various applications. In off-grid
scenarios, these devices are commonly utilized in water pumps, street lighting, household appliances, battery
chargers, and satellites. In grid-connected settings, they find use in hybrid devices and power plants. The control of
DC-DC converters has been a focal point of research in recent decades, driven by the proliferation of electronic
devices in daily life. The increasing demand for such appliances and equipment has spurred efforts to optimize their
control mechanisms to enhance efficiency[6-9]. DC-DC converters have diverse applications, including use in
laptops, photovoltaic systems, space systems, and fuel cells. The utilization of predictive model control in solar DC
converters, particularly in DC-DC converters, represents a novel and highly effective approach for maximizing
power output. This method facilitates the adjustment of voltage levels in photovoltaic modules, thereby enhancing
energy extraction. For instance, boost converters can be employed to increase voltage levels, thereby optimizing
power generation. The DC/DC converter serves to transform the input DC voltage level to a specified DC voltage
level using a switching method. These converters can adjust the output voltage to be either lower or higher than the
input voltage. Minimizing heat loss is crucial for efficient cooling operations, necessitating converters with low heat
dissipation. Hence, advancements in power electronics have led to the development of PWM (Pulse Width
Modulation) converters. These converters operate by modulating switches based on PWM pulses, allowing for
precise control and regulation of the output voltage. PWM modulation finds applications not only in DC/DC
converters but also in other types such as DC/AC and AC/AC converters.

2. BACKGROUND RESEARCH

Renewable energy sources, such as solar, wind, and sea waves, are typically smaller in scale compared to
conventional power plants and are scattered around the distribution network. Consequently, they often contribute to
the energy distribution sector. Solar energy generation is on the rise due to its advantages, particularly with the
proliferation of electronic devices that utilize this clean energy source connected to the grid. However, connecting
these energy generators to the grid poses new challenges, including managing the maximum power injected into the
grid and enhancing system efficiency [10-14].0ne of the expanded control methods is the distributed energy
resources control system, which aims to precisely adjust the output voltage of converters in the distributed energy
resources system to the desired reference. A non-linear adaptive controller is designed for controlling this system.
Using the Lyapunov method, the controller pursues the control objectives. Simulation results indicate that the
controller successfully achieves its control goal to a satisfactory degree when dealing with load and fuel changes
that lead to variations in input voltage. Nevertheless, a limitation is noted, as the controller is unable to operate
outside the rated range [15]. The author employs the sliding mode control method (SMC) adaptively to handle load
changes and unknown input voltage. These controllers demonstrate good resistance to bounded uncertainties.
However, a drawback is observed in the form of chattering behavior near the slip point [16]. Among the array of
proposed methods is the integration of various neural, fuzzy, and adaptive control techniques into a network known
as AFNNC (Adaptive Fuzzy Neural Network Controller). AFNNC is deployed to regulate the boost converter. This
approach notably mitigates the chattering phenomenon associated with the traditional tsmc control method,
eliminating the necessity for intricate system dynamics details and compensation via auxiliary controllers [17]. In
[18], two distinct maximum power point tracking methods for photovoltaic systems are introduced. The first method
employs an intelligent algorithm based on a fuzzy logic controller, while the second method adopts a conventional
disturbance and observation structure. Results indicate that the first method exhibits superior dynamic performance
and yields higher power output compared to the perturbation and observation algorithm. In[19] a maximum power
point tracking controller design is outlined for single-phase and two-phase grid-connected photovoltaic systems,
leveraging an adaptive fuzzy controller. Findings demonstrate that the controller efficiently reaches the maximum
power point with reduced and quicker fluctuations. Consequently, system efficiency is enhanced, fluctuations are
minimized, and the quality of output power in single-phase and two-phase systems is improved. In [20], the focus
lies on studying and comparing various methods for tracking the maximum power point to evaluate power extraction
under standard test conditions and varying weather conditions. Results indicate that the fuzzy controller algorithm
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achieves a stabilization time of 5 ms in terms of response time, with minimal fluctuation observed around the
operating point.

3. PREDICTIVE CONTROL STRATEGY

Predictive control, or model-based predictive control, encompasses a group of computer control algorithms with
shared characteristics, rather than referring to a specific controller.
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Fig. 1. Predictive control block diagram [37]

The predictive control block diagram, as depicted in Figure [21], embodies three key characteristics: Utilization
of Process Model: Predictive control relies on the process model to forecast its future behavior. Solving an
Optimization Problem: The controller tackles an optimization problem to determine the optimal control actions.
Receding Horizon Approach: A series of computed signals, typically involving the "first element," are implemented
in the process. This sequence of steps repeats during subsequent sampling intervals.
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Fig. 2. The figure shows how predictive control works. [21]

As depicted in the figure, predictive control aims to determine future inputs, denoted as M, in a manner that
minimizes the error between predicted future outputs and their desired trajectory over a defined time interval, such
as "P sample". Achieving this objective requires a model alongside the process, enabling the prediction of the process
output behavior by applying future inputs. Subsequently, this prediction should closely align with the desired
trajectory. To accomplish this, a cost function needs definition, and the optimization problem must be solved.
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Consequently, predictive control entails four actions in each sampling period: Calculation of Desired Path: From the
reference signal and the current process output, compute the desired trajectory. Prediction of Future Outputs:
Utilizing the model, forecast future output values. Notably, these future output values are contingent upon the future
input values, necessitating calculation by the optimization algorithm. Minimization of Cost Function: Minimize the
cost function, encompassing future errors and changes in control signals. Application of Control Signal: Implement
the first calculated control signal value onto the process, repeating calculations with new information for the
subsequent sampling period. In predictive control, it is assumed that after several steps, the control signal changes
equal to zero. That is:

Su(t+i)=0 i>M (1)

In the cost function, assigning an infinite weight to control signal changes from a certain time onward implies
prioritizing stability and minimizing fluctuations in control actions. For instance, if M equals one, only one control
change is factored into the cost function, with all subsequent values of u(k+i) regarded as equal to u(k). Decreasing
the value of M enhances the convergence speed of the optimization algorithm since it reduces the number of variables
requiring optimization. This approach streamlines the optimization process by focusing on fewer variables, thereby
accelerating convergence toward an optimal solution. One fundamental parameter in predictive control is the
prediction horizon, representing the number of periods over which the controller endeavors to minimize the
discrepancy between the output and the reference trajectory. Typically, there exists a maximum value for the
prediction horizon, beyond which further increments do not yield discernible enhancements in controller
performance. In practical applications, an optimal prediction horizon value often aligns closely with the rise time of
the process in open-loop mode. For non-minimum phase processes characterized by an initial negative slope
response, it becomes imperative to extend the prediction horizon sufficiently to encompass output samples exhibiting
positive slopes within the cost function. Initially, predictive control is designed for the system, following which the
designed predictive control undergoes optimization using a meta-engineering algorithm. The design phase focuses
on formulating predictive control, while subsequent discussions delve into optimizing the designed predictive
control. Predictive Controller in Unrestricted Mode: In the initial phase, it's imperative to formulate the boost
converter using state equations.

X(0)=(u@)A, +(1-u@)) A, )x @) +u@)B,, +(1-u@))B,, ) ()

_Rna O O __1
Acl = L 1 Ac2 = 1 Ll
0 -—— - — )
L RC C RC
1 E—
Bcl = L BCZ = L L
10 0 0 0
By defining the matrices
Bc =I:B-:l _Bcljv
Gc =‘4c1 _‘{c] )
The discrete equations of the system will be obtained as follows.
x(k+1) =;{]x(}'c)+[3 +Gx(k}]u(k}+31v(k)
A, =hd,+I. B=hB,, G=hG.. B,=hB,, @)

Then the value and the value are also from the relation will be calculated. Among these two values, one is chosen
that corresponds to the value calculated from the following equation.
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It will be calculated from the above relations. Then the matrix T from the relation:
T =B +Gx"
(3)
calculated and the vector will also be calculated from the following relationship.
) ©
e, =x(k)—x
By choosing the matrix and as
P - 0.0016 0
“7| o oo01 (10)
p£=001

The control signal will be calculated from the relationship. This function receives inputs from simulink and
calculates the control signal. Now we describe the Similink file.

an

4. SIMULATION

This function receives inputs from simulink and calculates the control signal. Now we describe the Similink file.
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Fig. 3. Schematic figure of the simulation

In the provided function, derivative values are computed internally, while integration is performed externally to
the block. For this simulation, the load value is set at 50 ohms, which can be adjusted as needed. Assuming a
reference voltage of 67 volts for the initial 1 second, followed by a transition to 100 volts, the simulation yields the
following results:Figure output voltage and reference value The shape of the control signal If the reference voltage
changes from 67 to 120 volts, the simulation results are obtained as follows.
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Fig. 5. Output voltage figure
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Fig. 6. The shape of the control signal

If the reference voltage is 67 and the load resistance changes from 75 to 37.5, the simulation results will be as
shown below.
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Fig. 8. Load flow shape

Predictive controller in limited mode: In this case, the control signal should be calculated considering the
following limitations
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The simulation environment for the boost converter, incorporating predictive control, is outlined below. To
enhance control performance and minimize controller energy consumption, two coefficients are incorporated into
the input and output of the MPC (Model Predictive Control) system. These coefficients are determined by a meta-
engineering algorithm.
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Fig. 10. The Output Current for The Constrained Mode

After applying predictive control, the simulation environment integrates the boost converter with the inverter.
This setup ensures that the control system operates optimally while effectively managing energy consumption. The
simulation environment in MATLAB is considered as follows. The shape of the simulation environment in the
MATLAB environment along with the boost converter

5. DETERMINING THE OPTIMAL COEFFICIENTS OF THE CONTROLLER

In the preceding section, predictive control is explored across various modes, with coefficients introduced into the
control section. Additionally, the meta-engineering algorithm aids in determining these coefficients, which
contribute to minimizing permanent errors in the control system. The shape of the boost converter along with the
optimized coefficients with the meta-engineering algorithm To determine the coefficients, the cuckoo algorithm will
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be employed. In this algorithm, the energy cost is formulated as a function of the system error, allowing both factors
to be optimally minimized simultaneously. The cuckoo algorithm operates as follows:

Table 1. Tuning parameters for the cuckoo algorithm

Cuckoo Algorithm Indicators Amounts

numCuckooS 5; % number of initial population

minNumberOfEggs 2; % minimum number of eggs for each cuckoo
maxNumberOfEggs 4; % maximum number of eggs for each cuckoo

maxlter 100; % maximum iterations of the Cuckoo Algorithm
knnClusterNum 1; % number of clusters that we want to make
motionCoeff 9; % Lambda variable in COA paper, default=2
accuracy -inf; % How much accuracy in answer is needed
radiusCoeff 5; % Control parameter of egg laying
cuckooPopVariance le-13; % population variance that cuts the optimization

Upon executing the cuckoo algorithm, the cost function undergoes reduction as depicted below. The reduction of
the cost function is illustrated in terms of the number of iterations. Cuckoo algorithm optimization form and cost
function reduction Following optimization, the first step involves examining the voltage diagram of the boost
converter. We anticipate that the voltage will closely track the set value and rapidly reach the desired value.
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Fig. 11. Cuckoo algorithm optimization form and cost function reduction

After the optimization, we first check the voltage diagram of the boost converter, which we expect to follow the
set value and reach the desired value in the shortest time.
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Fig. 12. the voltage value of the boost converter with the help of coefficients optimized by the cuckoo algor

The network voltage and current are as follows
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As you can see, pi control has not been able to bring the voltage and current values to their final value.This article
focuses on enhancing the performance of a boost converter and a DC-to-DC converter through advanced control
techniques. Specifically, the boost converter under consideration aims to convert a photovoltaic voltage of 50 volts
to 110 volts. The initial approach involves designing predictive control for the boost converter. While predictive
control offers superior accuracy compared to other control methods, it poses a challenge in manually determining
coefficients in the cost function. To address this challenge, the article proposes the use of amplifying coefficients on
the input and output of the MPC (Model Predictive Control) converter. These coefficients are then determined using
a meta-engineering algorithm, thereby improving predictive control. The results, as depicted in the accompanying
graphs, demonstrate that the proposed control strategy exhibits excellent accuracy and speed in reaching set point
values. Moreover, energy consumption values also indicate favorable outcomes, showcasing the effectiveness of the
proposed approach.

6. CONCOLUSION

In this paper, we investigated methods for eliminating physiological hand tremors in minimally invasive robotic
surgery technology. The Kalman filter was capable of optimally removing this involuntary tremor as noise from
intentional hand movements, assuming its variance remained constant and predetermined. However, in physiological
tremors, the variance of the tremor is time-varying and cannot be determined at a fixed value during the estimation
update phase. Therefore, we introduced an adaptive Kalman filter in which the measurement variance was adaptively
adjusted. We employed two methods for this purpose. First, we designed a fuzzy inference system, and due to the
availability of prior knowledge, achieved a satisfactory solution for tremor elimination. The second method involved
Q-learning, where the agent, through exploration in the state-action space, autonomously reached an optimal policy
for estimating tremor variance.
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