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ABSTRACT 
 
 
 

ROBUST IMPLEMENTATION OF THE MODEL PREDICTIVE CONTROL (MPC) 
FOR DC-DC POWER CONVERTERS AND INDUSTRIAL CONTROL 

APPLICATIONS. 
 
 
 

by 
 

Mohamed Emhemed Albira 
 
 

Advisor: Mohamed Zohdy, Ph.D. 
 
 
This dissertation addresses the development of the robustness and strength of the 

Model Predictive Control algorithm subjected to input constraints for a plant system with 

and without parameters' uncertainties. In the beginning, the MPC control system was 

implemented for systems with no types of parameters' uncertainties. The proposed system 

models were stable and linear and all of its parameters were fully known. They were 

formulated in model state-space system format. The main objective of this control system 

design was to maintain a smooth and constant output signal that could easily track the 

assigned desired output signal. The technical process of this control design was to 

calculate the optimal solutions for the proposed plant system by optimizing the Quadratic 

programming problem (QP) subjected to linear inequality constraints. Therefore, the 

proposed control system successfully forced the outputs of the proposed systems to track 

the output reference signals in a fast response and with very small steady-state errors, 

even with the change in prediction horizon values. 
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The second control system approach was for a system model which assumed its 

parameters’ uncertainties. In the other words, the parameters were not precisely known, 

but they were bounded in a minimum and maximum range. The parameters' uncertainties 

and the converter's switching behaviors made it act as a highly nonlinear system. 

Therefore, the Adaptive Model Predictive controller (AMPC) with the Linear Parameter 

Varying (LPV) control algorithm was implemented to address these issues and to secure 

a sustainable output signal with on types of noise or degradations. In this algorithm, the 

LPV model was created out of a set of Linear Time-Invariant (LTI) models, which are 

used to update the AMPC controller based on the feedback signals that come from the 

plant model and the change in the system parameters. Due to the changes in the plant 

model parameters over time, the AMPC was the perfect control approach due to its 

capability to update its prediction model and the operating condition over a prediction 

horizon interval. Since the AMPC is an online optimization-based approach, the QP 

variables and parameters can be tuned based on changes of the system measurements in 

real-time, and the LPV scheduling parameters. The proposed AMPC and LPV algorithm 

was compared against different control system approaches. Also, the proposed AMPC 

and LPV algorithm was implemented using an Arduino Mega 2560 microcontroller to 

show its performance in a real-time environment. In summary, from the outputs and the 

results, the proposed AMPC and LPV control system showed higher levels of the 

performance interims of the purified output, faster responses, and the computational time 

in both the simulation and real time results. 

 MATLAB, SIMULINK, and ARDUINO support packages were used for the 

system design and implementations.  
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CHAPTER ONE 
 

INTRODUCTION 
 
 
 

The base requirements of the control systems are concerned with the system’s 

stability, dynamic behaviors, and robustness of the closed-loop system. Many control 

schemes have been extensively studied to work for the power converters and the 

industrial applications, such as the hysteresis control and linear control with the pulse 

width modulation [1]. In addition to the aforementioned control schemes, there are more 

efficient control systems such as Sliding Mode Control, Fuzzy Logic Control, and Model 

Predictive Control (MPC) systems. Although they are computationally complex, they can 

be implemented using the developed powerful microprocessors or field Programmable 

Gate Arrays (FPGA). These control systems are not only suitable for the bases mentioned 

above, but they show high robustness against the nonlinear behaviors caused by the 

switching nature of the power converters, the unknown values of the controlled system 

parameters, and the fast responses with high performance in terms of the control system 

regulations [2] and [3]. 

1.1 Fundamental and Background of Model Predictive Controller 

Model Predictive Control (MPC) is an optimal control technique that uses the 

optimization at each sampling time 𝑇𝑠 over a predicted decision interval 𝑁𝑝 to calculate 

the system's future optimal solution. MPC was first funded in the late 70s by Richalet et 

al., then get developed by Cutler and Ramaker for the oil and chemical process industries 

[4]. However, many applications currently use MPC to control their functionalities. MPC 

has also named a receding horizon control and, in some references, calls it Quadratic 
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Programming Control (QPC) and Optimization and Prediction Control (OPC) [4]. MPC 

has significantly improved in terms of the academic research against the traditional 

feedback controllers such as the Proportional Integrals Derivatives (PID), sliding mode, 

and state feedback control systems [40]. Figure (1) shows the growth of the four 

mentioned controllers in the period between 1960 to 2010. In the beginning, MPC had 

not yet gotten any attention until about 2003 when  it grew the highest interest from many 

researchers and book authors. On the other hand, the above-mentioned conventional 

control systems lagged behind because they were not effectively valid in handling 

applications with high levels of uncertainties and computational complexities systems 

with the satisfaction of a set of constraints [4]-[6]. 

 

 

 

Fig. 1.1 the Ngrams search for the MPC against the traditional controllers 
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The MPC controller's advantages are that it can handle multi-input-multi-output 

(MIMO) systems with small changes in the formulation compared to the single-input-

single-output (SISO) systems and its flexible structure in the event of errors. Another 

advantage is that the MPC control system is subjected to handle input, states, and output 

constraints, which many control theories have failed to handle. 

1.2 MPC Strategy and Methodology 

The MPC control system predicts the system outputs y at each sampling time Ts  

for a defined prediction horizon interval Np, as is shown in Figure 2 [39]. The predicted 

output y(k + i|k) for i = 1,2, … , Np is based on the past and current information 

collected from the system output in the past and up to the current instant time k. The 

optimal control signals are calculated by optimizing the objective function or the cost 

function in some references (1). This is to force the system output to keep tracking the 

assigned reference signal r(k + i|k). There are different forms of the objective cost 

function that are used to minimize the error amounts between the predicted system 

outputs and the assigned reference trajectory r(k); the most common ones are Linear  

Programming (LP), and Quadratic Programming (QP) functions, which will be  

used in the MPC design in this dissertation. The general format of the QP cost function 

for the predicted state trajectory x(k), in terms of the input control signal u(k) subjected 

to an inequality constraint, is illustrated in the formula below. 

J(x(k), u(k)) ∑ (‖x(k + i)‖ଶQ + ‖u(k + i)‖ଶR) + ‖x(k + i)‖ଶ୒୮ିଵ
୩ୀ଴ Q

subj. to   x(k) = Ax(k) + Bu(k)      i = 0,1,2 … Np
   (1) 

Where the k is the discrete time period, the J is the cost based on the system state 

x(k) and control input u(k). The weights Q and R are used to adjust the influences of the 
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error in the output and the input respectively.  And in case of calculating the cost J over 

an infinite prediction, that requires to choose an appropriate value for weighting matrix Q 

[4] - [7] and [36] [37]. 

 

 

 

Fig.2 MPC strategy 

 

 

1.3 Literature Review 

The power of modern control systems is their capability to carry out the 

significant issues that the power electronics dc-dc converters and the industrial 
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applications overcome, such as the nature of bilinear characteristics, non-minimum phase 

behaviors, and parameters' uncertainties [7] and [8]. These issues are highly complex 

when it comes to the control system design. Many control strategies have been studied in 

depth to carry out these problems and enhance the power electronics and applications’ 

work performance. Various MPC algorithms have been developed during the last few 

decades to work for power electronics and the industrial applications. In some studies, the 

Finite Control Set (FCS-MPC) and the Current Control Set (CCS-MPC) have been 

deeply studied as in the references  [7]-[11]. Other researchers have developed different 

ways to enhance the online optimization to solve the Quadratic Programming (QP) in a 

shorter time [12]-[20]. 

The authors in [8] investigated the CCS-MPC control system to address the non-

minimum phase behavior that the boost converter overcomes. The strategy also considers 

reducing the computational burden by reducing the number of prediction horizon 

intervals. This control algorithm works well with both of the dc-dc converters’ working 

modes, the continuous condition mode (CCM) and the discontinuous condition mode 

(DCM). However, it requires an observer algorithm to maintain accurate reference 

tracking and better estimate the system parameters’ mismatches. The reference [10] 

studied the advantages of using the FCS-MPC control system for a coupled-inductor 

buck-boost converter to improve the current tracking and reduce the converter's power 

losses.  Their proposed FCS-MPC algorithm works well to regulate the operations of the 

buck-boost converter in buck and boost modes, and it shows a reasonable enhancement in 

terms of the power losses. In the reference [11], an offset-free finite set control-MPC 

controller (OFFCS-MPC) and higher-order sliding mode observer (HOSO) have been 
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implemented for dc-dc buck converter feeding constant power loads (CPL) with 

unknown load variations and parameter's uncertainties. Although the OFFCS-MPC 

performed very robustly controlling the dc-dc buck converter, the resultant high 

computational burden requires higher speed and bigger memory in terms of hardware; it 

is also not suitable to work for bilinear converters such as boost or buck-boost dc-dc 

power converters. The optimal constrained MPC control system was solved offline based 

on the piecewise affine (PWA) method to approximate the prediction model for the 

proposed dc-dc boost converter [12]. The MPC control system implementation in [13]  

was based on the PWA system modeling, which successfully captured the hybrid and the 

switching behaviors of the dc-dc buck converter. When the parameters’ uncertainties and 

the nature switch behaviors in a system like the power converters, a technique called 

Linear Parameters Varying (LPV) could take place where the system could be linearized 

and stabilized around different operating conditions. Then, the linearized system models 

were used as the prediction model fed to the MPC controller based on the changes in the 

system output. Other MPC control schemes were implemented for LPV systems using the 

quasi-min-max algorithm; this algorithm depended on a robust state observer and the 

linear matrix inequality (LMI) [15]-[18], [25]. On a technical note [19], the Adaptive 

MPC (AMPC) control strategy was implemented for systems with parametric 

uncertainties. The AMPC control system was built based on the min-max optimization 

principle. The min-max strategy is the way to estimate the system parametric 

uncertainties and to get the estimated error converges. Although this algorithm has 

succeeded in estimating the system parameters' uncertainties, it struggles to address the 

constraints over the system states or the outputs. 
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1.4 Motivation and Research Goal 

From the literature review, it is obvious that both the MPC and the AMPC-LPV 

control algorithms have appeared as promising control methods that successfully work in 

the field of the dc-dc power converters and the industrial applications. The key 

motivations behind this success are its flexibility, robustness, and its ability to 

be implemented using the integrated circuit such as the FPGA [14], and [25] or on a 

modern microcontroller, such as the Arduino Mega 2560. 

The literature has demonstrated that many MPC schemes have solved the base 

problems, such as the non-minimum phase dynamics, and the nature behaviors of the 

switching modes using the CCS-MPC and FCS-MPC control algorithms [8]-[10]. Others 

have shown the variety of faster optimization algorithms [11] - [20]. Although the above-

mentioned algorithms are highly effective, not all of them applied constraints. Others did 

not consider all the system parameters’ uncertainties. Furthermore, real-time 

implementation was not considered in terms of the efficiency and the cost. Therefore, one 

can see that the gaps in the research leave much to be considered. 

Motivated by previously discussed research, the goal of this dissertation was to 

study in-depth the effectiveness of the constrained MPC control system on different types 

of dc-dc power converters and industrial applications in the presence of the above-

mentioned problems, such as the non-minimum phase dynamics, the behaviors of the 

switching modes, and the additive input disturbances. In addition, the AMPC with LPV 

control algorithm for the system parameters’ uncertainty of power converters were 

studied. The AMPC with LPV control algorithm was designed to work with any of the 

non-isolated dc-dc power converters, such as the buck, boost, and buck-boost converters 



8 

considering the non-minimum phase dynamics, the behaviors of the switching modes, 

and the system parameters’ uncertainties. Also, this proposed algorithm was tested in 

real-time implementation to ensure simplicity in terms of the computational burden and 

high efficiency in terms of the system output quality. 

1.5 The Dissertation Contributions 

This dissertation aimed to deeply study the theoretical analysis and practical 

implementations of the MPC control algorithms for dc-dc power converters and the 

industrial applications. 

In the beginning, two case studies were proposed. The first one assumed that the 

proposed system plant was fixed, and no external disturbance was applied to the system 

model. The second case study assumed there was an input disturbance added to the 

proposed system model. Then, in a separate chapter, another study was conducted of a 

system model with problems of the converter's switching behaviors and the parameters' 

uncertainties. A summary of the main contributions are listed below: 

 Linear MPC control system was designed based on the quadratic 

programming optimization process with inequality constraints applied to the input control 

signal for tow system models, with the  assumptions that they were: 

 Designed with all the parameters fixed and known. 

 Formulated using the averaged model state space system.  

 Ill of the non-minimum phase dynamic problem.  

 Effected by the input disturbances in the second case study. 

 Mathematically stable and linear. 
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 Tested to see the effectiveness of the changes in prediction horizon 

values on the system outputs and the control responses. 

 The AMPC and LPV control algorithm was implemented to control a dc-dc 

buck-boost converter which was: 

 Designed assuming that the uncertainty parameters were not  precisely 

known, but they were bounded in a min-max range. 

 Linearized at different operating conditions to perform a set of LTI 

models; those models defined a Linear Parameter-Varying (LPV) model. 

 Constrained to limit the amplitude of the input control signal within a 

boundary of 0 and highest value of the duty cycle. 

 Tested at different prediction horizons to measure performance. 

 Implemented in real time using Arduino Mega 2560 microcontroller 

and worked well to provide the desired output voltage at different levels and in 

faster response.  

This dissertation was constructed in five chapters. Chapter One covers the 

proposed control system and the proposed case studies introductory, the fundamentals 

and the history of the predictive control systems, the literature review, the motivations, 

and the contributions. In Chapter Two, the analysis and work dynamics of the proposed 

system models and their linearization process are discussed. Chapter Three looks at the 

theory and the algorithms that are used to implement the MPC control system for linear 

systems such as the proposed dc-dc buck-boost converter and the buck convert driven dc-

motor. Chapter Four presents the implementations of the AMPC and LPV control system 

for a dc-dc buck-boost converter system model whose parameters have some degree of 



10 

uncertainties; it includes how the AMPC and LPV control algorithm get updated to cover 

the parameters’ uncertainties problem. Also in this chapter, the proposed AMPC with 

LPV control system was implemented in real-time using the Arduino Mega 2560 

microcontroller. The proposed control system results and outputs were compared with 

different control system approaches in the literature. The conclusion and the future works 

were presented in Chapter Five. 
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CHAPTER TWO 
 

THE DYNAMIC SYSTEM MODELING AND DESIGN 
 
 
 

The first step towards accurate system design is to carefully consider most of the 

details that represent the real-time system. Mathematical modeling is the way to 

approximate the physical system dynamics [21]. The precise system outputs and results 

come when the differences, or the error between the mathematical modeling and the real 

physical system, are minimized. The following sections are focused on illustrating the 

mathematical models of the proposed dc-dc converters and the industrial applications. 

2.1 dc-dc Power Converters 

In today’s modern electronics devices, the direct current (dc-dc) power converters 

are important components for numerous devices. These converters work to convert the 

amplitude of the power from a level to another level. The three most significant dc-dc 

power converters are the step down buck, step up boost, and the step up and step down 

buck-boost dc -dc converters. In this subsection, the dc-dc buck-boost converter is the 

proposed system that will be studied and analyzed in detail. 

2.2 The dc-dc Buck-Boost Converter: 

The dc-dc buck-boost converter is a non-isolated dc-dc converter which works to 

step up and step down the output power. In this type of the dc-dc converters, the energy 

storage elements (the inductors and capacitors) and the switching components (the metal–

oxide–semiconductor field-effect transistor  (MOSFET)) are playing significant roles in 

its working behaviors. To this end, the mathematical modeling is derived to simplify the 

complexity of this converter’s electronics circuit. Due to the switching behaviors of the 
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MOSFET and the Diode, the proposed dc-dc converter acts in two modes: ON mode and 

OFF mode. The ON mode when the switch is ON (sw = 1) closed for  d ∗ Ts period of 

time and when the switch is OFF (sw = 0) opened for (1 − d)∗ Ts period of time. Where 

the d and 𝑇s are the duty ratio and the sampling time period respectively [22], [23] and 

[25]. Applying the Kirchhoff’s voltage and current law to the converter’s schematic 

circuit in Fig. 3 to illustrate the inductor current iL and output voltage vC. It should be 

noted that in this dissertation, the proposed dc-dc buck-boost converter considered 

working in a Continuous Condition Mode (CCM), which means that the inductor current 

always remained bigger than zero (𝑖𝐿 > 0) [22] and [24]. The parameters in the circuit 

diagram are the VG for the input voltage, the SW represents the switching behavior of the 

MOSFET, 𝐿 for the inductor, 𝐝𝐢𝐨 for the diode, 𝐶 for the capacitor, rC and 𝑟𝐿 for the 

capacitor and inductor resistors, 𝑅 for the resistive load [23]. 

 

 

 

Fig. 2.1 the DC-DC buck-boost converter schematic Circuit 
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when the switch is ON: 0 <  t <  d ∗ T, the state space equation at the sw = 1 is 

given as  

 

 

 

Fig.2.2 the dc-dc Buck-Boost Converter is in the ON mode (sw=1) 

 

 

ୢ୧ై

ୢ୲
=

ି୰େ

୐
iL +

ଵ

୐
VG                (2.9) 

ୢ୴ୡ 

ୢ୲
= −

ଵ

େ∗(ୖା୰େ)
vc               (2.10) 

In form of the state space system the above differential equations can be 

illustrated as follows [21]-[27]: 

ẋ = Aଵx + Bଵu
y = Cଵx

                (2.11) 
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Aଵ = ቌ

ି୰େ

୐
0

0 −
ଵ

େ∗(ୖା୰େ)

ቍ

Bଵ = ቆ
୚ୋ

୐

0
ቇ

Cଵ = [0 1]

Dଵ = [0]

               (2.12) 

And when the switch is OFF: d ∗ T < t < T, the state space equation sw = 0 is 

given as 

 

 

 

Fig.2.3 the dc-dc Buck-Boost Converter is in the OFF mode (sw=0) 
 
 

ୢ୧୐

ୢ୲
= − ቀ

ୖ∗୰ୋୖ∗୰୐ା୰େ∗୰୐

(ோା௥஼)∗௅
ቁ ∗ iL + (

ିୖ

(ୖା୰େ)∗୐
) ∗ vc         (2.13) 

ୢ୴ୡ

ୢ୲
= (

ோ

(ୖା୰େ)∗େ
) ∗ iL − (

ଵ

(ୖା୰େ)∗େ
) ∗ vc          (2. 14) 

ẋ = Aଶx + Bଶu
y = Cଶx

                (2.15) 
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Aଶ = ቌ

− ቀ
ୖ∗୰ୋୖ∗୰୐ା୰େ∗୰୐

(ୖା୰େ)∗୐
ቁ ቀ

ିୖ

(ୖା୰େ)∗୐
ቁ

ቀ
ୖ

(ୖା୰େ)∗େ
ቁ − ቀ

ଵ

(ୖା୰େ)∗େ
ቁ

ቍ

Bଶ = ቀ
0
0

ቁ,   Cଶ = [0 1],    Dଶ = [0]

          (2.16) 

Where the system states x = ቀ
iL
vC

ቁ and the control signal u = d duty cycle. For the 

purpose of the control system design the averaged model will be derived with 

consideration of duration of one switching period using the expression below [21]-[27].  

ẋ = Aୟ୴୰ x + Bୟ୴୰ u
y = Cୟ୴୰ x + Dୟ୴୰ u

  

⎩
⎨

⎧
Aୟ୴୰ = d ∗ Aଵ + (1 − d) ∗ Aଶ

Bୟ୴୰ = d ∗ Bଵ + (1 − d) ∗ Bଶ

Cୟ୴୰ = d ∗ Cଵ + (1 − d) ∗ Cଶ

Dୟ୴୰ = d ∗ Dଵ + (1 − d) ∗ Dଶ

     .  (2.17) 

By substituting the expressions (2.9) to (2.16) with the expression (2.17) the 

averaged model can be illustrated as follow [21]-[27] 

ୢ୧୐(୲)

ୢ୲
= ቀ−

ି୰୐(ୖା୰େ)ି(ୖ∗୰େ)(ଵିୢ)

୐(ୖା୰େ)
ቁ iL(t) −  ቀ

ୖ(ଵିୢ)

୐(ୖା୰େ)
ቁ vC(t)  +  ቀ

ିୢ

୐
ቁ vG(t)

ୢ୴େ(୲)

ୢ୲
 =  ቀ

ୖ(ଵିୢ)

େ(ୖା୰େ)
ቁ iL(t) − ቀ

ଵ

େ(ୖା୰େ)
ቁ vC(t)

    (2.18) 

And in the form of state space system as bellow 

Aୟ୴୰ = ቌ
− ቀ

ି୰୐(ୖା୰େ)ି(ୖ∗୰େ)(ଵିୢ)

୐(ୖା୰େ)
ቁ − 

ୖ(ଵିୢ)

୐(ୖା୰େ)

ୖ(ଵିୢ)

େ(ୖା୰େ)
−

ଵ

େ(ୖା୰େ)

ቍ

Bୟ୴୰ =  ቆ
ି୚ୋ∗ୢ

୐

0
ቇ

Cୟ୴୰ = [0   1],     Dୟ୴୰ = [0]

         (2.19) 

2.3 The dc-dc Buck-Boost Linearization Process 

The illustrated differential equations in the expression (2.18) represents the 

averaged model of the proposed dc-dc buck-boost converter, which are used to illustrate 

the continuance time averaged inductor current iL(t) and the capacitor voltage vC(t). 



16 

Obviously, from equations (2.18), the system is nonlinear due to the 

multiplication terms of the time-varying quantities of the inductor current iL(t), capacitor 

voltage vC(t), and the input voltage vG(t) with the duty cycle d. Therefore, given the aim 

of linear control design, this nonlinear behavior must be linearized around equilibrium 

points. After a given number of sampling periods, the converter reaches the steady state 

conditions. This means that the duty cycle d = D and the input voltage vG(t) = VG reach 

the constant values, applying the inductor-volt second balance and the capacitor charge 

balance principles as well as the small-ripple approximations, to illustrate the steady state 

or (DC values) of the inductor current and the capacitor voltage values. 

 IL = −
୚େ

(ଵିୈ)ୖ
  , VC = −

ୈ

(ଵିୈ)
VG  , D =

୚େ

୚ୋ୚
        (2.20) 

Since the expressions in (2.20) are at the steady state conditions (constant DC 

values), their derivatives will be zero. To derive the small-signal ac model that perturbs 

around the steady state operating points of the IL and VC, the input voltage vG(t) and the 

duty cycle d will be assumed to be equal to the values at the steady state operating points 

of the given VG, D and the perturbations added to them, as they represented with the hat 

on them ( .  ෥ ) [22],[24], and [26]. 

vG(t) = VG + vG෪(t), d(t) = D + d෨, iL(t) = IL + ıL෩

vC(t) = VC + vC෪,   
       (2.21) 

Note that the ac small perturbations ( .  ෥ ) are much smaller than the steady-state 

values considered in the averaged model in equations (2.18). The linearized system is 

performed by separating the ac small signals from the steady-states variables. Then, the 

linearized dynamic model can be represented as a continuous-time state-space system, as 

in the expression below: 
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x෤ = A୪୧୬ ∗ x + B୳,୪୧୬ ∗ u

y = C୪୧୬ ∗ x
               (2.22) 

A୪୧୬ =  ቌ
−

(ି୰୐)(ୖା୰େ)ି(ୖ∗୰େ))ୈᇱ

୐(ୖା୰େ)
−

ୖୈ

୐(ୖା୰େ)

ୖୈ

େ(ୖା୰େ)

ିଵ

େ(ୖା୰େ)

ቍ ,

B୳,୪୧୬ = ቆ
୚ୋ

୐

0
ቇ 

C୪୧୬ = (0 1),   D୪୧୬ = 0

          (2.23) 

Where the A୪୧୬, B୪୧୬, C୪୧୬ and D୪୧୬ are the system state, input, output state and 

output noise matrices. The system state x෤ = ൣıL෩  vC෪൧
୘

represents the inductor current and 

the capacitor voltage. The system input u෤ = d෨ are the ac small signal duty cycle (the 

control input signal), the y = VC is the system output, the term Dᇱ = 1 − D, and the 

expression (. )୘ indicates the transposition of a vector or a matrix [22]-[27 ]. 

2.4 dc-dc Buck Converter Driving dc-Motor System Design 

A direct current dc-motor is one of the main components when it comes to the 

high precision motion systems. Its accuracy made it extensively required in many 

industrial instruments, tools, and devices. Many applications use the dc-motor for their 

motion operations. For instance, small applications such as toys, and large applications 

such as electric vehicles, elevators, and hoists [28]. 

To adjust the speed and to increase the permission of the dc-motor, various 

control systems are used to regulate the armature current and voltage. One of the simplest 

and most commonly used controlling methods is the Pulse-Width Modulation (PWM) 

technique. The PWM technique works well but the nonlinearity of the pulse switching 

can cause a rough start of the motor and variations in the armature voltage and current, 

which could damage the DC-motor mechanism by placing too much stress on the 



18 

electronic components of the DC-motor circuitry [28]-[30]. The dc-dc buck, boost, and 

buck-boost converters are effective solutions for these types of problems because they 

contain the energy-storage components (e.g., inductor and capacitor) which are capable 

of generating the required noiseless voltage and current to start the dc-motor smoothly. 

Combining dc-dc converters with dc-motors also can improve the velocity tracking 

performance of the dc-motor by providing purified output voltage and current to the dc-

motor [31] and [32]. To this end, a dc-dc buck converter is the proposed tool to supply 

the dc-motor with a regulated dc current and voltage [31]. 

2.4.1 dc-dc Buck Converter And dc-Motor Mathematical Modeling 

The proposed model of the dc-dc buck converter driven dc-motor circuit shown in 

the Fig. 4 contains two parts, the generic PWM-based dc-dc buck converter, and the 

permanent magnet dc-motor. The first part of the circuit describes: the  parameters rୗ for 

the internal resistance of the source, La for converter inductor, r୐ for internal resistance 

of the inductor, Cr for the converter capacitor, the duty cycle δ, Vin for the voltage 

source, and Ts is the sampling time period. The parameters for the second part are: L୫ is 

the motor inductor, the 𝑅𝑚 is the armature winding resistance, ke is the counter 

electromotive force constant, k୫ is the motor torque constant, J଴ is the moment of inertia, 

B is the motor viscous friction coefficient, T୐ is the load torque [33]. 

Applying the Kirchhoff’s voltage and current laws (KVL, KCL) and the Newton’s 

law to the circuit shown in Fig. 2, the mathematical model can be derived to illustrate the 

inductor current i୐, capacitor voltage vo, the armature current im, and the angular 

velocity w୫ [33]. 
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Fig. 2.4 the dc-dc buck converter/dc-motor schematic circuit 

 

 

Based on the buck converter switching behavior, the system will be responded 

into two subsystems that are numerated 1 when the switch is on, and 0 when the switch is 

off. The obtained dynamic system equations for the proposed system as follow: 

 The System represented when the sw = 1 (on) 

ୢ୧୐

ୢ୲
= −

(୰୐)

୐ୟ
iL −

ଵ

୐ୟ
vC +

ଵ 

୐ୟ
Vn               (2.24) 

ୢ୴ୡ

ୢ୲
=

ଵ 

େ୰
iL −

ଵ

େ୰
im                   (2.25) 

ୢ୧୫

ୢ୲
=

ଵ

୐୫
vC −

ୖ୫

୐୫
im −

୩ୣ

୐୫
w୫               (2.26) 

ୢ୵ౣ

ୢ୲
=

୩୫

୎బ
im −

୆

୎బ
w୫ −

୘ై

୎బ
               (2.27) 

Which can be represented in a state space as follows  

ẋ = A1 ∗ x + B1 ∗ u + B2ୢ ∗ dis
y = C1 ∗ x

            (2.28) 
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A1 =

⎝

⎜
⎜
⎜
⎛

−
୰୐

୐ୟ
−

ଵ

୐ୟ
0 0

ଵ

େ୰
0

ିଵ

େ୰
0

0
ଵ

୐୫
−

ୖ୫

୐୫
−

୩ୣ

୐୫

0 0
ି୩୫

୎బ

ି୆

୎బ
 ⎠

⎟
⎟
⎟
⎞

, B1 =

⎝

⎛

୚୧୬

୐ୟ

0
0
0 ⎠

⎞ , B2ୢ =

⎝

⎜
⎛

0
0
0

−
୘ై

୎బ ⎠

⎟
⎞

C1 = (0 0 0 1) D1 = ൮

0
0
0
0

൲

    (2.29) 

 The System represented when the sw = 0 (off) 

ୢ୧୐

ୢ୲
= −

୰୐

୐ୟ
iL −

ଵ

୐ୟ
vc                 (2.30) 

ୢ୴ୡ

ୢ୲
=

ଵ

େ୰
iL −

ଵ

େ୰
im                   (2.31) 

ୢ୧୫

ୢ୲
=

ଵ

୐୫
vc −

ୖ୫

୐୫
im −

୩ୣ

୐୫
∗ w୫              (2.32) 

ୢ୵ౣ

ୢ୲
=

୩୫

୎బ
im −

୆

୎బ
∗ w୫ −

୘ై

୎బ
               (2.33) 

And the state space representation for the mode can be expressed as follows 

ẋ = A2 ∗ x + B2 ∗ u + B2ୢ ∗ dis
y = C2 ∗ x

            (2.34) 

A2 =

⎝

⎜
⎜
⎜
⎛

−
୰୐

୐ୟ
−

ଵ

୐ୟ
0 0

ଵ

େ୰
0

ିଵ

େ୰
0

0 −
ଵ

୐୫
−

ୖୟ

୐୫
−

୩ୣ

୐୫

0 0
ି୩୫

୎బ

ି୆

୎బ
 ⎠

⎟
⎟
⎟
⎞

, B୳2 = ൮

0
0
0
0

൲ , B2ୢ =

⎝

⎜
⎛

0
0
0

−
୘ై

୎బ ⎠

⎟
⎞

C2 = (0 0 0 1), D2 = ൮

0
0
0
0

൲

    (2.35) 

Where the system state x = [iL, vc, iM, w୫]୘ , the control signal is the duty cycle 

u and the dis is representing the input disturbance, and y is the system output. 
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2.4.2 dc-dc Buck Converter dc-Motor Averaged System Modeling 

Due to the switching behavior, the averaged model can be expressed by adding 

the corresponding state space systems  (2.28) and (2.34) and multiplying them with the 

duration of one switching period (duty cycle 𝛿) to calculate the approximate state space 

averaged system, as in the equation (2. 36) [33]. 

                     

Aୟ୴୰ = A1 ∗ δ + A2 ∗ (1 − δ)

B୳,ୟ୴୰ = B1 ∗ δ + B2 ∗ (1 − δ)

Bୢ,ୟ୴୰ = B1ୢ ∗ δ + B2ୢ ∗ (1 − δ)

Cୟ୴୰ = C1 ∗ δ + C2 ∗ (1 − δ)

Dୟ୴୰ = D1 ∗ δ + D2 ∗ (1 − δ)

           (2.36) 

Therefore, the averaged state matrices can be displayed as shown in equation 

below: 

Aୟ୴୰ =

⎝

⎜
⎜
⎜
⎛

 −
୰୐

୐ୟ

ିଵ

୐ୟ
0 0

 ଵ

େ୰
0 −

ଵ

େ୰
0

0 −
ଵ

୐୫
−

ୖ୫

୐୫
−

୩ୣ

୐୫

0 0 −
୩୫

୎଴
−

 ୆∗ୖୟ

୎଴ ⎠

⎟
⎟
⎟
⎞

B୳,ୟ୴୰ =

⎝

⎛

୚୧୬

୐ୟ

0
0
0 ⎠

⎞,            Bୢ,ୡ୭୬ =

⎝

⎜
⎛

0
0
0

ି୘୪

୎బ ⎠

⎟
⎞

Cୟ୴୰ = (0 0 0 1),           Dୟ୴୰   = ൮

0
0
0
0

൲ 

          (2.37) 

2.4.3 dc-dc Buck Converter dc-Motor Linearization Process 

By applying the small signal linearization technique and assuming that no 

saturation effects occur in the motor coil (the inductance La), the proposed dc-dc buck 
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converter combined with the dc-motor system model is  linearized and it can be 

represented in a linear state space, as noted below: 

x෤ = A୪୧୬ ∗ x + B୳,୪୧୬ ∗ u + Bୢ,୪୧୬ ∗ dis

y = C୪୧୬ ∗ x
            (2.38) 

A୪୧୬ =

⎝

⎜
⎜
⎜
⎛

 −
୰୐ 

୐ୟ

ଵ

୐ୟ
0 0

 ଵ

େ୰
0 −

ଵ

େ୰
0

0 −
ଵ

୐୫
−

ୖ୫

୐୫
−

୩ୣ

୐୫

0 0 −
୩୫

୎଴
−

 ୆

୎଴ ⎠

⎟
⎟
⎟
⎞

B୳,୪୧୬ =

⎝

⎛

୚୧୬

୐ୟ

0
0
0 ⎠

⎞ , Bୢ,୪୧୬ =

⎝

⎜
⎛

0
0
0

ି୘୪

୎బ ⎠

⎟
⎞

C୪୧୬ = (0 0 0 1),   D୪୧୬ = (0)ସ×ଶ

           (2.39) 

Where the state x = [iL, vC, iM, w୫]୘ are for the converter inductor current, the 

converter capacitor voltage, the DC-motor armature current, and the system speed, 

respectively. The u = δ is the input control signal (duty cycle), the dis = T୐ donates the 

input disturbance caused by the load torque T୐ and the y = w is the output system speed. 

The linearized state matrix A୬×୬, the input matrix B୳
୬×ଵ the input disturbance matrix 

Bୢ
୬×ଵ, and the system output matrix Cଵ×୬, respectively. 

2.4.4 dc-dc Buck dc-Motor Discrete Time System Modeling 

Modeling is conducted for the purpose of designing discrete time MPC control 

system. In this case study the zero-order hold (ZOH) mechanism was used to discretize 

the system represented in (2.38) and (2.39) over a sampling time of 𝑇𝑠 period of time 

using the expression as below: 
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Aୢ = e୅ౢ౟౤∗୘ୱ, B୳,ୢ = ∫ e୅ౢ౟౤∗୘ୱ୼୘ୱ

଴
∗ B୳,୪୧୬ ∗ dTs, Bୢ,ୢ = ∫ e୅ౢ౟౤∗୘ୱ୼୘ୱ

଴
∗ Bୢ,୪୧୬ ∗ dTs

                     (2.40) 

 For simplicity, the MATLAB built-in c2d function is used for calculating the 

proposed discrete representation of the continuous system matrices [34]. Therefore, the 

discrete state equation takes the format as follows: 

z(k + 1) = Aୢ ∗ z(k) + Bୢ,୳ ∗ u(k) + Bୢ,ୢ ∗ dis(k)

y(k) = Cୢ ∗ z(k)
        (2.41) 

where the state vector is the z(k) = [iL vC iM w୫]୘ and u(k) is the control input 

variable, dis(k) is the input, disturbance, the y(k) is the system output, and k is discrete 

time sampling period, and the discrete time system matrices are Aୢ is state matrix, the 

Bୢ,୳ is the input matrix, the Bୢ,ୢ is the input disturbance matrix, and the Cୢ is the output 

matrix.  
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CHAPTER THREE 
 

MODEL PREDICTIVE CONTROL (MPC) FOR LINEAR DISCRETE TIME SYSTEM 
 
 
 

The principle of the MPC control system is that it has access to an accurate 

mathematical discrete model of the proposed plant system in order to predict the future 

states (x) and the future control input signal (u) over a number of prediction horizon 

intervals used to predict the future behavior of the plant output (y) to track the desired 

reference signal (r) [4] and [5].  

One of the MPC controller advantages against the conventional control system 

such as the PID or the LQR, is that its ability to apply hard constraints [35]. As it is 

proposed in this dissertation, the formulation of the MPC is optimized to solve the 

constrained quadratic programming (QP) problem in which the optimization process can 

be presented on the current and future prediction intervals. In this chapter, the proposed 

plant models will be considering the assumptions below: 

Assumption 3.1 The proposed systems are discrete time systems, formulated as 

Linear Time Invariant (LTI) in a state space format, the MPC formulations will be tested 

with a system which is not subjected to any types of  parameters uncertainties or additive 

disturbances, then the same MPC formulation will be tested with another system which is 

effected with an input disturbance but the parameters values are known. 

Assumption 3.2 The MPC control system is designed with a system model. 

which is subjected to linear constraints applied to the input control signal. 
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3.1 Prediction Process Design 

The MPC processes are based on the minimization of the predicted performance 

of the objective cost, which is defined in the predicted input control signal U(k) and the 

predicted states Z(k). For that reason, the accuracy in the MPC performance is based on 

the accuracy in the prediction of those vectors. Therefore, calculating the perfect discrete 

state space model is one of the ways that it can be used to predict the states and the input 

vectors [4]-[6] and [35],[36].  

z(k + 1) = Aୢz(k) + Bୢ,୳u(k)

y = Cୢz(k)
               (3.1) 

Note that the representation in (3.1) shows that this system is single input single 

output and no input or output disturbance are disturbing this system, where  

Aୢ, Bୢ,୳, Cୢ, and Dୢ are the discrete system matrices, z, u,and y are the system state, input 

control signal (the manipulated variable) and the system output (measured output) at k 

(where k > 0) is the discrete time period. 

Considering the system represented in (3.1), the future sequences of the state 

vector Z(k) can be predicted over a number of prediction horizon intervals Np (the Np is 

known as the optimization process duration), and the future input control signal U(k) is 

counted for a duration of control horizon Nc intervals (where the Nc ≤ Np). Both the 

U(k) and Z(k) are represented to take the form as below [4]-[6] and [34]-[36]. 

     U(k) = [u(k|k) u(k + 1|k) …  u(k + Nc − 1|k)]୘          (3.2) 

    Z(k) = [ z(k + 1|k) z(k + 2|k) …  z(k + Np|k)]୘          (3.3) 

Therefore, the future state variable based on the size of the state space matrices 

(Aୢ, Bୢ,୳, and Cୢ) can be calculated as follows: 
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z(k + 1|k) = Aୢz(k) + Bୢ,୳u(k)

z(k + 2|k) = Aୢz(k + 1|k) + Bୢ,୳u(k + 1)

(k + 1|k) = Aୢ
ଶ z(k) + AୢBୢ,୳u(k) + Bୢ,୳u(k + 1)

⋮

z(k + Np|k) = Aୢ
୒୮

z(k) + Aୢ
୒୮ିଵ

Bୢ,୳u(k) +  Aୢ
୒୮ିଶ

Bୢ,୳u(k + 1) + ⋯

+ Aୢ
୒୮ି୒

Bୢ,୳u(k + Nc − 1)

      (3.4) 

And the predicted output vector calculated as below  

y(k + 1|k) = CAୢz(k) + CBୢ,୳u(k)

y(k + 2|k) = CୢAୢ
ଶ z(k) + CୢAୢBୢ,୳u(k) + CୢBୢ,୳u(k + 1)

y(k + 3|k) = CୢAୢ
ଷ z(k) + CୢAୢ

ଶ Bୢ,୳u(k) + CୢAୢBୢ,୳u(k) + CୢBୢ,୳u(k + 2)

⋮

y(k + Np|k) = CୢAୢ
୒୮

z(k) + CୢAୢ
୒୮ିଵ

Bୢ,୳u(k) + CୢAୢ
୒୮ିଶ

Bୢ,୳u(k + 1) + ⋯ 

                        +  CୢAୢ
୒୮ି୒ୡ

Bୢ,୳u(k + Nc − 1)

                       (3.5) 

The predicted state space system re-written as follow:  

              Z(k) = V ∗ Z(k) + P ∗ U(k)              (3.6) 

Where 

V =  

⎝

⎛

Aୢ

Aୢ
ଶ

⋮

Aୢ
୒୮

⎠

⎞

P = ൮

Bୢ 0 ⋯ 0
AୢBୢ Bୢ … ⋮

⋮ ⋮ ⋱ 0

Aୢ
୒୮ିଵ

Bୢ Aୢ
୒୮ିଶ

Bୢ ⋯ A୒୮ି୒ Bୢ

൲

           (3.7)  

In case of a Multi-Input and Multi-Output (MIMO) system, the discrete time state 

space representation  is shown below: 

 
z(k + 1) = Aୢz(k) + Bୢ,୳u(k) + Bୢ,ୢ ∗ dis(k)

y = Cୢz(k)
             (3.8) 
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In the MIMO system case the dimensions of the state, control signal, and the 

output are highly important, thus the future output Y(k) vectors can be  formatted as in 

the representations below:  

    Y(k) = [ y(k + 1|k) y(k + 2|k) …  y(k + Np|k)]୘          (3.9) 

And the predicted state and the predicted output formulated based on the size of 

the state space matrices (Aୢ, Bୢ,୳, Bୢ,ୢ ,and Cୢ) as in equations (3.10) and (3.11), 

respectively  

z(k + 1|k) = Aୢz(k) + Bୢ,୳u(k) + Bୢ,ୢ dis(k)

z(k + 2|k) = Aୢz(k + 1|k) + Bୢ,୳u(k + 1) + Bୢ,ୢ dis(k + 1)

     = Aୢ
ଶ z(k) + AୢBୢ,୳u(k) + Bୢ,୳u(k + 1)

+ AୢBୢ,ୢdis(k) + Bୢ,ୢdis(k + 1)

⋮

z(k + Np|k) = Aୢ
୒୮

z(k) + Aୢ
୒୮ିଵ

Bୢ,୳u(k) + Aୢ
୒୮ିଶ

Bୢ,୳u(k + 1) + ⋯ 

+Aୢ
୒୮ି୒ୡ

Bୢ,୳u(k + Nc − 1) + Aୢ
୒୮ିଵ

Bୢ,ୢdis(k)

+Aୢ
୒୮ିଶ

Bୢ,ୢdis(k + 1) + ⋯ + Aୢ
୒୮ି୒

Bୢ,ୢdis(k + Nc − 1)

    (3.10) 

 

y(k + 1|k) = CୢAୢz(k) + CୢBୢ,୳u(k) + CୢBୢ,ୢ dis(k)

y(k + 2|k) = CୢAୢz(k + 1) + CୢBୢ,୳u(k + 1) + CୢBୢ,ୢdis(k + 1)

= CୢAୢ
ଶ z(k) + CୢAୢBୢ,୳u(k) + CୢBୢ,୳u(k + 1)

+ CୢAୢBୢ,ୢdis(k) + CୢBୢ,ୢdis(k + 1)

⋮

y(k + Np|k) = CୢAୢ
୒୮

z(k) + CୢAୢ
୒୮ିଵ

Bୢ,୳u(k) + CୢAୢ
୒୮ିଶ

Bୢ,୳u(k + 1) + 

      +CୢAୢ
୒୮ି୒ୡ

Bୢ,୳u(k + Nc − 1) + CୢAୢ
୒୮ିଵ

Bୢ,ୢdis(k)

+CୢAୢ
୒୮ିଶ

Bୢ,ୢdis(k + 1) + ⋯ + CୢAୢ
୒୮

Bୢ,ୢdis(k + Nc − 1)

(3.11) 

Therefore, the predicted output can be in the prediction state space 

Y = V ∗ z(k) + Pu ∗ u(k) + Pୢ ∗ dis(k)           (3.12) 
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V =

⎝

⎜⎜
⎛

CୢAୢ

CୢAୢ
ଶ

CୢAୢ
ଷ

⋮

CୢAୢ
୒୮

⎠

⎟⎟
⎞

P୳ =

⎝

⎛

CୢB୳,ୢ 0 ⋯ 0

CୢAୢB୳,ୢ CୢB୳,ୢ 0 0

⋮ ⋮ ⋱ ⋮

CୢAୢ
୒୮ିଵ

B୳,ୢ CୢAୢ
୒୮ିଶ

B୳,ୢ ⋯ CୢB୳,ୢ⎠

⎞

Pୢ =

⎝

⎛

CୢBୢ,ୢ

CୢBୢ,ୢ + CୢAୢBୢ,ୢ

⋮

CୢAୢ
୒୮ିଵ

Bୢ ⎠

⎞

        (3.13) 

Note due to fluctuating in the matrices Aୢ, Bୢ,୳ parameters the matrices V and P 

might be uncertainties as well [4]-[6] and [34]-[36].  

3.2 Optimization and Cost Function Calculation 

The main goal of the control design is to force the system output to track the 

reference signal r(k) along the prediction horizon Np. The  reference  signal can be 

defined as r(k) = [r(k + 1), r(k + 2), … , r(k + Np)]୘. Therefore, the general cost 

function that is used to get the best value for the vector U that minimizes the error 

between the system predicted output and the reference signal is defined in (3. 14) [4]-[6] 

and [34]-[36].  

minต
୎(୩)

= ෍ ൣ൫Z(k + i|k) − r(k + 1)൯
୘

Qഥ൫Z(k + i|k) − r(k + 1)൯ + U୘(k + i|k)Rഥ ∗ U(k + i|k)൧
୒୮ିଵ

୧ୀ଴
 

                    (3.14) 

With the consideration of Q and R positive definite matrices (Q can be semi-

definite). Replacing  Z(k) in the expression (3. 6) in case of the SISO system, and in 
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expression (3.12) in case of the MIMO system that will reformulate a new cost function 

equation as below [4]-[6] and [35]-[37] 

J(k) = U୘(k)HU(k) + 2Z୘(k)f ୘U(k) +  Z୘(k)GZ(k)        (3.15) 

s.t    A୧୬୯ ∗ U(k) ≤ b୧୬୯            (3.16) 

where the A୧୬୯ and the b୧୬୯ represent the inequality constraints that are applied to 

the input control signal. The inequality constraints can be re-written in vector terms as 

below [4]-[6] and [35]-[37].  

ቂ
I

−I
ቃ ≤ U(k) ≤ ൤

1u
−1u

൨               (3.17) 

And 

H = P୘Qഥ + R                 (3.18) 

f = P୘QഥV − r୘QഥP                (3.19) 

G = V୘QഥV + Qഥ                (3.20) 

With 

𝑄ത = ൦

𝑄 0 … 0
0 ⋱  ⋮
⋮  𝑄 0
0 ⋯ 0 𝑄

൪ ,   𝑅 = ൦

𝑅 0 … 0
0 ⋱  ⋮
⋮  𝑅 0
0 ⋯ 0 𝑅

൪        (3. 21) 

In order for the objective cost function to be solved as a convex optimization 

problem, the hessian matrix H must be a positive definite or semi definite matrix and the 

constraints are linear.   

Since the MATLAB is the implementation tool, the Q P problem will be solved 

using the (quadprog) function which can be defined in terms of the matrices/vectors H ,f, 
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and the inequal constraints 𝐴௜௡௤ and 𝑏௜௡௤, as in the expression below [4]-[6] and [35]-

[37].  

U୮୰ୣୢ = quadprog൫H, F, A୧୬୯, b୧୬୯, [ ], [ ]൯

A୧୬୯Z ≤ b୧୬୯
         (3.22) 

Since solving the QP equation generates a vector of elements, therefore the 

receding horizon method will therefore be used to pick only the first element of the 

generated elements [36] and [37] 

U(k) = [1 0 0 0] ∗ U୮୰ୣୢ              (3.23) 

3.3 Case Study I The Model Predictive Control of DC-DC Buck-Boost Converter with 
Various Resistive Load Values 

 
 

3.3.1 The Converter Modeling Process 

In this case study, the theory of a constrained MPC is proposed for a dc-dc Buck-

Boost converter, as it is shown in Fig. 3.1. The proposed dc-dc buck-boost converter is a 

single-input single-output control system as previously modeled in chapter 2. For the aim 

of linear and discrete time control system design, the proposed converter’s mathematical  

state-space model discretized using the zero-order hold (ZOH) method. The 

continuous state space equation (2.22) discretized over a sampling time 𝑇s using the 

following expression  

Aୢ  =  e୅ୡ୭୬∗୘ୱ Bୢ,୳ = ∫ e୅ୡ୭୬∗୘ୱ   dTs
୘୮

଴
           (3.24) 

Since the MATLAB is used for this case study, the c2d built-in function can be used to 

discretize the system at sampling time 𝑇s sec to take the form of the discrete state space 

equation, as illustrated in (3.1).  
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Considering the parameters’ values listed in the Table 3.1, the linear discrete time 

system matrices Aୢ, Bୢ,୳, Cୢ, and Dୢ numerically are illustrated as below:  

 

 

 

Fig. 3.1 The schematic diagram of MPC and dc-dc buck-boost converter 

 

 

Aୢ  =  ቀ
0.9999   −0.0001
0.1235  0.9959

ቁ ,

Bୢ,୳ = ቀ
0.0400
0.0025

ቁ 

Cୢ = (0 1),   Dୢ = 0

            (3.25) 

By applying the controllability and observability tests the system is controllable 

and observable, since the buck-boost converter is a second order n=2 and the rank of the 

controllability matrix Crb = 2 and observability matrix Obv = 2. 

Crb = (Bୢ,୳ Aୢ ∗ Bୢ,୳) → Crb = 2 = n,      Obv = (Cୢ Cୢ ∗ Aୢ) = 2 = n 

                     (3.26) 
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Table 3.1. the parameters for the converter design 
 

Parameters Sample Value 

Input voltage 𝑉𝑖𝑛 20V 

Inductor 𝐿𝑎 200 m 𝐻 

Inductor resistive 𝑟𝐿 100 m 𝑂ℎ𝑚 

Capacitor 𝐶𝑎 200 u 𝐹 

Resistor load 𝑅𝑜 vary Oℎ𝑚 

Switching 

frequency 

𝑓𝑠  10 𝑘𝐻𝑧 

Sampling time  Ts 0.0001 sec 

Duty cycle δ Calculated 
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3.3.2 Single Input Single Output Control System Process 

Following up with the MPC control design process as presented in the earlier 

subsection, the prediction design process using the linear discrete time is used to predict 

the future behavior of the control signal U and the system state vectors expressions (3.2) 

and (3.3). The compact form of the predicted state space (3.7) and the new compact form 

of the matrices in (3.8) are used for the prediction modeling. 

The optimization QP problem (3.15) is subjected to inequality constraints in 

(3.16) with consideration of the positive definite Q and R matrices as they are valued in 

(3.27) over a prediction horizon Np=30. Considering calculation of the Hessian H as a 

positive definite matrix (can be positive semidefinite), the vector f and the scaler G are 

calculated based on the Z(k), as illustrated in (3.18) - (3.20).  

R =  0.01,           Q = ቀ
1000 0

0 1000
ቁ          (3.27) 

Therefore, the optimization can be calculated using the MATLAB built-in 

function  “quadprog” and the constraints represented in the expression (3.22) to predict a 

stack of elements in each sampling of time. Since the system is a SISO system, only one 

input control signal is needed; thus, the receding horizon technique is applied to pick only 

the first element at each sampling instant, as in the expression illustrated in (3.23). 

3.3.3 Simulation Results 

The proposed control system for the Buck-Boost converter was implemented and 

simulated using the MATLAB and Simulink environments which are carried out on a 

laptop-computer with 16GB RAM and CORE i7 1.8 GHZ CPU and Windows 10 

professional operating system.  
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The simulation study refers to the converter start-up with a fixed value of the 

input voltage 𝑉𝑖𝑛 = 20V. The reference trajectory voltage for the output voltage is stated 

at 60V, 30V and 10V, testing the capability of the proposed control system to track the 

reference trajectories 𝑉𝑟𝑒𝑓. The control system is also examined when the resistive load 

𝑅𝑜 took different values of 15 and 30 Ohms. 

Fig. 3.2 (A and B) illustrate the reaction of the proposed control system when the 

𝑅𝑜 = 15 ohm. In Fig (A), it shows the input control signal 𝑢(𝑘) generated for the Buck - 

Boost converter to regulate the required output volt and current. It is visible in Fig (B) that 

the converter output voltage is smoothly tracking the reference voltage signal at every 

stage.  

The figure also shows that compared to the input voltage 𝑉𝑖𝑛 = 20𝑉 the converter 

is operating in both modes, as a boost converter at the time intervals from 0 to 0.5 sec the 

output voltage 𝑣𝑜 = 60V and 𝑣𝑜 = 30V with a small percentage of an overshoot 0.96% and 

inductor current 𝑖𝐿 = 3.976𝐴. In Fig.3.3 (A) the required input control signal is 𝑢 = 0.6667. 

On the other hand, at the time period between 0.5 to 0.7 sec, the converter requires an input 

control signal 𝑢 = 0.1104 to operate as a buck converter and quickly reaches the desired 

output voltage 𝑣𝑜 = 10V and an inductor current of 𝑖𝐿 = 0.662A.  

Fig. 3.3 (A and B) expresses the outputs of the proposed control system when the 

𝑅𝑜 = 30 Ohm. In Fig. 4 (A), it illustrates the input control signal 𝑢(𝑘) where it is constrained 

from 0 to 0.6619. This value is the maximum value for the converter to regulate the output 

volt of 𝑣𝑜 = 60V and inductor current 𝑖𝐿 = 1.98𝐴. It also should be noted that the output 

voltage maximum overshoot percentage increased to 1.2% as compared to the Fig. 3.2(B). 

This is presented in Fig. 3.3 (B). At the time period between 0.5 to 0.7, the converter easily 

works to step-down the output voltage to reach the value of 𝑣𝑜 = 10V and inductor current 

𝑖𝐿 = 0.33𝐴 that requires an input control signal of 𝑢 = 0.1103. 
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Fig.3.2 (A) show the Input Control signal (u), (B) the Output Voltage (vo)  
and the Inductor Current (iL) 

  

 

 

 

A 

B 

A 
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Fig.3.3 (A) show the Input Control signal (u), (B) the Output Voltage (vo) and  
the Inductor Current (iL) 

 

 

3.4 Case Study II . Model Predictive Speed Control of dc-dc Buck Converter Driven dc-
Motor with Various Load Torque Values 

 
 

3.4.1 The System Model Design 

In this case study, the MPC control system was tested when the dc-dc converter 

connected to a different type of load such as the permanent magnet direct current (dc-

B 
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motor). The dc-dc buck converter driven dc-motor is modeled and analyzed as previously 

presented in the subsection (2.2). The system model is a Multi-Input Single Output 

(MISO) system and the MPC control algorithm is optimized using the QP problem, 

which is subjected to inequality constraints in (3.15) and (3.16). 

3.4.2 Multi Input Single Output Control Design 

In this subsection, the MPC control system process will be presented for the 

proposed dc-dc buck converter driven dc-motor. This system model is a fourth order 

system and is a MISO system. In this model, the control signal u is used as a manipulated 

variable (MV) and the load torque T୐ is considered as an input disturbance (unmeasured 

disturbance UD). The system output is the angular velocity w (measured output MO),  the 

system states are the inductor current iL, the capacitor voltage vC, the armature current 

iM, and the angular velocity w୫.  

3.4.3 The Prediction Processes 

In the case of the output prediction in a MISO system where the angular velocity 

w୫ is measured output, the predicted state Z(k) and predicted input control U(k) vectors 

are represented in (3.2) and (3.3), respectively. The prediction modeling is calculated and 

represented in equations (3.13) and  (3.14). 

3.4.4 Optimization and Cost Function Calculation 

In the optimization process, the goal is to calculate the optimal solution for the 

objective function which will be used as the predicted control signal for the dc-dc buck 

converter driven dc-motor angular velocity to track the defined reference signal r(k) =

[r(k + 1), r(k + 2), … , r(k + Np)]୘along the prediction horizon interval. Therefore, the 

expressions (3.15)-(3.16) are used to design the general QP cost function.  
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Since this case study aims to control the angular velocity, the converter is used to 

regulate the required voltage and current which is fed to the dc-motor. Therefore, 

generating the proper input control signal will directly influence the converter to regulate 

the desired amount of the voltage and current for the dc-motor. To this end, applying the 

constraints to the control signal 𝑢 ∈ [0,1] (the converter duty cycle) will dictate the 

converter to provide the right output power necessary for the dc-motor to track the 

reference signal. The linear constraint formulas (3.34) and (3.35) applied to the input 

control signal are shown below, both of which are subjected to the proposed cost function 

(3.15). 

u ≤ u(k) ≤ u                (3.28) 

Which can be formulated as 

M = ቀ
−I
I

ቁ
ଶ×୒ୡ

U(k) ≤ ൬
0u

1u
൰

ଵ×୒୮

            (3.29) 

The 1s are indicating a stacked format of ones, and the 0s are indicating a stacked 

format of zeros. The expression (3.35) will be reformulated as inequal constraints to take 

the form of equation (3.36)  

M ∗ U(k) ≤ λ                 (3.30) 

The M and λ are unequal constraint matrices that can be calculated offline. The 

optimization process of the quadratic cost function (3.28) and the subjected constraints 

(3.35) can be solved in MATLAB using the “quadprog” function as in (3.22). 

Due to the process of the ‘quadprog’ function, which generates a stack of 

elements, the receding horizon principle is used to pick the only first elements of the 

𝑈௣௥௘ௗ as in the expression below: 
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U(k) = [1 0 0 0] ∗ U୮୰ୣୢ               (3.31) 

3.4.5 Disturbance Estimator 

In the case of such a system with an input disturbance, the system states might 

become unmeasurable. Therefore, in this case, the MPC control system uses the static 

Kalman filter as a state observer [38]. 

In this case study, the dc-motor load torque is constant load. To get an offset free 

tracking of the system output (angular velocity w), an external estimation loop (Kalman 

filter (KF)) is added to provide the states estimations as well as help to address the load 

torque invariant status. The first step is to get the Kalman gain to  consider the system in 

equation (2.40), which includes the disturbance covariance dis(k). 

The dis(k) is represented as a white Gaussian noise with normal probability 

distribution. Since the measured output is the angular velocity/speed w of the system dc-

dc buck converter driven dc-motor, the estimated state z ෝ(k) is possible to be calculated 

using the measured system output w where the y ෝ(k) = w୫(k). 

ቐ

z ෝ(k|k) = z ෝ(k|k − 1) + K୥൫y(k) − y ෝ(k)൯

z ෝ(k + 1|k) = Aୢz ෝ(k|k) + Bୢ,୳u(k)

y ෝ(k) = Cୢz ෝ(k|k − 1)

         (3.32) 

And the Kalman gain matrix K and the Algebraic Riccati equation parameter P 

for estimating the error are calculated as below 

൝
K୥ = PCୢ

୘R

AୢPAୢ
୘ − AୢPAୢ

୘൫CୢPCୢ
୘ + R൯

ିଵ
CୢPAୢ

୘ + Q = 0
        (3.33) 
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Where the Q and R are considered as the designer parameters, the z ෝ and  y ෝ are 

the estimated system  states and output, the u is the control system signal, and the 

Aୢ, Bୢ,୳ and Cୢ are the system discrete time matrices.  

Therefore, the estimated system in (3.32) is used with the MPC control system 

prediction model every time it is inside the given prediction horizon window [38].  

Using the MATLAB function, the Kalman gain K୥ calculated as illustrated in the 

matrix K୥ =   [0.12 0.24 0.13 0.88 0.0]୘ 

 

 

 

Fig. 3.4. The schematic diagram of dc-dc buck converter driving dc-motor  
with MPC controller 
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3.4.6 Simulation Output and Results 

For the numerical simulation and results, the parameters’ values for the proposed 

dc-dc buck converter-driven dc-motor are described in the Table 3.2, in which the linear 

discrete-time state-space system (2.40) was used to calculate the prediction modeling.  

Solving the quadratic programming optimization problem has been completed 

through the equation (3.23) considering the prediction horizon Np = 10 and 100.  

The matrices R and Q were chosen as in equation (3.35), and the input control 

constraint formulated as in (3.29) and (3.30). The receding horizon equation (3.32) was 

used to consider the first element in every sampling instant over the prediction horizon. 

R = 1,     Q = ൭
10e6 ⋯ 0

⋮ ⋱ ⋮
0 ⋯ 10e6

൱

୒୮×୒୮

            (3.35) 

The configuration of the proposed control system in Fig.3.4. implemented and 

functioned using the MATLAB and SIMULINK (version R2021B) which are carried out 

on a laptop computer with CORE i7 1.8GHz CPU, RAM of 16 GB, and a Windows 10 

professional operating system. The dc-motor is required to track the assigned reference 

signal at various stages with different values of the load torque.  

Figures 3.5 and 3.6 show the proposed control system is highly capable of forcing 

the system output w୫ to track the reference signal w୫
∗  at different values and various 

shapes. Fig (3.5) and (3.6) show that the control signals are constrained in between [0, 1] 

and Fig Bs show the system outputs are smoothly tracking the reference signal w୫
∗  with a  

very fast response and very small amount of steady state errors. As proposed, to test the 

performance of the control system when the input disturbance is added as noted below, 

the case of the prediction horizon is changed from Np = 10 and 100. 
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T୐ = ቐ  

0     N. m (nominal),                  time between  0 to 1s

0.2  N. m (load on),                time between    1 to 2s

0    N. m (nload off),                time between   2 to 3s

      (3.36) 

 

 

Table. 3.2 the dc-dc buck converter and the dc-motor parameter values 

 
 

  Parameter  Sample Values 

Input Voltage Vn 40v 

Converter Inductor L 2.473 mH 

Converter Capacitor C 46 uF 

Switching frequency F 10 kHz 

Duty cycle  δ 0.6 

Inductor internal resistor  rL 0.695 ohms 

Armature resistor  Rm 2.7 ohm 

Armature inductor Lm 1.7 mH 

Viscosity fraction coefficient B 0.000138 N. m/rad/sec 

Inertia moment Jo  0.000115 Kg. m^2 

Motor torque constant Km 0.0663 N. m/A 

Voltage constant ke 0.0663 V/rad/sec 

Load torque T୐ Vary N. m 
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Fig. 3.7 A, B, C illustrate the input control signal, the system angular 

velocity/speed, the converter voltage, current, and the dc-motor armature current when 

the prediction horizon Np =10 and the load torque are proposed in (3.36). As illustrated 

in  Fig. 3.7 A, the input control signal is constrained between [0 1]. In Fig 3.7 B, although 

the load torque is varied from 0 to 0.2 N. m to 0 again, the control system performs very 

well to keep the system output w tracking the w∗, although there was a small percentage 

overshooting of 0.125% when the T୐ raised up to 0.2 N. m and 0.05% when the T୐ took it 

off to 0 N. m. In terms of the power supply, the dc-dc buck converter successfully made 

the dc-motor smoothly start with less power consumption and the converter output 

voltage VC always remained less than the converter input voltage Vn. The inductor 

current iL and the armature current iM both have the same values; they raise up as the 

load torque increases, as shown in Fig. 3.7 C.  

In Fig. 3.8 A, B, C the prediction horizon is Np = 100 and the control horizon is 

Nc =3. In Fig. 3.8 B, the performance was slightly enhanced where there is no steady 

state error, but despite overshoot percentage 0.35 when T୐ = 0.2 N. m at 1 sec and -0.4 

when the T୐ = 0 at 2 sec, the output signal gets to the steady state in about 2 × 10ିଷ sec. 

The power consumption in Fig. 3.8 C remains the same with no change compared to the 

previous figures 3.7 when the Np =10. 
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Fig.3.5 (A) the Control Signal and (B the dc-motor speed at 
 different speed 
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Fig. 3.6 (A) shows the system input control signal (U), and (B) the system  
output Angular Velocity 𝑤 when the reference Angular Velocity signal 𝑤∗ 
assigned as a sine wave signal 
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Fig. 3.7 (A) input control signal (U), (B) the system output Angular Velocity w when 
 the reference Angular Velocity signal w∗ and (C) is the converter voltage VC, the 
inductor current iL and the armature current iM when Np = 10 and Nc = 3. 
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Fig. 3.8 (A) shows the system input control signal (U), and (B) the system output  
Angular Velocity 𝑤 when the reference Angular Velocity signal 𝑤∗ and (C) is the 
converter voltage 𝑉𝐶, the inductor current 𝑖𝐿 and the armature current 𝑖𝑀 when 
Np = 100 and 𝑁𝑐 = 3. 
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3.5 CHAPTER CONCLUSION 

In summary, this chapter discussed the implementation of the MPC control 

system to enhance the work performance and to maintain a clear and constant output of 

the proposed power electronics and industrial applications. In both case studies, a linear 

MPC control strategy with inequality constraints was applied to the proposed systems, 

which were linear and in a discrete-time state-space format. The state-space models were 

used over a prediction horizon interval to generate the predicted system matrices, which 

will be used in the optimization process. The QP problem and the subjected inequality 

constraints were optimized to calculate the optimal solution for the predicted input 

control signal at each sampling time interval, the constraints were applied to limit the 

input control signal within the range of the required duty ratio. In the case study I, as was 

mentioned earlier; the dc-dc buck-boost converter was stable and linear, and the goal was 

to design the proposed controller to force the output voltage to keep tracking the 

reference signal at various levels in the presence of the previously mentioned problems. 

This change in the output level proves that the converter can be used in both the buck 

operation mode and the boost operation mode even with the change of values of the 

connected resistive load and at different prediction horizon intervals; this has been proved 

in the figures above. In case study II, the control system showed a high level of 

performance and robustness, and the results illustrated that the dc-dc buck converter 

driven dc-motor could be handled successfully by the MPC controller and the assisted the 

KF to perform a constant speed of the proposed system even with the effect of the load 

torque (input disturbance). The advantage of the KF was to assist the MPC controller in 

observing the unmeasurable states. Also, the system output signal response was fast 
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enough to reach the desired tracking trajectory, even with the presence of the input 

disturbance. 

  



50 

CHAPTER. FOUR 
 

ADAPTIVE MODEL PREDICTIVE CONTROL FOR DC-DC POWER CONVERTERS 
WITH PARAMETERS’ UNCERTAINTIES 

 
 
 

A system with nonlinear behaviors or its characteristics changing dramatically 

over time can cause a high level of degradation that cannot be handled with the 

conventional control systems since linearizing this system at one specific operating 

condition is not enough to predict the future behavior of this system accurately.  

The parameters’ uncertainties and the switching behavior of a dc-dc buck-boost 

converter can make the system strongly nonlinear, and its operating condition will vary 

over time. For this reason, the linearization at one operating condition is not precise to 

cover the converter’s operation range, but it needs to be linearized at multiple of the 

operating conditions to perform Linear Time-Invariant (LTI) models which create what is 

called a Linear Parameters-Varying (LPV). Due to these changes,  the Adaptive MPC-

LPV control approach was proposed due to its ability to update the prediction model 

plant and the operating conditions. With these updates, the controller remains constant 

over a prediction horizon at each control interval. To ensure the high robustness and 

quality of proposed control approach, it was implemented in a simulation environment as 

well as in a real-time environment using MATLAB Simulink and Arduino Mega 2560 

microcontroller, Also, the proposed control algorithm was compared with various control 

approaches in different operating sides. 

In this chapter, the AMPC-LPV control approach was implemented to control a 

dc-dc buck-boost converter which was: 
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• Linearized at different operating conditions to perform a set of LTI models; 

those models define a Linear Parameter-Varying (LPV) model. 

• Designed assuming that the uncertainty parameters were not  precisely known 

but they were bounded in a min-max range. 

• Applied constraints to limit the amplitude of the input control signal within a 

boundary of 0 and highest value of the duty cycle d. 

• Its performance tested at different prediction horizons.  

The AMPC control system for the proposed converter was implemented in real 

time using Arduino Mega 2560 microcontroller and it works well to provide the desired 

output voltage at different levels and in fast response.  

Note in this chapter:  

- The reg-MPC is donating to the standard MPC (un adaptive MPC). 

- The G.S.PI is donating the gain scheduling proportional integral control system. 

4.1 dc-dc Buck-Boost Dynamic System Design 

In this subsection, the dynamic analysis, and calculations for the proposed dc-dc 

buck-boost converter will be considered as previously analyzed and derived in the 

subsection (2.1.1) to illustrate the averaged model of the inductor current iL and output 

voltage vC (2.18) and (2.19). The parameters name and samples which will be used later 

are the 𝑉G for the input voltage, the SW represents the switching behavior of the 

MOSFET, 𝐿 for the inductor, 𝐝𝐢𝐨 for the diode, 𝐶 for the capacitor, rC and 𝑟𝐿 for the 

capacitor and inductor resistors, 𝑅 for the resistive load, 𝑇s is the sampling time, and d 

for the duty cycle [23], [24], and [27]. 
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4.2 Linear Parameter Varying (LPV) Modeling 

The LPV system is a function of time-varying variables (the scheduling 

parameters) that define the dynamics of a system model. The LPV is configured as an 

array of linear state space or linear time-invariant (LTI) systems whose coefficients are 

dependent on the change in parameters. One of the typical representations of the LPV 

system is that it can be defined as a grid-based LPV system depending on the scheduling 

parameters. At each node of the represented grid are the values of the scheduling 

parameters p, which describe each related LTI system and its operating condition 

information. The LPV uses the interpolation and extrapolation techniques to address the 

most accurate LTI system conflicted by the scheduling parameters. The grid based LPV 

is defined depending on the changes of the scheduling parameters as  a regular grid 

model and irregular grid model [38], [41], and [42]. 

 The regular grid LPV is formulated when the scheduling parameters p 

change monotonically over time. This type of LPV model contains multiple state-space 

models based on the combination values of the scheduling parameters p change linearly 

simultaneously as in Figure 4.1. 

  The irregular grid LPV is formulated if one or more of the scheduling 

parameters are missing or changing at different times, as presented in Figure  

Due to the switching behavior and the parameters’ uncertainties, the linearization 

process that was previously proposed in the subsection (2.3) was not precisely enough for 

such a system with full fluctuated parameters over time. Therefore, the linearization of 

the averaged model (2.18) and (2.19) was done multiple times considering the system 

scheduling parameters p(t) values changed randomly over time to generate a set of LTI 
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models (family of models) to create LPV system. The scheduling parameters can be 

represented as a scalar quantity or a vector of different variables to define an LPV model. 

In this work, the parameters’ values of the proposed dc-dc converter were not precisely 

known; they were assumed to vary within min/max boundaries. For that issue, the 

linearization process was conducted over a grid of operating points. Each operating space 

was a subset parametrized by the scheduling parameters’ values at a specific time.  Over 

time, these subsets became a family of linear time-invariant (LTI) arrays; this configured 

the grid-based LPV system. To this end, the proposed dc-dc buck-boost converter’s 

scheduling parameters were bounded in the representation as in the expression below: 

[38], [41], and [42]. 

R ∈ ൣR, R൧, Vg ∈ ൣVG, VG൧, L ∈ ൣL, L൧ and C ∈ ൣC, C൧            (4.1) 

 

 

 

Fig. 4.1 The Regular Grid for The LPV model 
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Fig. 4.2  The Irregular Grid for The LPV model  

 

 

The change in the scheduling parameters' values directly affects the LPV 

scheduled state-space matrices S୮ = (𝐀୮(p), 𝐁୮(p), 𝐂୮), the matrix 𝐂୮ is assumed 

known as in  (4.3). The nominal values for the plant inputs, states, and output are 

specified to go with its scheduled state-space matrices parallelly. Applying the 

interpolation and the extrapolation method to configure the most accurate LTI model and 

the corresponding operating points to update the proposed AMPC control system with the 

changes of the system pant model. To the aim for a discrete-time control design, the set 

linearized LTI models are discretized using the Zero Order Hold (ZOH) method at a 

sampling time Ts. Therefore, the discrete LPV system can be expressed as below: 

୶෤(୩ାଵ)ୀ𝐀𝐩(୮)൫୶෤(୩)൯ା𝐁౦(୮)൫୳෥(୩)൯

୷෥(୩)ୀ𝐂𝐩(୮)൫୶෤(୩)൯
                   (4.2) 
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Where k (k > 0) is the discrete time period, x෤(k) ∈  ℝଶ ୶ ଵ is the system states 

vector, u෤(k) ∈  ℝଵ୶ଵ is the control input (manipulated variable (MV)) , y෤(k) ∈  ℝଵ୶ଵ is 

the system measured outputs (MO). The 𝐀୮(p) ∈  ℝଶ × ଶ  𝐁୮(p) ∈  ℝଶ × ଵ and 𝐂୮ ∈

 ℝଵ × ଶ are the discrete time LPV scheduled state-space matrices depending on the 

scheduling parameters (p) [38], [41], and [42]. 

Due to the rank of the pair matrices (𝐀୮, and 𝐁୮) and the matrices (𝐀୮, and 𝐂୮) 

the system is controllable and observable. 

And the LPV scheduling matrices are represented: 

𝐀𝐩  =  ቌ
−

(ି୰ )(ୖା୰େ)ି(ୖ∗୰େ))ୈᇲ

୐(ୖା୰େ)
−

ୖୈᇲ

୐(ୖା୰େ)

ୖୈᇲ

େ(ୖା୰େ)

ିଵ

େ(ୖା୰େ)

ቍ

𝐁୮ = ቆ
୚ୋ

୐

0
ቇ

𝐂୮ = (0 1)

            (4.3) 

4.3 Control System Design 

As previously mentioned, the LPV model is comprised of LTI models that 

are linearized at various operating conditions, which can approximately describe 

the proposed converter working range. Therefore, the AMPC control system is the 

proposed control method to resolve these changes in the proposed plant model. To 

this end, the AMPC controller designed offline at the initial operating conditions 

using the system matrices (𝐀୮(0), 𝐁୮(0), 𝐂୮) which are considered fully known. 

Then, the implemented AMPC at the initials will be incremented at the run time 

based on the information from the LPV model and the converter feedback signals 

[23],[27], [38], [41], and [42]. 
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4.3.1 Adaptive Model Predictive Control (AMPC) Design 

Due to the characteristics of the system parameters, the system matrices keep changing 

over time. The AMPC is the perfect control approach due to its capability to update the 

prediction model and the operating conditions every sampling time. Once they are updated, 

they remain constant over a prediction horizon interval. The AMPC is an online 

optimization based using the QP optimization approach. This optimization is tuned based 

on the system measurements in real-time, and the scheduling parameters predictions. 

Since the cost function is a quadratic and the constraints are affine. The performing of 

the incremented optimization formula solved every time instant, formulated as below: 

minต
∆୳

       ∑ (y෤(k + m|k) − y୰୤(k + m))୘Q୶(y෤(k + m|k) −  y୰୤(k + m) +
୒୮ିଵ
୫ୀଵ

∑ ∆u෤(k + m)୘R୳∆u෤(k + m୒ୡିଵ
୫ୀ଴ )               (4.4a) 

୶෤(୩ା୫ାଵ|୩)ୀ𝐀𝐩(୮)൫୶෤(୩ା୫|୩)൯ା𝐁౦(୮)൫୳෥(୩ା୫|୩)൯

୷෥(୩ା୫ାଵ|୩)ୀ𝐂𝐩(୮)൫୶෤(୩ା୫ାଵ|୩)൯

୶෤(୩|୩)ୀ୶෤(୩)

୷౨౜(୩ା୒୰ା )ୀ୷౨౜(୩ା୒୰ାୱିଵ)

୫ୀ[଴,…,୒୮ିଵ]

ୱୀ[଴,…,୒୮ି୒୰ ]

            (4.4b) 

Where Np, Nc, and Nr are so-called the prediction horizon, the control horizon 

and the span of reference window, Q୶ and R୳ are the tracking error, and control input rate 

of change weighting matrices respectively. 

At the prediction time period m, The reference state vector x෤(k + m|k) is an 

incremental of the state vector x෤ at time k + m, depending on pre-known information at 



57 

time instant k. The input control sequence ∆u෤(k + m|k) is an incremented vector of the 

previous input control sequence u෤(k − 1), and  the output reference vector y୰୤(k + m), 

can be predicted in advance at time period m. Therefore, cost minimization of the 

problem (4.4) can be done using the quadratic programming (QP) which is redefined 

interims of the scheduled state-space matrices S୮ as below: 

minต
ஞ

          
ଵ

ଶ
ξ୘𝓗(p) ξ + Γ(k)୘ 𝓦(p)୘ ξ

     s. t.        G∅(k) ξ ≤ W∅(k) Γ(k) + 𝒮∅(k)

             (4.5) 

Where the ξ ∈ ℝ୬౩  is the optimization vector. The Γ(k) =

[x෤(k) y୰୤(k) u෤(k − 1)] is a vector of the variable parameters that change over time, 

and the matrices for the QP problem (4.5) are illustrated as below: 

𝓗(k) = ℳ൫p(k)൯
୘

Q୶ ℳ(p(k)) + R୳            (4.6a) 

𝓦(k) = ℳ൫p(k)൯
୘

Q୶ ℱ෨(p(k))             (4.6b)  

      Where the hessian matrix 𝓗 and the column vector 𝓦  are sequences of the 

optimal control inputs [43]-[46]. 

W∅(k) = ൮

I̅ 0 0 0
I̅ 0 0 0
I̅ ℱ(k) 0 0

I̅ −ℱ(k) 0 0

൲ , 𝒮∅(k) =

⎝

⎛

−U௠௜௡(k)

U୫ୟ୶(k)

−Y୫୧୬(k)

Y୫ୟ୶(k) ⎠

⎞

 ℱ୮
෪(k) = ℱ୮(k)

⎝

⎛

I൫୬౯ × ଵ൯ 0 … 0
… … … …

0 … 0 I൫୬౯ × ଵ൯

0 … 0 I൫ ୬౯(୒୮ି୒୰)×ଵ൯⎠

⎞ , G∅(k) =

⎝

⎜
⎛

−γ(k)

γ(k)

−ℳ୮(k)

ℳ୮(k)
⎠

⎟
⎞

 

                       (4.7) 
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ℱ୮(k) =

⎝

⎜
⎛

𝐂୮
෪(k)𝐀୮

෪ (k)

𝐂୮
෪(k)𝐀෩୮

ଶ (k)

⋮

𝐂୮
෪(k)𝐀෩୮

୒୮ 
(k)⎠

⎟
⎞

, γ(k) = ൮

I̅ 0 0 … 0
I̅ I̅ 0 … 0

⋯ ⋯ ⋯ ⋯ 0
I̅ I̅ I̅ … I̅

൲

ℳ୮(k) =

⎝

⎜
⎛

𝐂୮(k)෫ 𝐁୮୳(k)෫ 0 … 0

𝐂୮
෪(k)𝐀୮(k)෫ 𝐁୮୳(k)෫ 𝐂୮

෪(k)𝐁୮୳
෪ (k) … 0

⋮ ⋮ ⋱ ⋮

𝐂୮
෪(k)𝐀෩୮

୒୮ିଵ
(k)𝐁୮୳

෪ (k) 𝐂୮
෪𝐀෩୮

୒୮ିଶ
(k)𝐁୮୳

෪ (k) … 𝐂୮
෪(k)𝐁୮୳

෪ (k)⎠

⎟
⎞

 

                      (4.8) 

Where is the I̅ ∈ ℝ୬౫×௡ೠ, and the input and output constraints are illustrated as 

below 

U୫୧୬(k) = ቌ
u୫୧୬(k)

⋮
u୫୧୬(k + Nc − 1)

ቍ ,   U୫ୟ୶(k) = ൭
u୫ୟ୶(k)

⋮
u୫ୟ୶(k + Nc − 1)

൱

Y୫ୟ୬(k) = ቌ
y୫୧୬(k)

⋮
y୫୧୬(k + Np − 1)

ቍ ,   Y୫ୟ୶(k) = ൭
y୫ୟ୶(k)

⋮
y୫ୟ୶(k + Np − 1)

൱

       (4.9) 

And 

Q୶ = diag൫Q୶(k), … , Q୶(Np − 1)൯

R୳ = diag൫R୳(k), … , R୳(Nc − 1)൯
             (4.10) 

The prediction for the future refence of the scheduling parameters is computed by 

considering the pre-known information about the optimization vector, which is solved at 

k − 1 iteration over a prediction horizon Np. Thus, the AMPC process solves the 

optimization problem using the predicted scheduling parameters reference which keeps 

the objective QP cost function and the subjected constraints updated every time instant k . 

Since the LPV was stated with the scheduling parameters directly affecting the system 

dynamics and the input control signal manipulated by the AMPC process, the 
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approximate relationship between the LPV scheduled state-space matrices and the control 

signals can be defined in a linear state equation (4.11). 

Therefore, iterating the discrete time LPV scheduled state space matrices S୮ =

൫𝐀୮, 𝐁୮, 𝐂୮൯ used to predict the scheduling parameters reference, and keep the AMPC 

parameters updated every time instant k over a prediction horizon Np [43]-[46]. 

∆X୮
෪ (k|k) = ℱ୮X୮

෪(k) + ℳ୮∆U(k)            (4.11) 

Where the predicted future state vector ∆X୮
෪ (k), the future input control sequence 

∆U(k) are the LTI vector based on the scheduling parameters S୮ are incremented at each 

time instant k over a prediction horizon Np as below 

∆X୮
෪ (k) = ൣ∆X୮

෪ (k + 1), … , ∆X୮
෪ (k + Np|k) ൧

୘  
       (4.12a) 

∆U(k) = [∆u(k|k), … , ∆u(k + Nc − 1|k)]୘        (4.12b) 

And the matrices ℳ୮ and ℱ୮ are computed in (4.8) which are defined by the 

scheduling parameters state matrices S୮. 

By incrementing the expression (4.11), the prediction of the scheduling 

parameters is estimated to keep the AMPC optimization of the proposed objective cost 

function, and the constraints (4.5) updated each time instant k over the considered 

prediction horizon Np.  

To get the QP problem's (4.5) solved instantly over a prediction horizon interval, 

the scheduling parameters reference need to be defined, and the LPV scheduled state-

space matrices calculated as below [43]-[46], [51], and [52]. 

S୮(k + i) = ቐ

S୮(k|k)             if i = 0

S୮(k + i|k)                 if 0 < i ≤ Np

S୮(k + Np|k)            Otherwise

        (4.13) 
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 The AMPC algorithm constructed as below [43] and [46]: 

Pre-known the input control sequence U(k|k-1), the plant state vector 
x୮෦(k), the predicted state vector X୮

෪(k), the plant output y෤(k), the 
implemented set of the LPV model, the prediction matrices ℳ୮, ℱ୮  
1)   U(k|k − 1) → u(k − 1);                               control signal 

2)   ቀx୮(k), y୰୤(k), u(k − 1)ቁ → Γ(k);     variable parameters vector  

3)    X୮
෪(k|k − 1) = ℱ୮(k)X୮

෪(k) + ℳ୮(k)∆U(k|k − 1);  

state space vector trajectory 

4) 𝐟𝐨𝐫 m = m: Np − 1 

5) 𝐢𝐟    m = 0 then  S୮(k) = S୮(p(k)); 

6) Elseif  m ≤ Np − 1 then  S୮(k) = (p(k + m|k − 1); 

7) Else      S୮(k) = S୮(p(k + Np − 1|k − 1); 

Looping for LPV scheduling state space information  

8) 𝐄𝐧𝐝 𝐢𝐟; 𝐄𝐧𝐝 𝐢𝐟; 𝐄𝐧𝐝 𝐟𝐨𝐫; 

9) 𝓗(𝐤) = ℳ(k)୘Q୶(k)ℳ(k) + R୳(k)  

10) 𝓦(𝐤) = ℳ(k)𝐓𝐐𝐱(k)ℱ(k) 

11) G∅(k) = G∅൫S୮(p(k)), … , S୮(p(k + Np))൯ 

12) W∅(k) = W∅൫S୮(p(k)), … , S୮(p(k + Np))൯  

13) 
z∗ :    minต

ஞ

          
ଵ

ଶ
ξ୘𝓗(p) ξ + Γ(k)୘ 𝓦(p)୘ ξ

s. t.        G∅(k) ξ ≤ W∅(k) Γ(k) + 𝒮∅(k)

𝑄𝑃 and constraints 

14) ξ∗  → ∆U(k) the incremented vector for the control signal 

15) U(k) = U(k − 1) + ∆U(k);   optimal solution for input control signal  

Output: Only the first element of the predicted control signal U(k)    
applied to the system  
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4.4 Simulation and Experiment 

As aimed in this chapter, the proposed dc-dc buck-boost converter is designed 

based on the values of the parameters, which are illustrated in Table 4.1. The variety in 

the L, C, VG, and R parameters lead to create multiple system models, each model 

different than the others. Therefore, to cover this variety, these models implemented and 

linearized at the operating points associated with it, as it is computed in subsection 2.3. 

Thus, the system with such multiple models can hardly be controlled using a regular 

control scheme. Therefore, the AMPC, reg-MPC and G.S-PI are implemented to test their 

performances against such a system with parameters’ uncertainties.   

 

 

Table 4.1. Parameters Value for the Converter for simulation model 
 

Parameters Nominal Value Variations 

Input voltage           VG 5   V -/+ 20% 

Inductor                    L 100 uH -10/+ 90% 

Inductor resistive      rL  0.1 Ω 0% 

Capacitor                  C 220 uF -10/+ 90% 

Capacitor resistive   rC 0.1 Ω 0% 

Resistive Load          R 1 KΩ -/+ 20% 

Switching frequency fs 25 kHz 0% 

Duty cycle                 d calculated 0% 

Sampling time          Ts 0.00004 sec 0% 

 

 



62 

Fig. 4.3a and b illustrate the closed loop system for the dc-dc buck-boost 

converter, which is a single-input and single-output (SISO) control system. The input 

control signal u෤ = d෨ is the manipulated variable (MV) and the system output is the 

capacitor voltage VC which is a measured output (OU) signal. As mentioned above, the 

goal is to design linear control systems capable of  handling the dc-dc converter with the 

parameters’ uncertainties. The closed loop of reg-MPC is designed without the use of the 

LPV model and it is designed using the nominal plant model. But in the running time, the 

converter will be influenced by the change in the parameter’s values. The AMPC 

controller is designed offline with a one system model at the initial condition values as 

we did in the reg-MPC design. Then at the running time, the AMPC keeps updating its 

prediction model and calculating the objective cost function online using the information 

coming from the LPV model and the converter’s feedback signal to match the changes in 

the system parameters. Both the reg-MPC and the AMPC are proposed to handle the 

inequality constraints applied to the input control signal U. The prediction horizon Np is 

varied to test their effectiveness on the system performance and outputs. The weighting 

matrices Q୶ and R୳  are valued as follow: 

Q୶ = diag[1, … ,1],          R୳ = diag[1, … ,1]          (4.14) 

Also, the Gain Scheduling proportional and integral (G.S-PI) control system was 

considered to test its robustness and performance against the uncertainties of the 

parameters in the proposed dc-dc buck-boost converter. In the design of the G.S-PI 

controller, the lock-up tables were used to store the P and I gains that were calculated 

offline for every linearized model of the proposed dc-dc buck-boost converter. Fig. 4.3c 

shows the G.S-PI buck-boost converter's closed-loop control system structure using the 
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look-up tables. The result and outputs of this control system were compared with the 

implemented reg-MPC and AMPC control systems. 

The projected reg-MPC, AMPC and G.S-PI for the proposed dc-dc buck-boost 

converter was simulated using the MATLAB and SIMULINK environment (version R-

2020B) which are carried out on a laptop computer with CORE i7 1.8GHz CPU, 16 GB 

RAM, and a WINDOWS 10 professional operating system. This control system scheme 

was designed using the MPC, the AMPC, the lock-up table, the PID, and the LPV models 

in Simulink Toolboxes.  

 

 

 

Fig 4.3(a). the reg-MPC for the dc-dc buck-boost converter control system. 

 

 

 
 
 



64 

 

 

Fig 4.3(b). the AMPC and dc-dc buck-boost converter closed loop control system,  
including the LPV model 
 

 

 

Fig 4.3(c). the G.S-PI and dc-dc buck-boost converter closed loop control 
 system. 

 

 

4.4.1 Simulation Analysis and Results 

As it is proposed, the dc-dc buck-boost  converter was implemented with 

parameters R, L, C and VG varied over time. Therefore, the three proposed control systems 
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were implemented to test their performance and robustness  against these variants. 

Figure. 4.4 (X, Y, and Z) show the values of the input voltage VG in a range between 

minimum 4.27V and maximum 5.89V, a resistive load R minimum value of 0.994 K 

Ohms and maximum value of 1.169 K Ohms, a inductor L ranged between 9.66e-5 H and 

maximum 147e-6 H, and a capacitor C valued between 234e-6 F to 401e-6 F. 

Figures. 4.5 and 4.6 show the performance of the reg-MPC and the AMPC when 

the prediction horizon was valued at Np= 10 and Np =100 respectively, the control 

horizon Nc=3, and the weighting matrices Q୶ and R୳ are valued as in the equation (4.14). 

The G.S-PI controller’s gains listed in the Table. 4.2. 

 

 

Table 4.2. shows the calculated gains for the G.S-PI controller 

Time 0 − 0.3 0.3-0.5 0.5-0.7 0.7-0.9 0.9 − 1 

Kp -1.25e-5 -1.31e-5 -1.43e-5 -1.80e-5 -1.86e-5 

Ki -0.625 -0.653 -0.716 -0.898 -0.931 

 

 

Figures . 4.5a and 4.6d represent the targeted control systems’ input control signal 

U and the applied constraints to the AMPC and the reg-MPC controllers. Figure. 4.5b 

shows the AMPC, and the reg-MPC controllers were easily guided the dc-dc converter 

output voltage very fast to track the reference signal (Vrf) with an overshoot percentage 

of 50% in the AMPC and 30% in the reg-MPC; however, the G.S-PI was performing 

butter with no overshooting but responding very slow to reach the desired output voltage 
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level, this is in the first time period from 0 to 0.3 sec. In the time period between 0.6 sec 

to 0.8 sec, although the converter parameters changed with high values, all the controllers 

performed well with a tiny percentage of steady state error. Fig. 4.5c shows the inductor 

current iL, which is considered an unmeasured output signal. Although it starts with some 

oscillations at each time period, they get to the stability quickly; this is the performance 

of the AMPC and the reg-MPC controllers. On the other hand, no oscillations in the 

inductor current iL performed by the G.S-PI control system. More details listed in the 

Table. 4.3. 

 

 

Table 4.3. shows the output voltage VC percentage steady state error (Eୱୱ), overshoot 
(Oୗ), and settling time (sT) 
 

     Time   

 

0 to 0.3 sec 0.6 to 0.8 sec 

Eୱୱ % Oୗ % sT sec Eୱୱ % Oୗ % 

AMPC 0 50  0.008 0  0 

reg-MPC 0 30  0.004 3 0  

G.S-PI 0.5 0 0.1 2.5 0 

 

 

The performance of the AMPC and reg-MPC changed because of the change in 

the predictions horizon value Np=100. There was no change in the G.S-PI controller 

performance since the same gains were used for the same parameters’ values. In Fig. 

4.6e, despite a slight overshooting of 3%, the AMPC was able to force the output voltage 
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VC to reach the steady-state condition at the desired value in a very fast time. Although 

the parameters' values in the proposed dc-dc converter are varied, the AMPC shows high 

flexibility to pick the suitable LTI array from the LPV model, which matches these 

changes in the converter's parameters each time. The same figure shows the reg-MPC 

performed poorly to track the reference signal Vrf.  It performed with a high amount of a 

steady-state error about 25% in the period between 0 sec to 0.3 sec, and its performance 

became worse with the change in converter  

parameters. Also, the performance of the G.S-PI controller is well, but in the 

period between 0.6 sec to 0.8, the output voltage has some steady-state error of 2.5%. 

More details can be found in TABLE. 4.4. Figure. 4.6f shows the inductor current, which 

is considered as an unmeasured output signal. Although it starts with some oscillations, it 

got stable quickly; this is in AMPC and reg-MPC controllers’ performance, and no 

oscillations in the G.S-PI controller performance. 

 

 

Table 4.4. shows the output voltage VC percentage steady state error (Eୱୱ) overshoot (Oୗ) 
and settling time (sT)   
 

Time  

 

0 to 0.3 sec 0.6 to 0.8 sec 

Eୱୱ % Oୗ % sTsec Eୱୱ % Oୗ % 

AMPC 0 3  0.004 0  0 

reg-MPC 25 0  0.004 27 0  

G.S-PI 0.5 0 0.1 2.5 0 
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Fig 4.4 X) for the input voltage (VG),  Y) for the resistive load (R) values, and 
Z) for the values of the inductor (L) and the capacitor (C)  

 

X 

Y 

Z 
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Fig 4.5 (a, b, and c) show the control signal (U), the reference voltage (Vrf),  
the closed loop system output voltage (VC), and the inductor current (iL) for all 
targeted control systems 
 

a 

b 

c 



70 

 

 

 

 

Fig 4.6 ( d, e, and f) show the control signal (U), the reference voltage (Vrf), 
the closed loop system output voltage (VC), and the inductor current (iL) for all 
targeted control systems.  

 

d 

e 

f 

Time [s] 
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4.4.2 Comparison with Other Existing Control Approaches 

In this sub-section, the proposed AMPC control system is compared with the 

offset free finite set MPC (OFFS-MPC) control algorithm [49] in terms of the steady state 

error, the percentage overshoot, and the settling time. Despite the OFFCS-MPC shows 

high robustness and performances in terms of the settling time around 2 ms, the 

percentage of the voltage overshooting less than 1%, and smoothly tracking the reference 

voltage signal with 0% steady state error percentage, the impacts of the value changes in 

the resistive load, the inductor, the capacitor, and the input voltage when they all happen 

at the same time have not been shown. On the other hand, although the proposed AMPC 

control scheme relatively has a slower response and higher voltage overshooting, its 

performance remains very well although all the system parameters, including the input 

voltage VG and the resistive load R have a high percentage of uncertainties applied at the 

same time. In terms of the inductor current iL, the OFFCS-MPC system obviously has no 

control over it. Therefore, the iL is highly impacted by the uncertainties in the system 

parameters. In contrast, although the inductor current iL is counted as an unmeasured 

output signal in the proposed AMPC control system, the stability in the output voltage VC 

positively affected the inductor current iL performance.  

Also, the proposed AMPC control system was compared with some existing MPC 

control algorithms. The comparison was in the number of the iterations at different 

prediction horizons Np=10 to 30 increased by 10. The max-iteration was set to 1000, and 

the terminal tolerance was 0.001. the proposed AMPC control system compared with the 

online active set solver (qpOASES) algorithm [47], and the Accelerated Dual Gradient 

Projection (GPAD) algorithm [48] as detailed in the Table. 4.5. 
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Table 4.5. shows the number of iterations at different prediction horizons.  
 

Algorithms 
Np=10 Np=20 Np=30 

Min Max M Max Min Max 

AMPC 1 8 1 7 1 7 

qpOASES 2 12 11 20 21 35 

GPAD 1 17 1 26 1 37 

 

 

From Table. 4.5, the AMPC has the lowest numbers of the maximum iterations 

between 7 to 8 iterations. On the other hand, the compared control algorithms' iteration 

numbers increased as the prediction horizon Np was increased.    

Another side of the comparison is in regards to the hardware cost, which was 

done with two of the MPC algorithms that exist in the literature. As mentioned above, the 

proposed AMPC control system was implemented in real-time using Arduino Mega 

2560, which costs about $15 based on the price from the Amazon website [50]. In 

contrast, the algorithms in the references [25] and [49] were implemented on relatively 

high priced hardware systems. That concludes that the proposed AMPC optimization 

process does not require a heavy computation burden, which can be carried on a simple 

microprocessor such as the Arduino Mega 2560. 
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4.4.3 Real Time Experiment and Results 

The AMPC and LPV control system for the dc-dc buck-boost converter was 

implemented and built on an Arduino Mega microcontroller, which is an ATmega 2560 

CPU, with 54 digital input/output, 16 analog inputs. Also, it is provided with 256 bytes 

flash memory size for the code storage and CPU clock speed of 16MHZ. The proposed 

real time control system was coded and implemented using the MATLAB, SIMULINK 

2020B and the ARDUINO support packages. Fig. 4.7 and 4.8 show the real-time closed 

loop control system and the toolboxes that were used to build  the connectivity between 

the implemented Simulink model to the Arduino Mega and the real-time dc-dc buck-

boost converter circuit. 

There were four signals fed to the Simulink model from the external via the 

Arduino analog blocks and one signal sent to the dc-dc buck-boost converter through the 

Arduino PWM block. These signals are the feedback voltage, feedback current, reference 

voltage, input voltage, and the control signal U. The feedback voltage and current signals 

were measured and fed back from the converter. The reference voltage Vrf was measured 

and fed from a separate DC voltage source, and the input voltage signal came from a DC 

voltage source. The control signal U sent as a PWM signal to the dc-dc buck-boost 

converter as they can be seen in Fig. 4.7 and 4.8. 

The dc-dc buck-boost circuit was built on a breadboard with components values, L =

100 uH for the inductor, the capacitor C=1000 uF, resistive load R= 0.9 to 1.2 K Ohm, and 

the input voltage VG=5 V DC. Since the Arduino cannot read the negative voltage values, 

an inverting operation amplifier (op-amp) was built to invert the proposed converter 

negative output voltage and fed to the Arduino using the ACS712 Module voltage and 
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current sensor. Figures.10-12 represent the output of the proposed AMPC for the dc-dc 

buck-boost converter closed-loop control system, measured by the oscilloscope over the 

channels numbered 1 and 2. Channel 1 (blue) is the output voltage, and channel 2 (purple) 

is the reference voltage signals. As shown in Figures. 10-12, the controller works very well 

to track the reference signal Vrf. In Figure. 10, the input voltage VG was set to 5V DC, and 

the reference signal was Vrf= 9.2V. The output voltage was fast in reaching the steady-

state condition in about 3 sec and the rise time RT of 1.4 sec with some steady-state errors 

Eୱୱ of approximately 11.9%.  Also, the proposed control system robustness was tested 

against the sudden changes in the resistive load.  

During the running time, the resistive load was changed from 0.9 to 1.2 K Ohms. The 

output was well maintained to be kept at the desired output; although the load was changed 

suddenly, the AMPC control system inquired about 1.9 sec to bring the output voltage 

signal back to the 7.16V as it can be seen in Fig. 4.10. The load in Fig. 4.11 was changed 

from 0.9K Ohms to 1K Ohm, and the control system was very well responded. It takes 

about 2.4 sec to bring the output back to the desired output voltage. The output voltage 

range was limited up to 10 volts maximum that was due to the op amp range which limited 

to 10 DC volt; however, the system without the op amp can go up to -25V DC. 
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Fig 4.7. The Simulink model of the AMPC and LPV control system for the dc-
dc buck-boost converter   

 

 

 

Fig 4.8. The Real time experiment for the closed loop AMPC and LPV for the dc-dc  
buck-boost converter 
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Fig 4.9. Shows the output voltage (VC=8.1V) when the Reference voltage  
(Vrf =9.2V), the Input voltage (Vin=5V) and Resistive load R=1k ohms 

 

 

 

Fig 4.10. Shows the output voltage (VC=7.16V) when the Reference voltage  
(Vrf =7.16V), the Input voltage (Vin=5V) and Resistive load R=1k ohms to 1.2k 
Ohms 
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Fig 4.11. Shows the output voltage (VC=7.18V) when the Reference voltage 
(Vrf =7.16V), the Input voltage (Vin=5V) and Resistive load R=0.9k ohms to 1k 
Ohms. 

 

 

4.5 CHAPTER CONCLUSION 

In this chapter, the proposed AMPC-LPV control system was implemented to 

control the output voltage of a dc-dc buck-boost converter system model. The proposed 

system model was built out of parameters with not precisely known values; they were 

assumed with +/-20% uncertainties. Due to the switching behaviors and the parameters’ 

uncertainties, this system was strongly nonlinear; thus, it needed a control system that 

could be updated to successfully carry out these changes in which the AMPC was the 

best control system used. Since the AMPC is a linear control system, the system was 

linearized multiple times at various operating conditions to create the LPV system. The 

implemented control system was tested in simulation and in real-time environments using 
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the MATLAB, Simulink software, and Arduino microcontroller. The proposed control 

system outputs were compared with different control system schemes. Also, the 

comparison was in regards to the computational time in which the proposed control 

system revealed higher performance against some of the existing control systems in the 

literate. The performance of the proposed system showed high quality to handle the 

system with a higher level of nonlinearity caused by the switching behaviors and the 

parameters’ uncertainties.      
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CHAPTER. FIVE 
 

CONCLUSION AND FUTURE WORK 
 
 
 

5.1 The Conclusion 

This dissertation investigated the implementation of the Model Predictive Control 

system in different approaches that could control the dc-dc power converter and the 

power industrial applications. In the first control approach, the implemented control 

system was designed with a discrete linear system of the proposed dc-dc buck-boost 

converter, where all of the system and the control system parameters are known and no 

noise or disturbances were added to the system. The goal of this control approach was to 

maintain a constant output voltage of the proposed dc-dc converter. Since the MPC 

control system is an optimization-based technique, the quadratic programming (QP) 

problem, which was subjected to linear inequality constraints, was proposed to minimize 

the error in the input control signal (U) which was iterated to reduce the error between the 

converter output and the desired reference signal r(k). It is evident from the result figures 

that the system performed very well in terms of the overshooting; it was only between 

0.96% and 1.2% in the worst-case scenarios. Also, the converter worked as required in 

case of buck or boost operations, the simulation outputs showed the fast response of the 

system when the reference voltage was 60Vsame performance when the required output 

was 10V.  

In the second case study of the control design, the proposed plant model of the dc-

dc buck converter-driven dc-motor was mathematically calculated as a discrete-time 

linear MISO state-space system. The input signals of the proposed plant system were 
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considered as the input control signal (the manipulated input signal) and the dc motor 

load torque as an input disturbance (unmeasured disturbance), and the goal was to control 

the speed of the proposed dc motor even with the load torque disturbance. The same 

linear MPC approach was associated with a Kalman filter observer to assist the MPC 

control system estimate the system states when the load torque disturbance was added to 

the dc motor. Again, the optimization of the MPC control system was done by 

considering solving the QP problem subjected to an inequality constraint applied to the 

input control signal. The control system performance was tested at different values of the 

prediction horizon; also, the robustness of the control system design, with the assistant of 

the Kalman Filter Observer, was approved when different load torque values were added 

to the dc motor. The experimental results of the dc-dc buck converter driven dc-motor 

also approved that the dc-dc buck converter was highly successful in reducing the power 

consumption to derive. As shown in the figures, the proposed dc motor, the needed 

voltage, and current were about ~22 V and ~  3.4A at the steady-state condition; this is 

when the highest load torque value was added.  

In Chapter 4, the proposed control system was projected to control a system with 

higher level of the parameters uncertainties. The proposed dc-dc buck-boost converter 

was assumed that it supplied from an unsustainable input voltage source VG, and the 

other parameters the inductor L, the Capacitor C and the Resistive R were not precisely 

known but their values fluctuated in +/- 20% range of uncertainties. These uncertainties,  

and the dc-dc converter’s original switching behaviors, made it act as a nonlinear system 

model. Therefore, a linear AMPC control scheme was applied to such a nonlinear system; 

the proposed plant model linearized at different operating conditions to create a set of 
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LTI models covering the proposed dc-dc converter working range. A discrete LPV model 

was then modeled as an array of state-space models representing this converter system’s 

varying dynamics based on the scheduling parameters. For this reason, the AMPC was 

chosen because of its online optimization and the ability to update its prediction model 

based on the changes in the plant model and the operating conditions. The AMPC 

continues updating its predicted plant model and the operating conditions over a 

prediction horizon to maintain constant output values tracking the applied reference 

signal. The performance of proposed AMPC control approach was compared in terms of 

the performance with some of the existed MPC approaches [47]-[49]. Also, the proposed 

AMPC results and outputs were compared with the results of designed reg-MPC and G.S-

PI control systems, which were modeled without using the LPV model. Then, the AMPC 

algorithm was implemented in real-time using an Arduino Mega 2560 microcontroller.  

Finally, in summary, the linear MPC for linear power electronics and applications 

plant systems is a perfect control approach, even if the plant system is affected by any 

type of disturbance. Also, the proposed AMPC control algorithm highly performed in 

terms of the system outputs quality even if a system with uncertainties; its real-time 

optimization requires relatively low computational burden, and the used hardware is 

cheap in price, which can be simply implemented at a simple laboratory using MATLAB 

and Simulink built-in functions and toolboxes, and the Simulink Arduino support 

packages.   

5.2 Future work 

1. Implementing the MPC controller with different types of the QP 

 optimization problems for higher order dc-dc power converters. 
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2. Implementing the AMPC-LPV control system for a MIMO plant model and 

build it in the real time environment such as the Field Programmable Gate Array (FPGA). 

3. Implementing the AMPC-LPV to work with the renewable energy systems, 

such as the Solar Photo Voltic power system or the Wind Turbine Power system. 

4. Consider modelling the dc-dc power converter in a nonlinear modeling 

including different types of the disturbances using the Nonlinear MPC control scheme.  
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