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Abstract

This dissertation develops novel solutions for Finite-Control-Set Model Predictive Con-

trol (FCS-MPC) applied to DC-DC power electronic converters. While MPC has shown

promise in diverse power electronics applications, its wider adoption is often hindered by

two critical challenges: high computational intensity and limited robustness against system

variations. This research directly confronts these issues through a multi-faceted approach.

First, to address the computational bottleneck, a novel FPGA-based hardware acceler-

ation framework is developed, enabling real-time, embedded FCS-MPC operation for power

electronics control. This foundational work facilitates the implementation of advanced con-

trol algorithms. Subsequently, a unified MPC strategy is introduced to simultaneously reg-

ulate both output voltage and inductor current within a single control loop. To enhance the

robustness of this controller towards variations, two distinct strategies are proposed: one

employing an online adaptive weighting factor to dynamically adjust control priorities, and

another utilizing a re-formulated cost function for implicit current regulation.

The effectiveness and practical viability of all proposed methods are rigorously confirmed

through extensive simulation and experimental validation.
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Chapter 1

Introduction

Over the past few decades, the field of power electronic converters and motor drive

control technologies has witnessed remarkable progress, significantly influencing a broad

spectrum of modern applications. These applications span across various sectors such as

renewable energy systems, communication infrastructures, and transportation networks, all

of which increasingly depend on efficient and reliable power conversion and control systems.

Within this expansive domain, converter control methodologies have emerged as one of the

most actively researched areas in power electronics. This research encompasses a wide range

of converter topologies designed to operate at low, medium, and high power levels, reflecting

the diverse demands of modern electrical systems [1].

The design and development of control strategies for power converters have been com-

prehensive, involving the integration of classical linear control methods with modulation

strategies, such as pulse width modulation (PWM). At the same time, researchers have

explored advanced nonlinear control techniques to further improve system performance, ro-

bustness, and efficiency [2]. These efforts have resulted in a wide array of control approaches,

tailored to meet the specific needs of various power conversion applications.

This evolution has been strongly supported by continuous advancements in digital sig-

nal processing (DSP) and embedded hardware technologies, which have opened the door

to real-time implementation of sophisticated control algorithms. As a result, a variety of

intelligent and adaptive control strategies—such as fuzzy logic control, adaptive control,

sliding mode control, and model predictive control (MPC)—have been successfully applied

in power electronics systems [3, 4, 5]. Among these, predictive control methods stand out

for their forward-looking nature: they estimate future system behavior and select control
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actions based on predicted outcomes. A specific type of predictive controller, known as dead-

beat control, eliminates the need for conventional feedback loops by directly computing the

required control inputs from a system model to bring the state to its reference in minimum

time [6].

Model Predictive Control (MPC) offers another powerful framework, relying on a math-

ematical model of the system to predict its future states over a finite horizon [7]. The

architecture of general MPC for power electronic converters is shown in the Fig.1.1.

Within this architecture, a predictive model is crucial for forecasting the system’s future

behavior based on collected data from the physical system. Various methodologies exist for

developing this model, primarily falling into physics-based and data-driven approaches [8, 9].

To project further into the future, the predictive model can be executed iteratively over

multiple steps. For instance, as illustrated in Fig.1.1, the model might run N times to

predict system behavior across an N-step prediction horizon.

Subsequently, these predicted system behaviors are fed into a cost function module.

This cost function serves to mathematically quantify control objectives, such as minimizing

errors, control effort, or switching frequency. By evaluating different potential sequences of

control actions over the prediction horizon N, the controller selects the sequence that yields

the minimum cost. Model Predictive Control enhances robustness and flexibility through its

receding horizon policy [10]. Instead of implementing the entire calculated control sequence,

only the initial control action of the optimal sequence is applied to the system.

MPC was initially developed for use in the process control industry, where it proved to

be highly effective in managing systems characterized by nonlinear behavior, multiple inputs

and outputs, and complex operating constraints [11]. Given its natural compatibility with

discrete-time operation and its capacity to manage constraints, MPC has since been widely

adapted for power electronics. It has demonstrated its effectiveness in numerous applications,

including electric drives, static synchronous compensators (STATCOMs), high-voltage direct

2



Figure 1.1: Block diagram of MPC for power electronic converters.

current (HVDC) transmission systems, and flexible alternating current transmission systems

(FACTS), among others [12].

MPC has gained significant traction in power electronics over the past decade. Its

ability to handle multiple variables and constraints intuitively, despite a high computational

burden, makes it a powerful alternative to traditional linear controllers. Researchers have

applied MPC across various power conversion systems –from grid-connected inverters and

multilevel converters to motor drives and renewable energy interfaces.

In this introduction, key developments in MPC for power electronics is summarized and

organized by major application areas. For each area, core MPC methods and contributions

are outlined, and benefits and limitations are discussed in context, and notable trends over

time are highlighted.

1.1 Power Converters and Inverters

Power converters (including DC-AC inverters and DC-DC converters) have been an

active testbed for MPC techniques. Early works demonstrated that MPC could directly

control converter switching to regulate currents and voltages with fast dynamic response
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and constraint enforcement [13]. A seminal example is the predictive control of an Active

Front End (AFE) rectifier, where MPC achieved tight DC voltage control and power factor

correction by optimizing the converter’s switching state each sample instant [14]. The

ability to handle multi-variable control objectives (e.g. current tracking and neutral-point

balancing in multilevel converters) via a single cost function is a core advantage of MPC

[15]. For instance, in Modular Multilevel Converters (MMCs), MPC naturally manages

capacitor voltage balancing alongside output current control [15]. Researchers have noted

that multiple control objectives are achieved easily through the MPC cost function, without

requiring cascaded loops [15].

In converter applications, MPC offers fast transient response and intuitive multi-objective

control. It can minimize error and transient overshoot in one control step, often outperform-

ing PID regulators in dynamic scenarios [16]. MPC can also explicitly handle constraints such

as current limits or voltage bounds, enhancing system protection. Notably, finite-control-set

MPC (FCS-MPC) –where the controller directly selects among discrete switching states –
has been favored in power converters for its simplicity (no modulator needed) [16]. This ap-

proach has shown excellent performance in tracking references and balancing internal states

(e.g. capacitor voltages in multilevel inverters) even under fast-changing conditions.

Key challenges for MPC in converters include the need for an accurate model and the

computational complexity of online optimization [17]. Evaluating a cost for all possible

switching states (which grows combinatorially in multilevel converters) can tax digital con-

trollers, especially at high switching frequencies [18]. Furthermore, basic FCS-MPC results

in a variable switching frequency, since the optimal switch choice may change erratically,

potentially causing uneven spectra and higher filtering requirements [19]. Another practical

issue is tuning the cost function weights when multiple objectives (e.g. current error vs.

voltage balancing) are present [20]. Over the decade, researchers addressed these issues by

proposing modulated MPC and longer-horizon MPC. In modulated or continuous-control

MPC, a PWM modulator is used with the MPC law to ensure a fixed switching frequency
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[21]. For example, Moon et al. (2017) combined MPC with space-vector modulation to

significantly reduce current ripple in a grid-tied inverter while lowering computational load

[22]. Meanwhile, long-horizon MPC techniques were introduced to improve steady-state be-

havior: by optimizing over multiple future steps (using algorithms like sphere decoding to

limit complexity), these approaches achieved lower harmonic distortion and more predictable

switching patterns at the cost of higher computation [23]. Overall, the trend has been to

make MPC more practical for industry by taming its computational demands and irregular

switching; this is evidenced by many works on simplified algorithms, parallel processing, and

weight auto-tuning in the late 2010s.

Early demonstrations around 2010 applied MPC to two-level converters and simple

loads, proving feasibility. Over time, focus shifted to high-power and complex converters

(e.g. multilevel NPC, flying capacitor, MMC) where MPC’s multi-variable strength is most

needed. By the mid-2010s, numerous papers addressed MMC control via MPC, culminating

in overview studies that cataloged challenges (model accuracy, computation, weighting) and

proposed remedies [24]. There has also been a clear trend toward hybrid strategies –such as

incorporating PWM, using multi-step prediction horizons, or adopting adaptive sampling –to
improve the trade-off between dynamic performance and switching losses. For grid-connected

inverters, recent research emphasizes ensuring grid code compliance (e.g. low THD, fast

fault response) using MPC. For example, Alharbi et al. (2025) review how MPC-based PV

inverters can be designed for stability and compliance, noting that continuous-control MPC

can maintain a fixed switching frequency but requires careful design of the modulator and

inner loops [14]. In summary, the last decade saw MPC evolve from an academic concept to

a maturing control option for converters, with ongoing improvements targeting its remaining

limitations.
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1.2 Electric Drives (Motor Control)

Electric motor drives–including permanent magnet synchronous motors (PMSMs) and

induction motors –represent another major area where MPC has been extensively explored.

In drive control, the goal is typically to regulate torque and flux (or current) in an AC

machine fed by a power electronic inverter. MPC has been applied as an alternative to

traditional field-oriented control (FOC) and direct torque control (DTC), offering the promise

of faster torque response and better multi-phase current regulation [25]. Notably, finite-

control-set MPC can directly choose inverter switch states to drive stator currents, effectively

replacing the PI current controllers and space-vector PWM of a conventional drive. This

direct approach yields a very fast current loop (one control step delay) and naturally handles

constraints like current saturation or inverter voltage limits.

Early work in the 2010s applied MPC for current control of induction machines and

PMSMs, demonstrating dead-beat torque control performance. For example, Bolognani et

al. showed that a simple FCS-MPC could control an induction motor’s torque and flux

with a dynamic response superior to classic methods [26]. A key development for drives

was the introduction of long-horizon MPC to improve steady-state current quality. Geyer

and others presented multi-step predictive control for drives that optimizes a sequence of

switch commands over several future intervals [27]. This drastically reduced torque ripple

and harmonic distortion compared to one-step MPC or DTC, approaching the performance

of optimized pulse patterns. Another stream of research looked at maintaining a constant

switching frequency in drives: methods like optimized duty cycle control or incorporating

a carrier were proposed to eliminate the variable switching rate inherent to basic FCS-

MPC [28]. By 2015–2020, advanced schemes emerged such as model predictive pulse pattern

control (for medium-voltage drives), and modulated predictive control for low-voltage drives,

each aiming to harness MPC’s dynamic advantages while improving harmonic performance

[29].
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In motor drives, MPC enables precise, rapid control of torque and current, which is cru-

cial for high-performance applications (e.g. traction, servo drives). Because MPC inherently

manages multiple inputs/outputs, one controller can regulate torque, flux, and even other

aspects like neutral point voltage or thermal limits simultaneously. Constraint handling is

a strong advantage –MPC can respect inverter current limits or avoid overmodulation au-

tomatically, improving reliability. Additionally, MPC can be formulated to reduce common

issues like torque ripples by penalizing switching or using a horizon that finds an optimal

switching sequence that minimizes distortion. The flexibility of the cost function design al-

lowed researchers to introduce custom control objectives (for example minimizing a motor’s

copper losses or vibration) into the controller, something not easily done with fixed structure

PI controllers.

Despite its promise, MPC in drives faces challenges. Accurate knowledge of motor

parameters (inductances, EMF constants) is required for the predictive model and devia-

tions (e.g. due to temperature or saturation) can degrade performance. Some works have

addressed this via robust or adaptive MPC to tolerate parameter variation [30]. Computa-

tional demand is also a factor: drive control typically runs at high sampling rates (tens of

kHz) for fast dynamics, so executing an optimization (even a simple one) every 50–100 µs

is challenging. This has been partially mitigated by using FPGAs or efficient coding, and

by reducing the candidate switching set (e.g. evaluating only a subset of voltage vectors)

[31]. Another limitation is switching frequency control: basic MPC may lead to an uneven

switching pattern that can excite mechanical resonances or complicate filtering in drives.

Finally, the need to tune weighting factors in multi-objective drive MPC (e.g. torque error

vs. switching penalty) has been a practical hurdle; recent approaches using auto-tuning (e.g.

Bayesian optimization) have started to address this to make MPC more user-friendly [32].

Over the decade, there has been a clear trend from theoretical feasibility to practical

implementation in MPC motor drive. Early studies (2010–2013) showed that even a one-step

predictive controller could replicate the function of cascaded PI controllers and hysteresis
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comparators, simplifying the control structure [25]. Mid-decade, focus shifted to refining

performance: long-horizon MPC (2014–2016) demonstrated near-optimal current waveforms,

and methods for constant switching and robustness came to the fore around 2017–2020 [27].

Multi-phase drives (e.g. five-phase motors) and multi-motor systems were also tackled with

MPC, showing the method’s scalability to more complex drive configurations (some achieving

fault-tolerant control by predictive modulation of healthy phases) [33]. Towards the end of

the decade, integration of estimation and prediction became important: e.g. sensorless

MPC drives that include a state observer to estimate rotor position and speed, and model-

free predictive control where the motor model is updated from data in real-time [34]. These

developments indicate that MPC is moving closer to real-world drive applications, especially

in high-performance domains where its benefits justify the complexity.

1.3 Renewable Energy Integration (PV and Wind Systems)

MPC has found fertile ground in renewable energy systems –notably in photovoltaic

(PV) power converters and wind energy conversion systems –where the ability to handle

variability and constraints is crucial. In grid-tied PV systems, MPC is used to control

inverters (and sometimes DC/DC converters) to ensure maximum power extraction and

compliance with grid requirements. In wind turbines, MPC has been applied for turbine

blade pitch control and for managing the generator-side and grid-side converters to optimize

power and reduce mechanical stress.

In PV integration, MPC controllers manage the DC-link and AC output to maximize

power point tracking (MPPT) while regulating grid injection. A common setup is a DC-DC

boost converter feeding a DC-AC inverter; MPC can coordinate both. For example, one

study introduced an MPC scheme that simultaneously controlled the PV array voltage (for

MPPT) and the grid inverter current, achieving fast MPPT and low grid current THD with-

out any PI regulators [35]. An advantage of MPC here is the ability to incorporate forecast

or estimation –e.g. anticipating irradiance changes or grid voltage sags. Recent works have
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shown MPC-based PV inverters that support grid services: during normal operation they

inject maximum active power, but if a grid fault (voltage sag) occurs, the MPC seamlessly

shifts to provide reactive power support for low-voltage ride-through [36]. The controller

does this by recognizing constraints (grid code mandates) and adjusting its cost function

priorities in real time. Overall, MPC in PV systems has demonstrated fast response to

transients (e.g. irradiance steps or grid disturbances) and the flexibility to handle multiple

modes of operation [37].

MPC has been applied to wind turbines primarily in the turbine control layer (blade

pitch and generator torque) and in the power electronics (converter control). A prominent

application is individual blade pitch control of large wind turbines. By using MPC to collec-

tively and individually adjust blade pitch angles, researchers achieved better load mitigation

on the blades and tower while respecting actuator constraints [38]. Petrovic et al. (2019)

developed an MPC framework that combined collective and individual pitch control with

turbine operating constraints; it successfully reduced fatigue loads on the structure compared

to classical controllers, illustrating MPC’s multi-input, multi-output strength in a highly

nonlinear system [39]. On the electrical side, the generator-side converter of a wind tur-

bine (often a full-scale or partial-scale converter) has been controlled with MPC to optimize

power capture and smooth torque. MPC can handle the torque/speed constraints during

high winds and enforce a soft cut-out by pitching or limiting power, all while maximizing

energy capture in normal conditions. In floating offshore wind turbines, nonlinear MPC has

been investigated to coordinate blade pitch and generator torque to maintain stability of the

platform –a complex task due to coupling of mechanical and electrical dynamics [40].

Renewable energy applications introduce uncertainty (e.g. unknown future wind or

solar input) which can challenge MPC performance. MPC controllers require some form

of prediction of these disturbances; errors in forecasting wind or irradiance can degrade

optimality. Robust or stochastic MPC approaches are being studied to cope with this.

Another limitation is the potential complexity of the models: wind turbines are highly
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nonlinear and have varying dynamics with operating point, so linear MPC designs (e.g.

LPV models [41]) must carefully cover the range or risk instability. Computational effort is

a concern mainly for fast inner-loop controls in power converters (similar to drives), but less

so for slower outer-loop control (pitch control runs at 5-10 Hz where MPC optimization is

easily handled). Still, implementing MPC in a turbine controller or PV inverter controller

requires validation and failsafe measures, as these are safety-critical systems. So far, many

MPC schemes for renewables remain in simulation or lab prototype stage. Also, economic

MPC (optimizing not just control errors but also yield/cost) for renewables is a growing area

–but it introduces multi-objective trade-offs that complicate tuning [42].

In PV systems, early research ( 2010-2015) focused on using MPC for basic current con-

trol and DC-link regulation, often demonstrating lower current distortion and faster MPPT

than conventional methods. Around 2015-2020, as grid codes demanded more functional-

ity (like reactive power support, fault ride-through), MPC strategies evolved to incorporate

these: e.g. MPC that can seamlessly transition between maximum power and voltage sup-

port mode during grid disturbances [43]. There has also been a push towards two-stage

PV MPC (DC/DC plus DC/AC) and coordinating them for optimal performance. In wind

energy, MPC research initially (circa 2010) looked at generator-side control for maximizing

power and limiting torque. Then attention shifted to advanced turbine control –individual

pitch control, floating platform stabilization, etc, where MPC’s ability to juggle multi-

ple constraints (e.g. maintaining platform angle, reducing blade loads, controlling power)

is invaluable. A recent trend is incorporating fatigue prediction into MPC cost functions

(so-called fatigue-oriented MPC [38]), effectively trading off short-term performance for long-

term structural health of the turbine. Additionally, distributed MPC for wind farm control

(coordinating multiple turbines to mitigate wake effects) and for PV farms (coordinating PV

inverters for grid support) has emerged in the last few years, indicating a broadening scope of

MPC from single device level to system-wide optimization in renewable energy integration.
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1.4 Microgrids and Distributed Energy Systems

In microgrids –localized grids with distributed generation (PV, wind, batteries, etc.)

that can operate independently or connected to the main grid –MPC has emerged as a

promising control and energy management strategy. Microgrids involve hierarchical control:

primary (voltage/frequency regulation), secondary (power sharing, economic dispatch), and

tertiary (optimizing power flow with the main grid). MPC has been explored at all these

levels due to its ability to handle the microgrid’s coupled, multi-timescale dynamics and

constraints.

At the primary control level, MPC is used for the fast inner control of inverters that

interface distributed energy resources. For example, in an islanded microgrid, an MPC-

based voltage source inverter can regulate the load voltage and frequency while sharing load

with other inverters. Unlike droop control, MPC can enforce voltage constraints and respond

rapidly to load changes [44]. It can also handle nonlinear converter dynamics (like saturation

or bandwidth limits) more effectively. Research has shown that MPC-controlled inverters

can maintain stable microgrid operation under sudden load or generation changes, and easily

incorporate features like virtual impedance or harmonic compensation by appropriate cost

function design [45]. An MPC can also manage a hybrid system inverter (like a PV connected

with battery inverter) by controlling both grid-forming and grid-feeding modes as conditions

dictate.

At the secondary control layer, MPC has been employed for microgrid energy man-

agement –deciding how much power each source should generate and each storage should

charge/discharge to meet demand optimally. Here, MPC typically runs on a slower timescale

(seconds to minutes) using a prediction horizon of minutes to hours. It can take into ac-

count forecasts of load and renewable production, electricity prices, and battery state of

charge, then compute an optimal dispatch that minimizes operating cost or maximizes effi-

ciency, subject to constraints (e.g. battery charging limits, required spinning reserve). For

instance, one study used MPC to optimally schedule a PV-battery microgrid, maintaining
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stable operation under variable generation and load while extending battery life by prevent-

ing overcycling [37]. The fast transient response and constraint handling of MPC make it

suitable to manage the often rapid fluctuations in a microgrid [46].

MPC in microgrids offers unified, optimal control across different assets. It excels at

coordinating multiple distributed resources –for example, ensuring a battery smooths the

PV output while a diesel generator only kicks in when absolutely needed, maintaining both

power balance and fuel efficiency. MPC’s ability to look ahead using load/renewable

forecasts can significantly improve microgrid economics by, say, pre-charging a battery in

anticipation of a cloud passing over a PV array. This predictive dispatch leads to more sta-

ble voltage and frequency in the microgrid compared to reactive approaches [46]. Moreover,

MPC readily handles the transition between grid-connected and islanded modes by enforcing

synchronization constraints and adjusting reference targets during mode transfer, improving

reliability of microgrid operation. Another advantage is the inclusion of network constraints:

for microgrids with multiple buses, MPC can consider line thermal limits or voltage limits

at different nodes, which is complex for decentralized controllers. Studies have shown MPC

achieving good voltage regulation and power sharing without need for slow human operator

adjustments, underlining its potential as a supervisory controller in microgrids.

The complexity of microgrids means MPC controllers can become computationally

heavy, especially at the secondary/tertiary level when optimizing over many devices and

a long horizon. Ensuring real-time solvability and convergence is a challenge; however,

advances in solvers and the fact that slower control allows more computation time make

it feasible in many cases. Another concern is model accuracy and uncertainty: microgrid

models involve uncertainties in load, generation forecast errors, and sometimes switching

events (like disconnects/faults) [47]. Robust MPC or adaptive MPC approaches are needed

to maintain performance when reality deviates from the model. There is also an imple-

mentation challenge: deploying MPC in a microgrid requires a reliable communication and

measurement infrastructure (for state estimation, sending setpoints, etc.). This introduces
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latency and potential communication failures, which MPC must be designed to tolerate (e.g.

using distributed or decentralized MPC frameworks that can operate with limited commu-

nication). Finally, while MPC can handle multiple objectives (economic vs. technical),

setting the correct cost priorities (weights) for, cost-saving vs. battery degradation can be

non-trivial and may require iterative tuning or higher-level decision logic [42].

Early uses of MPC in microgrids (2010-2015) were focused on proof-of-concept for in-

verter control and simple energy management. By the late 2010s, there was enough interest

that comprehensive reviews appeared, indicating MPC was at the beginning of application in

microgrids but showing huge potential as an alternative to conventional droop and PI-based

schemes. In recent years, trends like distributed MPC where multiple controllers (for each

inverter or microgrid cluster) solve smaller problems and coordinate via consensus have been

considered. This addresses scalability and single point-of-failure issues [47]. Another trend

is coupling economic optimization with control (sometimes called EMPC –economic MPC)

for microgrids, to directly minimize fuel cost or emissions while keeping the grid stable [48].

Additionally, researchers are looking at resilience: MPC strategies that can handle island

events, faults, and uncertainties (like sudden EV charging or plug-in) [49]. For example,

Han et al. (2021) proposed an MPC approach for microgrids that explicitly considers the

uncertainty of electric vehicle charging demand, maintaining stable operation despite the

random charging events by including robust constraints [50]. The literature suggests that as

computing becomes cheaper and renewable penetration rises, MPC-based microgrid control

is transitioning from theory to practice, with some field demonstrations in advanced micro-

grid testbeds. The general trajectory is toward hierarchical MPC (different layers handling

different timescales and objectives) and ensuring these layers work in harmony. In summary,

MPC is poised to play a key role in managing the complexity of future microgrids, offer-

ing a systematic way to achieve stability, optimality, and adaptability in distributed energy

systems.
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1.5 Emerging Control Methods and Trends

Beyond classical MPC implementations, the past few years have seen emerging methods

that enhance or radically change how MPC is applied in power electronics. Two notable

trends are the use of Koopman operators for MPC and data-driven or learning-based MPC.

These approaches aim to deal with nonlinearity and modeling challenges, or to automate the

design of MPC controllers using data.

Traditional MPC relies on a model derived from first principles. Data-driven MPC

approaches, by contrast, either identify the model from input-output data or even bypass

explicit modeling by directly using data in the control law. A prominent development is

the Data Enabled Predictive Control (DeePC) technique, which uses a Hankel matrix of

past I/O data to predict future outputs without an explicit state-space model. This ap-

proach was applied to motor drives, where DeePC achieved predictive current control by

utilizing just the measured data from the drive, effectively doing MPC in a model-free way

[34]. In another vein, researchers have merged model-free adaptive control (MFAC) with

MPC: by embedding MFAC algorithms (which estimate a pseudo-gradient from data) into

the FCS-MPC framework, they developed data-driven predictive control (DDPC) schemes

that eliminate reliance on knowing motor or converter parameters [51]. Such controllers

adjust based on the I/O behavior, making them robust to model uncertainty. However, one

challenge noted is handling unknown disturbances and uncertainties –purely data-driven

schemes might struggle if the system operating conditions change outside the data they have

seen. This controller achieved multi-objective control (currents and common-mode voltage

reduction) and was completely independent of system parameters, illustrating the power of

marrying data-driven modeling with classical observer design in MPC.

Another facet of learning-based MPC is using machine learning (ML) to assist MPC

[52]. This includes training neural networks to approximate the MPC policy or cost-to-go

(enabling longer horizons without heavy computation), and using reinforcement learning to

tune cost function weights or discover optimal control sequences that MPC can then enforce.
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While these approaches are still nascent in power electronics, initial studies (e.g. using deep

RL for energy management, or neural nets to predict converter behavior) have shown that

learning can enhance MPC performance and adaptability. The annual increase in compu-

tational power and available data in power electronics (through IoT and cloud monitoring)

makes these data-driven approaches increasingly practical.The convergence of control theory

with machine learning is likely to yield MPC controllers that can learn and adapt, providing

both the performance of optimal control and the flexibility of data-driven approaches. How-

ever, ensuring theoretical guarantees (stability, constraint satisfaction) remains a priority as

these methods mature.

1.6 Contributions and Organization of Dissertation

This dissertation advances the field of power electronics control by addressing the sig-

nificant computational challenges of FCS-MPC and its application for dc-dc converters. The

primary contributions, which have been validated through extensive simulation and hard-

ware experiments, are organized as follows.

(a) A Novel FPGA-Based Hardware Acceleration Framework for MPC of Power Electron-

ics Converters (Chapter 2) [53]: To overcome the primary limitation of MPC—its

high computational demand—this work develops and validates a novel FPGA-based

hardware acceleration framework. This architecture reduces the total MPC process-

ing time to less than 1µs, effectively eliminating the computational bottleneck and

enabling real-time embedded implementation. The chapter provides a comprehensive

design guideline that establishes a versatile and foundational framework for all subse-

quent contributions. The following works utilize this hardware acceleration method to

realize their control algorithms.

(b) A Unified Single-Loop MPC Strategy for DC-DC Converters (Chapter 3) [54]: This

work introduces a unified MPC method that simplifies the control architecture by
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using a single control loop to simultaneously regulate both the output voltage and the

inductor current. This approach enhances dynamic performance and is effective across

all operating conditions, including start-up, steady-state, and both continuous (CCM)

and discontinuous (DCM) conduction modes, without requiring additional modules.

(c) An Adaptive Multi-Objective MPC with Online Weighting Factor Tuning (Chapter

4) [55]: To improve robustness against variations (e.g. load changes), this research

presents an adaptive MPC method that integrates an online, state-based adaptive

weighting factor. This mechanism autonomously adjusts control priorities between

voltage and current regulation in real-time. This innovation not only enhances dynamic

performance but also simplifies hardware design by natively incorporating over-current

protection and soft-start functionalities. The work also provides practical guidelines

for weighting factor design applicable to various dc-dc converter topologies.

(d) An Enhanced Single-Loop MPC with a New Cost Function Formulation (Chapter

5) [56]: Building upon the work in Chapter 3, this contribution further refines the

single-loop control strategy by introducing a newly formulated cost function. This

enhancement improves system robustness by enabling more direct and precise control

over both voltage and current dynamics within the single-loop framework, while still

providing integrated over-current protection.

(e) Finally, Chapter 6 concludes the dissertation by summarizing the key findings and

suggesting areas for future exploration.
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Chapter 2

FPGA-based Hardware Acceleration for Model Predictive Control of Power Converters

2.1 Introduction

Model predictive control has emerged as a topic in the field of power electronics in

recent years. MPC predicts the optimal behavior of a plant using its model, offering signifi-

cant advantages over traditional control strategies, particularly for nonlinear, multiple-input

multiple-output (MIMO), and constrained plants with complex dynamics [11].

Over the last two decades, the exploration of MPC-based control algorithms has been

extensive, covering a broad array of power electronic systems, including electric drives, un-

interruptible power supplies (UPS), micro-grids, and high-voltage DC systems [57].

MPC is well suited for managing power converter and drive operations due to its align-

ment with the inherent discrete characteristics of these systems [58]. Since power converters

have a finite number of switching states, the MPC optimization problem can be simplified

and reduced to the prediction of system behavior only for those possible switching states

[59]. The optimization process seeks to identify the switching state that minimizes the cost

function, thus dictating the most effective control action at each decision point [12].

Despite its theoretical and practical benefits, applications of MPC have been limited

due to inherent and significant challenges [60]. The primary obstacle is the computational

intensity required for predicting and selecting optimal behaviors, which becomes particularly

prohibitive for complex converter systems and extended prediction horizons [61]. Each con-

trol cycle requires the evaluation of all possible states to determine the optimal one, which

can be computationally demanding, especially as the number of switching states increases

or when the system dynamics are particularly complex [7].
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In recent work, field-programmable gate arrays (FPGAs) have become the preferred

technology for implementing MPC, based on the capability for parallel processing and

deep pipelining. This contrasts with traditional CPU-based architectures, highlighting the

FPGA’s distinction in handling the demands of MPC implementation [62]. In [63], an FPGA

platform for a three-phase voltage source inverter (VSI) was built and its performance using

MPC was analyzed. Furthermore, research in [11] emphasized the parallel processing capa-

bilities of FPGA for MPC applied to a direct matrix converter. But it only has a simple

1-step prediction horizon and no pipeling between modules of FPGA implementation. And

in [64], the author used high-level synthesis tools for FPGA development, enabling the use of

more friendly C/C++ code for development. An FPGA-based real-time implementation of

linear MPC schemes was proposed in [65]. However, to avoid a large computational burden,

the authors used explicit MPC and presented only simulation results.

Prior research employed FPGAs for implementing MPC across various power electronic

converters or systems. However, only implementation examples with small prediction hori-

zons have been demonstrated yet and no attempts have been made for fast and embedded

dynamic systems. Moreover, a notable gap in the literature is the absence of comprehensive

guidelines or methodologies that detail the process of leveraging an FPGA to realize the

potential of hardware acceleration for a long prediction power converter.

Despite the advantages of FPGAs, developing and organizing a deeply-pipelined and

highly-parallel process for MPC implementation presents significant challenges. This chap-

ter aims to bridge this gap by introducing a detailed guideline for implementing hardware

acceleration for MPC on FPGAs. The approach is exemplified through the development of

a 5-step prediction horizon MPC for buck converters, which demonstrates the feasibility and

efficiency of our proposed guidelines with remarkable computation time reduction to 100 ns.

The effectiveness of this methodology is further substantiated through both hardware-in-

the-loop simulation and experimental verification.
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Figure 2.1: Block diagram of MPC on buck converters.

The chapter is structured as follows: Section 2.2 delves into the modeling and analysis of

buck converters for Finite Control Set-MPC (FCS-MPC). Section 2.3 discusses the method-

ology for achieving pipelined and paralleled hardware acceleration in MPC implementations.

Section 2.4 presents simulation and experimental results. Section 2.5 summarizes the results

and future work.

2.2 Modeling and Analysis of MPC for a Buck Converter

This chapter uses a 5-step prediction horizon buck converter for illustrating FPGA-based

hardware acceleration for MPC. The physical circuit diagram of buck converter with parasitic

parameters is depicted in Fig.2.1, where L is the inductance and C is the capacitance, RL and

Rc are their parasitic resistances, respectively. R is the load resistance and VD indicates the

voltage drop of diode.The switching state, denoted by u, assumes a value of 1 for the switch-

on state and 0 for the switch-off state. The MPC module consists of a predictive model

and a cost function. The predictive model serves as a digital replica of the physical system,
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designed to predict all future states. These predicted states are subsequently evaluated by

the cost function module to determine the optimal states for the forthcoming step.

2.2.1 Predictive Model and Cost Function Design

The dynamic state equations of buck converter are shown in (2.1). To predict the future

inductor current and capacitor voltage, forward Euler’s method is utilized to derive the

discrete model presented in (2.2).


˙iL = −RL

L
iL − 1

L
vC − RCC

L
v̇C + (u− 1)VD + uVi

v̇C =
R

(R +RC)C
iL − 1

(R +RC)C
vC

(2.1)



iL(n+ 1) = k1iL(n) + k2vC(n)−
h

L
VD + l1u

= f1(iL(n), vC(n))

vC(n+ 1) = k3iL(n) + k4vC(n)

= f2(iL(n), vC(n))

(2.2)

Where, h is the time step size for calculation of forward Euler’s method, k1 = (1 − hRL

L
−

hRRC

L(R+RC)
), k2 = h

L
( RCR
RC+R

− 1), l1 = h
L
(Vi + VD), k3 = hR

C(R+RC)
, k4 = (1 − h

C(R+RC)
). The

given digital model consists of two functions f1 and f2. Each function has two inputs iL(n)

and vC(n), which are sampled state variables at the time instant n. The variable u can be

treated as an internal state inside the model.

The cost function J , detailed in (2.3), facilitates the optimal selection of switching states

or sequences for extended prediction horizons. Typically, the cost function encapsulates

the controlled objectives and constraints. Increasing the number of control objectives and

constraints enhances system performance but also augments system complexity.

In this specific case, the MPC targets three primary objectives: minimizing the inductor

current error, regulating capacitor voltage error, and adhering to specified constraints, each
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Figure 2.2: Computation flow of MPC on buck converters.

weighted by factors α, β, γ respectively. The voltage error ensures precise regulation of the

output voltage. Addressing the current error enhances dynamic performance, serving as an

auxiliary element in output voltage control. Additionally, constraints are imposed to limit

maximum current, preventing inductor saturation. And the variable m represents the total

prediction horizons. Consequently, J is a measure that balances the mismatch between

predictions and references under the current limitation.

J = α
m∑
k=1

||i∗L(n+ k)− iL(n+ k)||2

+ β
m∑
k=1

||v∗C(n+ k)− vC(n+ k)||2

+ γ

m∑
k=1

||iL_max(n+ k)− iL(n+ k)||2

= fa(iL(n+ 1), ..., iL(n+m))

+ fb(vC(n+ 1), ..., vC(n+m))

+ fc(iL(n+ 1), ..., iL(n+m))

(2.3)

2.2.2 Computation Analysis

The computational load of MPC is predominantly influenced by three major factors:

the complexity of prediction model and cost function, and the length of prediction horizons.

The prediction module is tasked with calculating all future state variables throughout the
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Figure 2.3: Sequential delay for a run.

Figure 2.4: Task parallelism within a run.

prediction horizons. Then all available state variables are forward to the cost function module

for selection. Specifically, for buck converter in this case, the prediction module entails two

separate functions, as shown in (2.2), with each necessitating two iterations for an exhaustive

search through switching states. The output from the predictive model module, based on

prior module results and shown in Fig.2.2, denotes a ”000” switching state sequence for a

three-step horizon. Hence, the number of function calls grows exponentially as prediction

horizons extend. For buck converter with 2 switching states, k-step prediction requires 2k

function calls. While FPGAs offer parallel computation capabilities, inefficiencies in pipeline

programming can still result in delayed computations.
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Figure 2.5: Task parallelism with pipelining.

Figure 2.6: Parallelism and pipelining of tasks.
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2.3 Hardware Acceleration on FPGA implementation for MPC

An FPGA is suited for MPC implementations, attributed to their all programmable

nature. It allows for the customization of hardware architecture to match specific compu-

tational tasks instead of using general purpose tools. Therefore, FPGA development for

hardware acceleration is about programming an architecture to implement the desired func-

tionality. This methodology is comprised of two major phases: architecting the application

and developing the computation kernels. The initial phase involves designing the macro-level

architecture, which sets task parallelism within a run and task pipelining across runs. The

subsequent phase dives into the micro-architecture, focusing on the acceleration of compu-

tation kernels. This involves detailed design elements such as loops, state machines, and

datapaths, essential for enhancing task pipelining efficiency.

2.3.1 Marco-level Architecture

Optimization tools today typically operate at the function/procedure level. Each func-

tion can be converted into a specific hardware component. Each hardware component will

in turn be composed of many smaller predefined components that typically implement ba-

sic functions such as add, subtract and multiply. These components, comprised of smaller

predefined units, are tasked with executing fundamental operations.

For simplicity of illustration, the example in this section utilizes a 2-step prediction

MPC. Fig. 2.3 shows the pre-pipelining sequential latency within one time running of a 2-

step prediction MPC module. x(n) denotes the sampled variables at time instant n. x̂(n+1)

and x̂(n+2) are predicted variables and u∗(n+1) is the optimal switching state for the time

instant n+ 1.

To optimize an MPC program, the foundational step is to understand the program work-

flow to identify independent tasks or functions. A key pattern for identifying the independent

tasks or functions on FPGAs is the producer-consumer paradigm. By applying the producer-

consumer paradigm to the sequential program in Fig. 2.3 for extracting functionality that
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can be executed in parallel, it is observed that functions f1 and f2 are independent and can

be executed in parallel, consuming the sampled state variables. And the first-step prediction

produces data for the second prediction. Similarly, the cost function is the consumer for the

all predicted states produced by the these functions. As a result, the MPC module can be

paralleled and pipelined with independent functions following producer-consumer paradigm

as shown in Fig. 2.4. The whole latency is reduced a lot with parallelism and pipelining.

The previously discussed execution pattern exploited task-level parallelism within an

invocation. But in successive runs, the second invocation can be running overlapped with

the first one so that the same computation hardware is reused. As shown in Fig. 2.5,

this strategy exemplifies task-level pipelining across invocations. Specifically, the hardware

allocated for the first-step prediction can be reused instantly for the next sampled variables

x(n + 1), even as the system processes the second-prediction for x(n). This approach of

pipelining reduced the latency, as it is limited now by the maximum latency among all tasks,

rather than by the sum of latencies for all tasks. This pattern of pipelining can be applied

to a higher-level operations, as demonstrated in Fig. 2.6, which gives an example of pipeling

between an analogy-to-digital converter (ADC) module and MPC. The whole latency is

limited by the slowest one instead of their sum.

2.3.2 Micro-level Architecture

Micro-level architecture is about achieved parallelism within tasks or functions. In

the case of MPC, the compute functions need to be re-architected into load-compute-store

sub-functions for more pipelining potential, as shown in the Fig. 2.7. The load and store

functions encapsulate the data accesses and isolate the computation performed by the various

compute functions. These sub-functions, typically interacting with different memory spaces

and predefined hardware, operate independently, enabling their overlapped execution within

invocations. FIFO is First-In-First-Out for data communication. Furthermore, examining

functions f1 and f2 in (2.2) reveals the independence of computations relating input variables
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Figure 2.7: General load-compute-store pattern.

Figure 2.8: Load-compute-store pattern with sub-function for predictive model.

iL and vc, allowing for their computations to be parallelized, as demonstrated in Fig.2.8.

Function f1−1 depicts that the computation related to inductor current and function f1−2 is

for the capacitor voltage. Function f1−3 is the sum operation as a consumer for the previous

functions. Fig. 2.9 illustrates the same pattern for the cost function.

In the computation of the cost function, identified by (2.3), it has inherent accumulation

process within sub-functions fa, fb and fc, which will be turned into loops for hardware

implementation. Fig.2.10 shows the diagram of loop inside the function fa. Loop is a

typical sequential process with high latency, necessitating loop unrolling to decrease latency.

Loop unrolling unwinds the loop, allowing multiple iterations of the loop to be executed

concurrently as shown in Fig.2.11.

2.3.3 Overview of Method

Those illustrated architecture techniques are summarized in the Fig. 2.12. In the first

phase, baseline performance and acceleration goals should be established: for example, the
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Figure 2.9: Load-compute-store pattern with sub-function for cost function.

Figure 2.10: Loop inside cost function.

Figure 2.11: Unrolled loop inside cost function.
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Figure 2.12: Overview of design methodology.

desired computing frequency and hardware resource. Subsequently, identifying critical func-

tions for acceleration and the necessary level of parallelization forms the core of this iterative

process. At the micro-level, a kernel is designed as a custom datapath aligned with specific

functionalities, complemented by an associated data storage network. This involves crafting

a load-compute-store architecture tailored to meet performance targets and unrolling loops

to minimize latency.

To develop an FPGA-based hardware acceleration platform with the above techniques,

in the first phase one should make key decisions about the baseline performance, for exam-

ple the targeted runtime and bottlenecks of the MPC application. After establishing the

performance baseline, the next step is to determine which functions should be accelerated

in the device. As shown in Fig.2.3, it can be easily identified that the predictive model

has the most potential for acceleration. And also when looking for acceleration candidates,

consider the performance of the entire application not just of individual functions. Then the

next step is to determine what level of parallelization is needed to meet the goals, specifi-

cally for the number of instantiated computation kernels, the width of datapath and so on.

For the micro-level, a kernel is essentially a custom datapath for the desired functionality

and an associated data storage network. Also referred to as the memory architecture or
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Figure 2.13: Simulink schematic diagram of FPGA-in-the-loop.

memory hierarchy of the kernel, this data storage network is responsible for moving data in

and out of the kernel and through the custom datapath as efficiently as possible. Creating

a load-compute-store structure that meets the performance goals could decrease the loop

latency.

2.4 Simulation and Experimental Results

2.4.1 Hardware-in-the-loop Simulation

The MPC algorithm’s efficacy is demonstrated via an FPGA-In-the-Loop (FIL) simu-

lation utilizing a Zynq Ultrascale+ ZCU104 FPGA board. The algorithm is deployed on the

FPGA, while the buck converter model operates within Simulink, as illustrated in Fig. 2.13.

The Simulink model transmits output voltage and inductor current of the buck converter to

the FPGA for calculation, which then controls the converter through gate signals. Fig. 2.14
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Figure 2.14: FPGA-in-the-loop simulation.

demonstrates how the output voltage tracks reference changes from the start-up to steady

state, evidencing the FPGA-based MPC algorithm’s operational efficacy.

2.4.2 Experimental results

A 48V synchronous buck converter prototype has been implemented for evaluation with

FPGA-based 5-step MPC controller as shown in Fig. 2.15. The system clock is 100 MHz.

The N-MOSFET is IRF540ZPBF and ADC is AD7476a. The measurement modules are

LV25-NP and LA25-P.

Table 2.1 details the calculation cycles required for all processes. These cycles increase

exponentially with the prediction horizon increment. For DSP or MCU architectures, which

rely on serial computation, it typically takes 98 cycles to complete one control process. In

contrast, a fully-pipelined FPGA allows most processes to run in parallel, reducing the time

to complete one control process to 10 cycles, except for data-dependent paths.

As for the experiments of acceleration, the variable frequency nature of FCS-MPC makes

direct measurement of actual calculation frequency challenging, necessitating the use of a
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Figure 2.15: Experimental platform.

valid signal to signify the generation of gate driving signals, which are set to high. Fig. 2.16

depicts the output valid signal from the MPC. The time interval between two such valid

signals is noted to be 100 ns, or 10 cycles at an 100 MHz clock frequency. Furthermore,

Fig. 2.17 shows the results of the MPC’s pipelining process with an ADC driver module,

where the sampling rate is set as 1 MSps, leading to a sampling latency of 1 µs. The

pipelining strategy, as outlined in Section 3, ensures that the total system latency remains

at 1000 ns, dictated by the module with the highest latency, rather than an sum of their

latencies 1100 ns.
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Figure 2.16: Time plot of MPC module.

Figure 2.17: Time plot of the whole process.
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Table 2.1: Execution Time Cycles

Task Clock cycles
Initialization 1 cycle
Conversion of ADC values 1 cycle
Current prediction for n+ 1 1 cycle
Voltage prediction for n+ 1 1 cycle
Current prediction for n+ 2 2 cycles
Voltage prediction for n+ 2 2 cycles
Current prediction for n+ 3 4 cycles
Voltage prediction for n+ 3 4 cycles
Current prediction for n+ 4 8 cycles
Voltage prediction for n+ 4 8 cycles
Current prediction for n+ 5 16 cycles
Voltage prediction for n+ 5 16 cycles
Current cost calculation 16 cycles
Voltage cost calculation 16 cycles
Total cost calculation 1 cycle
Optimization and decision making 1 cycle
Total (serial) 98 cycles
Finalized (pipelined) 10 cycles
Final Execution Time (µs) 100

2.5 Conclusion

This chapter presented a method for FPGA-based hardware acceleration of MPC. It

details architecting strategies spanning from macro to micro levels to accelerate MPC im-

plementation. The validity of the proposed MPC algorithm is demonstrated through an

FPGA-in-the-loop simulation, while experiments substantiate the acceleration results.
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Chapter 3

Unified Model Predictive Control for DC-DC Buck Converters: From Start-up to

Steady-State Operation

3.1 Introduction

The rapid advancement of renewable energy and electronic technology have made power

electronic converters ubiquitous. As a result, performance requirements for these converters

have increased significantly [66, 67, 68]. Modern applications demand broader stability

ranges, higher output voltage accuracy, faster load transient response, and robust over-

current protection [69].

Traditional voltage-mode control for DC-DC converters is often limited by poor input

and load transient responses, especially when dealing with the non-linearities and differ-

ent operation modes [1]. Current-mode control for a dc-dc converter typically utilizes the

inductor current in an inner loop, with an outer loop generating its reference based on volt-

age regulation [70]. To simplify controller design, the inner and outer loops are typically

decoupled by restricting the outer controller’s bandwidth to a fraction of the inner loop’s

bandwidth. However, this approach limits the dynamic performance of higher control levels.

Additionally, tuning multiple control parameters in multi-loop systems presents significant

challenges [71].

Model Predictive Control (MPC) is well-suited to meet these demands and has been

successfully implemented across various power electronic topologies, including DC-DC con-

verters [57]. And Finite Control Set Model Predictive Control (FCS-MPC) has gained

widespread adoption in power converters and drives in recent years [72]. Its capability

to handle multiple objectives and nonlinear control makes it particularly suitable for power
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electronic converters [20]. For instance, researchers have successfully applied FCS-MPC to

control the output voltage of DC-DC converters [73].

Furthermore, current-mode MPC for a dc-dc converter has been developed to enhance

their dynamic performance of the converter [74]. While researchers first proposed model pre-

dictive current control for boost converters [75], this implementation maintained a multi-loop

architecture, merely replacing the PID module in the inner loop. This approach required

a Kalman filter for the outer loop, increasing both system complexity and implementa-

tion challenges. Similarly, another proposed MPC strategy regulated inductor current but

required two additional loops for indirect output voltage control [76]. A more recent NPI-

MPC algorithm addressed the non-minimum phase behavior in DC-DC boost converters

[77]. However, this approach utilized continuous-control set MPC and focused solely on

steady-state performance.

Previous studies have not fully leveraged the multi-objective and nonlinear control ca-

pabilities of MPC. Instead, these implementations often merely substitute PI modules in the

inner current control loop or require additional control modules. This multi-loop architecture

increases the number of control parameters requiring tuning, thereby adding complexity to

both design and implementation. Moreover, the inclusion of multiple control modules com-

promises the system’s overall dynamic performance. Additionally, these controllers generally

aim only at steady-state design and usually have a large current overshoot during the start-

up.

This chapter proposes an MPC method for DC-DC buck converters that synchronously

controls both voltage and current. By employing MPC as a single loop, the method enhances

transient performance, directly controlling output voltage and inductor current from start-up

to steady-state operation in both CCM and DCM without changing the control structure.

Furthermore, the integrated current regulation functionality eliminates the need for separate

over-current protection and soft-start processes, thereby simplifying the hardware design.

35



The use of weighting factors enables fully customizable control performance from start-up

to steady-state.

This chapter is organized as follows: Section 3.2 presents the continuous and discrete-

time models of the converter and proposes the cost function design. Section 3.3 analyzes

control performance through simulation and compares results with other controllers. Section

3.4 presents the experimental results, and Section 3.5 concludes this chapter.

3.2 Working Principles of Proposed Control Strategy

3.2.1 Predictive Model for Buck Converter

Fig. 3.1 shows the circuit topology of a dc-dc synchronous buck converter, where L is

the inductance and C is the capacitance. R is the load resistance. vi and vo are input and

output voltage respectively. The switching state, denoted by u1 and u2, assumes a value of

1 for the switch-on state and 0 for the switch-off state. And u2 is out of the phase with u1.

Figure 3.1: Block diagram of MPC on buck converters.
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The independent states of the converter are the inductor current and output voltage.

The state vector is defined as x(t) = [iL(t) vo(t)]
T . Suppose that the input voltage is constant

and the controlled switching state u(t) is a system input, the continuous system is described

by the following equations:

ẋ(t) = Ax(t) + Bu(t), (3.1)

where the matrices A and B are given by

A =

0 − 1
L

1
C

− 1
RC

 , B =

Vi

0

 .

If taking parasitic parameters into consideration, RL and RC are their parasitic resis-

tances, respectively, then A becomes

A =

−RL

L
− ( RRC

R+RC
) 1

L
( RC

R+RC
− 1)

R
C(R+RC)

− 1
C(R+RC)

 .

The dc-dc buck converter can operate in CCM and DCM, depending on the value of

inductor current iL(t). Specifically, CCM refers to the case where the current iL(t) is always

positive and DCM means that the current iL(t) reaches zero during the switching cycles and

at that time u = 0. Since only the value of inductor current changes operation in DCM, the

model (3.1) can also be applied in DCM. Besides, (3.1) is a nonlinear model rather than the

small-signal model. Hence it can be applied to all running processes from start-up to steady

state.

A discrete-time model is required for MPC implementation as an internal prediction

model. For simplicity, the forward Euler’s method is used, resulting in the following discrete-

time model:

x(k + 1) = Adx(k) + Bdu(k), (3.2)

where, Ad = I + TsA,Bd = TsB, I is the identity matrix, and Ts is the sampling period.
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3.2.2 Cost Function Design

The cost function J(k), detailed in (3.3), facilitates the optimal selection of switching

state sequences for extended prediction horizons.

J(k) = α < iL,err > (k) + vo,err(k) + β∆u(k). (3.3)

In this specific case, the cost function encapsulates three control objectives: the average in-

ductor current error, output voltage error, and switching frequency constraint. The averaged

current error objective is represented as the average value of the inductor current over the

prediction horizon, given by

< iL,err > (k) =
1

N

k+N−1∑
l=k

||iL(l)− IL||,

where N is the prediction horizon and IL is the average current reference. The output voltage

objective and switching constraint are defined as

vo,err(k) =
k+N−1∑
l=k

||vo(l)− Vo||,

∆u(k) = ||u(k)− u(k − 1)||,

in which Vo is output voltage reference and Vo = IL/R, and R is the load resistance. The

constraint term, the third term in (3.3), reduces the switching frequency to avoid excessive

switching. The parameters α and β are weighting factors for inductor current and switching

frequency constraints respectively.
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3.3 Analysis and Simulation Results

3.3.1 Weighting Factors

Unlike conventional cost functions that typically have one or two control objectives, this

system incorporates three objectives, making the design of the weighting factors critical to

the system’s control performance.

Different combinations of weighting factors will influence the control performance rela-

tive to these three objectives. Specifically, increasing the value of α enhances the emphasis

on inductor current control, while the other objectives become less significant. For the DC-

DC buck converter, the primary objective is to achieve smooth and stable output voltage

with over-current protection. The secondary objective is to maintain good transient perfor-

mance under varying conditions. The tertiary objective is to lower the switching frequency

to reduce switching losses. Consequently, the voltage error is prioritized, the current error is

secondary, and switching frequency is last. Since switching loss is not the primary concern,

it should be adjusted after establishing a balance between current and voltage control.

Fig.3.2 presents the Matlab/Simulink simulation results, demonstrating the control ef-

fects on inductor current and output voltage using three different sets of weighting factors

(all β = 0.1). The simulation parameters are shown in Table 3.1. All three sets success-

fully reach the desired reference values, with the voltage error normalized at steady state.

As shown in Fig.3.2, when α1 is set to a small value (0.1), the current control becomes

limited, and the system prioritizes voltage control. This prioritization results in a large

current spike—approximately 20 times the nominal current value—which could lead to in-

ductor saturation. Such extreme current conditions would necessitate additional soft-start

and over-current protection mechanisms.

However, as the current weighting increases with α2 and α3 (same and 10 times weighted

as voltage control), the current overshoot is considerably reduced to a safe range. This
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adjustment, however, leads to an increased voltage settling time, due to the lower emphasis

on voltage control.

This control algorithm effectively regulates transient performance during start-up while

maintaining stable steady-state operation and offering high customizability to meet various

performance requirements. Designers can achieve trade-offs between voltage and current

control based on specific hardware specifications, enabling faster voltage dynamic response

while maintaining inductor current within safe operating limits. And these does not require

additional control modules.

Table 3.1: Simulation and Experimental Setup Parameters

Parameters Values (CCM / DCM)
Input voltage 48 V
Output voltage 24 V / 9 V
Load 10 Ω / 25 Ω
Inductance 47µH
Capacitance 94 µF
Switching frequency (PI controller ) 200 kHz
PI gains Kp = 0.2, Ki = 10
Prediction horizons N = 4

3.3.2 Comparison with Other Controllers

Fig.3.3 demonstrates the control performances of three different control: PID controller,

conventional MPC and the proposed MPC.

As shown in Fig.3.3, the PID controller (blue lines) exhibits significant overshoot in both

output voltage and inductor current. This larger overshoot necessitates longer settling time

to reach the desired reference values. The conventional MPC approach (red lines), which

considers only output voltage control in its cost function, achieves smaller voltage overshoot

and reduced settling time. However, since its control objective is limited to voltage regula-

tion, the inductor current rises excessively as the controller attempts to reach the reference

voltage as quickly as possible. The proposed MPC strategy (yellow lines) incorporates both

voltage and current control objectives. This dual-objective approach maintains the inductor
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(a) Inductor current

(b) Output voltage

Figure 3.2: Simulation results for start-up process with different weighting factors.
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(a) Inductor current

(b) Output voltage

Figure 3.3: Simulation results for start-up process with different controllers.
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Figure 3.4: Experimental setup.

current within safe operating limits while effectively regulating output voltage. The settling

time can be optimized by adjusting the weighting factor based on hardware-specific current

overshoot tolerances.

3.4 Experimental Results

To verify the proposed MPC algorithm’s ability controlling voltage and current, a buck

converter was built with MPC implemented on a field-programmable gate array (FPGA).

The FPGA-based MPC controller uses a hardware acceleration method as described in [53].

The FPGA board is Xilinx MPSoC ZCU104, the ADC is AD7476a with 1 Msps sampling

rate and the MOSFET is IRF540N. Fig.3.4 is the experimental setup. Table 3.1 shows the

system’s parameters.
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(a) proposed MPC

(b) PI

Figure 3.5: Experimental results for start-up process (a) proposed MPC; (b) PI.
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(a) CCM

(b) DCM

Figure 3.6: Experimental results with proposed MPC in steady state (a) CCM; (b) DCM.
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Fig.3.5a illustrates the start-up process using the proposed MPC method (α = 0.5,

β = 0.1), where the output voltage and inductor current gradually reach their reference

values without any overshoot or current spike. In contrast, Fig.3.5b shows the start-up

process with a PI controller (Kp = 0.2, Ki = 10), which exhibits a large current spike of

around 14 A—about six times the current reference—along with a corresponding voltage

overshoot. Consequently, additional processes or hardware are required to limit the over-

current.

Fig.3.6a and 3.6b demonstrate the steady-state performance in CCM and DCM, respec-

tively. The proposed control algorithm successfully regulates the DC-DC buck converter

in both operating modes using mode-specific parameters. As shown in Fig.3.6, this MPC

method achieves stable operation in both CCM and DCM without altering control modules.

3.5 Conclusion

This chapter presented a novel MPC strategy for DC-DC buck converters, utilizing a

single control loop to regulate both voltage and current directly. This approach not only

enhances transient performance but also simplifies the hardware with stable output voltage

from start-up to steady-state operation in both CCM and DCM.
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Chapter 4

Multi-objective FCS-Model Predictive Control with Adaptive Weighting Factors for

DC-DC Converter

4.1 Introduction

The rapid advancement of electronic technology has placed increasing demands on power

electronic converters, requiring broader stability, higher output voltage accuracy, faster tran-

sient response, and over-current protection [78]. Consequently, control systems must be ca-

pable of managing complex scenarios, including multi-variable control and robustness against

different variations, while maintaining high dynamic performance [79, 80].

Finite Control Set Model Predictive Control (FCS-MPC) has gained widespread adop-

tion in this area, owing to its inherent ability to handle multiple objectives and nonlinearities

directly [81].

To enhance the performance of DC-DC converters, various MPC strategies have been

developed. However, early approaches often retained a complex multi-loop architecture. For

instance, the method in [82] merely replaced an inner-loop PID controller and required a

Kalman filter for the outer loop. Similarly, another strategy relied on two additional loops

for indirect voltage control [83], complicating implementation.

More recent work has utilized a single-loop, multi-objective cost function to directly

control both current and voltage [54]. Although this simplifies the structure, it suffers from

poor robustness and high sensitivity to parameter variations. While observers can improve

its robustness [84], they add significant cost and complexity to the system [85].

A second significant challenge in multi-objective MPC is the design of weighting factors

[80]. These factors are critical for balancing control objectives, yet there is no general

guideline for their selection. The tuning process often relies on inefficient trial-and-error
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or complex, computationally expensive methods like AI-based tuning [86], which are not

cost-effective for most applications [87].

This chapter proposes a novel, adaptive multi-objective FCS-MPC for DC-DC convert-

ers that enhances robustness without sacrificing dynamic performance, building upon the

framework established in Chapter 3, to enhance system robustness while maintaining high

dynamic performance. The primary contributions of this work are:

1) A Unified, Multi-Objective FCS-MPC with Integrated Protection: it proposed a single-

loop FCS-MPC strategy that simultaneously regulates output voltage and inductor

current. This method ensures satisfying performance during both small-signal (steady-

state) and large-signal conditions (e.g., start-up). Furthermore, by directly controlling

the current, it eliminates the need for separate over-current protection and soft-start

hardware, thereby simplifying the overall system design.

2) An Online Adaptive Weighting Factor for Enhanced Robustness: To solve the crit-

ical problem of sensitivity of variations, an adaptive weighting factor mechanism is

introduced. This function operates online, automatically adjusting control priorities

in real-time to maintain optimal performance and significantly improve the system’s

robustness.

3) A Novel and Generalized Weighting Factor Design Methodology: a straightforward

and effective methodology for designing weighting factors based on scale analysis is

established. This novel approach provides clear, practical guidelines that can be gen-

eralized to various DC-DC converter topologies, addressing a long-standing challenge

in multi-objective MPC design.

This chapter is organized as follows. In section 4.2, the working principle of the dc-dc

converter with MPC controller is summarized. Furthermore, the control problem is proposed

and analyzed via simulation results based on Matlab/Simulink. And to address the poor

robustness issue, an adaptive cost function is proposed and analyzed. Section 4.3 gives a
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systematic method of weighting factors design based on numerical analysis. Section 4.5

offers experimental results to validate the control method’s effectiveness. Finally, section 4.6

concludes this chapter.

4.2 Working Principles of Proposed Control Strategy

This section illustrates the working principle for MPC on DC-DC converter. It uses

buck converter as example.

Fig. 2.1 shows the circuit topology of a dc-dc synchronous buck converter, where L is

the inductance and C is the capacitance. R is the load resistance. Vi and vo are the input and

output voltage, respectively. The switching state for transistor S1, denoted by u1, assumes

a value of 1 for the switch-on state and 0 for the switch-off state. And the switching state

u2 of transistor S2 is out of the phase with S1.

The MPC contains two sub-modules: predictive model and cost function.

4.2.1 Predictive Model Design

The predictive model is the digital replica of the physical DC-DC converter. The in-

dependent states of the most second order DC-DC converters are the inductor current and

output voltage. The state vector is defined as

x(t) = [iL(t) vo(t)]
T .

Suppose that the input voltage is constant and the controlled switching state u(t) is a system

input, the continuous system is described by the following equation:

ẋ(t) = Ax(t) + Bu(t), (4.1)
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where the matrices A and B are given by

A =

0 − 1
L

1
C

− 1
RC

 , B =

Vi

0

 .

The dc-dc buck converter can operate in CCM or DCM, depending on the value of

inductor current iL(t). Specifically, CCM refers to the case where the current iL(t) is always

positive and DCM means that the current iL(t) reaches zero during the switching cycles and

at that time u1 = 0. Since only the value of the inductor current changes operation in DCM,

the model (4.1) can also be applied in DCM. Besides, (4.1) is a nonlinear model rather than

the small-signal model. Hence, it can be applied to all running processes from start-up to

steady state.

A discrete-time model is required for MPC implementation as an internal prediction

model. The forward Euler’s method is used, resulting in the following discrete-time model:

x(k + 1) = Adx(k) + Bdu(k), (4.2)

where,

Ad = I + TsA,Bd = TsB,

I is the identity matrix, and Ts is the sampling period.

4.2.2 Multi-objective Cost Function Design

The cost function J1(k), detailed in (4.3), facilitates the optimal selection of switching

state sequences for extended prediction horizons:

J(k) = λiL,err(k) + vo,err(k) + β∆u(k). (4.3)
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For the most dc-dc converter, the cost function encapsulates three control objectives:

the inductor current error, output voltage error, and other constraints. In this paper, the

current error objective is represented as the average value of the inductor current over the

prediction horizon, given by

iL,err(k) =
1

N

k+N−1∑
l=k

||iL(l)− IL||,

where N is the prediction horizon, IL is the average current reference, and iL(l) is the

predicted average inductor current. The output voltage objective and switching constraint

are defined as

vo,err =
k+N−1∑
l=k

||vo(l)− Vo||,

∆u(k + 1) = ||u(k + 1)− u(k)||,

in which Vo is the output voltage reference and

Vo = IL/R,

R is the load resistance. The constraint term, the third term in (4.3), reduces the switching

frequency to avoid excessive switching. The output voltage error is normalized. And the

parameters α and β are weighting factors for inductor current and switching frequency

constraints, respectively.

4.2.3 Simulation Results

Fig. 4.1 presents the Matlab/Simulink simulation results, demonstrating the control

effects on inductor current and output voltage using three different sets of weighting factors

(all β = 0.1).

All three sets smoothly reach the desired voltage reference, with the inductor current

regulated within the safe region. As shown in Fig. 4.1, when α1 is set to a small value
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Figure 4.1: Simulation results with different weighting factors from start-up to steady-state.

(0.1), the current control becomes limited, and the system prioritizes voltage control. This

prioritization results in a large current spike—approximately 20 times the nominal current

value—which could lead to inductor saturation. Such extreme current conditions would

necessitate additional soft-start and over-current protection mechanisms.

However, as the current weighting increases with α2 and α3 (same and 10 times weighted

as voltage control), the current overshoot is considerably reduced to a safe range. This ad-

justment, nonetheless, leads to an increased voltage settling time, due to the lower emphasis

on voltage control.

This control algorithm effectively regulates transient performance during start-up while

maintaining stable steady-state operation and offering high flexibility to meet various perfor-

mance requirements. Designers can achieve trade-offs between voltage and current control

based on specific hardware specifications, enabling faster voltage dynamic response while

maintaining inductor current within safe operating limits. And these does not require addi-

tional control modules.
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Figure 4.2: Simulation results with different δ from start-up to steady-state.

However, it introduces steady-state error under disturbances such as load variations. As

shown in Fig. 4.1, a 50% load increment results in different steady-state errors depending

on the cost function weight α. Since both current and voltage are regulated relative to their

reference values, the system’s operating quiescent point is predetermined. When the load

varies, current and voltage control compete with each other, leading to a new steady state

that deviates from the reference.

Unfortunately, varying loads are very common in practical applications. Therefore, it

is necessary to solve this problem to improve the robustness of this method.

4.2.4 Adaptive Cost Function Design

Since the output voltage control is the final goal and the current control is only consid-

ered for improve transient performance and limit its maximum for safety, it is easy to propose

an exit mechanism for current control. When the voltage error is less than a threshold value
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or index (δ), we set the α = 0 to let current control exit. Namely,

α =

 0 |vo − vref | ≤ δ

α3 |vo − vref | > δ
(4.4)

This α function is shown as dark step line in Fig. 4.3. However, abruptly deactivating

the current control in this manner induces large inductor current spikes. As shown in Fig.

4.2, system performance is quite sensitive to the value of δ. A large δ = 2.4 eliminates

the static error but causes a large current spike, while a small δ = 0.6 reduces the spike

but preserves the static error. Although a compromise can be found through trial-and-error

(δ = 1.2), this hard-switching method is flawed because setting α = 0 permanently disables

the current-limiting safety feature.

Therefore, to achieve current control that attenuates gradually and automatically as the

system approaches steady-state, a continuous function is proposed that adaptively adjusts

the current control weight α, based on the output voltage error. In this way, the dc-dc

converter is controlled with current and voltage during the start-up process and revoked

under large-signal variations (faults) to guarantee the safety and fast transient response.

And when it is reaching equilibrium (steady-state), the current control becomes dormant

and voltage control is emphasized to realize precise output voltage control.

Figure 4.3: Adaptive α function of voltage error.
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Figure 4.3 contrasts the conventional step function (dark line) in (4.4), with the proposed

adaptive α function (red dashed line), which is defined by three distinct regions based on

the voltage error.

In the first region (OA), when the voltage error is below a threshold δ1, the system is

under steady state. Hence the value of α should be small enough so that voltage control

becomes dominant during steady-state, ensuring precise voltage regulation without interfer-

ence, and current control is dormant.

Conversely, in the third region (BC), when the voltage error exceeds a threshold δ2, α

should be large enough to ensure the current control is fully active to manage large transients

and prevent current spikes. Between these two states, the transition region (AB) provides

a smooth, gradual increase in α from δ1 to δ2. This slope should be flat enough to prevent

the overshoot voltage and current spike that an abrupt change in α would cause. After

determining the critical points A and B, the final adaptive function for α can be implemented

using a curve-fitting method.

4.3 Weighting Factors Design Method

For analytical and design simplicity, a single-step prediction horizon and an L1 norm

are used. The switching constraint is considered a secondary term that can be tuned at the

last in the design process. Accordingly, the cost function (4.3) simplifies to:

J(k + 1) = α|iL(k + 1)− IL|+ |vo(k + 1)− Vo|. (4.5)

Designing the critical points A, B, and C requires a quantitative scale analysis to de-

termine the dominant term in the cost function and properly adjust the weighting factors.

In the quantitative analysis, the order of magnitude of each term should be calculated to

design the corresponding factors adjusting their weightings based on scale analysis.
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4.3.1 Inductor Current Error

Figure 4.4: Inductor current waveform in the steady state.

When the dc-dc converter is in steady-state operation, the volt-seconds balance is sat-

isfied for the inductor, as its current waveform is shown in Fig. 4.4, where IL is the average

value (current reference). ∆iL is the peak-peak value which depends on the inductance and

switching frequency. Then, the order of magnitude of current error in cost function (4.5)

(the first term) is given by

|iL(k + 1)− IL| = O(∆iL). (4.6)

iL = Cv̇C +
1

R
vC , (4.7)

< iL >= C < v̇C > +
1

R
< vC > . (4.8)

In steady state, (4.6) indicates that the current error, |iL(k+1)−IL|, is bounded by the

peak-to-peak ripple, with an order of magnitude of O(∆iL). Therefore, the average current

error is on the order of the ripple amplitude, O(∆iL).
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4.3.2 Output Voltage Error

The discrete capacitor voltage can be deduced from the state equation in (4.1) as given

by

vo(k + 1) = vo(k) +
Ts

C
iL(k)−

Ts

RC
vo(k). (4.9)

In steady state,

vo(k) ≈ Vo,

meaning their orders of magnitude are equivalent,

O(vo(k)) = O(Vo).

The approximated voltage error from (4.9) is then given by

|vo(k + 1)− Vo| ≈
Ts

C
|(iL(k)−

1

R
Vo)|

≈ Ts

C
|(iL(k)− IL)|

= O(
Ts

C
∆iL).

(4.10)

Substitute (4.6) into (4.10), so that

O(|vo(k + 1)− Vo|) = εO(|iL(k + 1)− IL|), (4.11)

where, ε = Ts

C
.

The coefficient ε reflects the numerical relationship between voltage error and current

error for their orders of magnitude. Hence it is critical for weighting the voltage and current

error terms. Table 4.1 shows some typical combinations of sampling period and capacitance

in dc-dc converters.

Typically in dc-dc converters, ε ≪ 1 because the sampling period is much smaller than

the circuit’s capacitance. Consequently, the voltage error is an order of magnitude smaller
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Table 4.1: Different cases for ε

TsC 94 µF 500 µF 1000 µF

1
10k

50
47

1
5

1
10

1
20k

25
47

1
10

1
20

1
100k

5
47

1
50

1
100

1
500k

1
47

1
250

1
500

than the current error

|vo(k + 1)− Vo| << |iL(k + 1)− IL|.

This scale analysis allows for the straightforward design of the critical points A(δ1, α1),

B(δ2, α2) and C(δ3, α3).

The preceding analysis is now applied to the specific dc-dc converter used in this work,

with parameters listed in Table 4.2. Then,

O(∆iL) =
Vi − Vo

L
DTs ≈ 2.55,

ε = 5/47 ≈ 0.106,

δ = O(∆vo) = O(ε∆iL) = 0.272.

in which O(∆iL) is the order of magnitude of current error, δ is the order of magnitude of

voltage error. And when verr ≤ δ, the system is treated as already being in steady-state.

4.3.3 Critical Points Selection Guideline

Based on the indices defined above, the weighting factor function can be constructed

using specific critical points. The design guidelines for specifying these points are outlined

below:
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1. Region OA (Small-signal region): The system operates in steady-state; conse-

quently, voltage control is dominant while current control is secondary. Thus,

α1 ≤ ε, δ1 = δ.

2. Region AB (Transition): The system is transitioning toward steady-state. The cur-

rent should settle gradually without inducing significant spikes. Therefore, α2 should

be larger than α1 but remain within a comparable range (typically within one order of

magnitude). The value of δ2 determines the duration of this transient process:

ε < α2 ≤ 10ε,

δ2 = kδ, (k = 1, 2, ..., 10...).

3. Region BC (Large-Signal Transient): The system undergoes a large-signal tran-

sient process. In this region, inductor current control must be active—or even dominant

—to regulate the dynamic process and ensure system safety. Consequently, α3 should

exceed 10ε, while δ3 can be selected based on specific design constraints:

10ε < α3,

δ2 ≪ δ3.

In this application, three critical points are defined as

A = (δ, ε) = (0.272, 0.106),

B = (10δ, 4ε) = (2.72, 0.45),

C = (50δ, 10ε) = (13.6, 1.06).
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Figure 4.5: Control diagram of the proposed method.

Applying a curve-fitting method to these points results in the following function for the

weight

α = 0.0048v2err + 0.0082verr. (4.12)

And the whole control diagram is shown in Fig. 4.5.

Table 4.2: Simulation and Experimental Setup Parameters

Parameters Values
Input voltage 48 V
Output voltage 24 V
Nominal load 15 Ω
Inductance 47µH
Capacitance 94 µF
Prediction horizons N = 4
Sampling frequency 200 kHz
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4.4 Generalized Method for DC-DC Converter

This section demonstrates the generalization of the proposed design method to other

DC-DC converters, using boost and flyback converters as examples. The application of this

method relies on the following assumptions:

a) The converter is a second-order topology, either isolated or non-isolated;

b) The current control variable is the average inductor current;

c) The converter operates in Continuous Conduction Mode (CCM);

d) The sampling frequency is significantly higher than the switching frequency;

e) The circuit components are ideal, and parasitic parameters are negligible.

4.4.1 Boost Converters

Fig. 4.6 illustrates the DC-DC boost converter topology, with equivalent circuits for

the switch-on and switch-off states shown in (b) and (c), respectively.

First, the order of magnitude of average inductor error, O(∆iL), is calculated using

volt-second balance, consistent with Section 4.3.1.

Second, the relationship between the voltage error magnitude O(vo,err) and O(∆iL) is

derived. During the off-state, the inductor supplies the capacitor; applying KCL yields:

C
dvC
dt

+
vC
R

= iL. (4.13)

The discrete form corresponds to (4.9). While (4.13) strictly applies only during the off-

state, the continuity of the inductor current allows this relationship to represent the system’s

numerical scaling for error estimation purposes.

61



Figure 4.6: Circuit diagram of a DC-DC boost converter.

Then, applying the same approximations as in Section 4.3.2, the order of magnitude of

the voltage error is estimated as:

O(vo,err) = |vo(k + 1)− Vo| ≈
Ts

C
|(iL(k)−

1

R
Vo)| (4.14)

In the case of the buck converter, which represents the simplest topology,

1

R
Vo = IR = IL,

because the inductor is continuously connected to the capacitor. Here, IR represents the

average load current. However, for other DC-DC converters, such as the boost converter,

IR ̸= IL.
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Therefore, it is necessary to establish the relationship between the average inductor current

and the load current. For the boost converter,

Pin = Pout = VinIin = VinIL = VoIR. (4.15)

Then,

IR = (1−D)IL. (4.16)

And substitute (4.16) into (4.14),

O(vo,err) =
Ts

C
|(iL(k)−

1

R
Vo)|

=
Ts

C
|(iL(k)− IR)|

=
Ts

C
|(iL(k)− (1−D)IL|

=
Ts

C
|(iL(k)− IL|+

Ts

C
DIL

=
Ts

C
O(∆iL) +m

(4.17)

where, m is the modifier,

m =
Ts

C
DIL.

Once the numerical relationship between O(vo,err) and O(∆iL) is established, the weight-

ing factors can be designed following the same procedure outlined in Section 4.3.3.

4.4.2 Flyback Converter

This section demonstrates the design method for isolated DC-DC converters, using the

flyback converter as an example. The circuit diagram is presented in Fig. 4.7. The flyback

converter is topologically equivalent to a buck-boost converter with the inductor replaced by

a transformer.
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Figure 4.7: Circuit diagram of a DC-DC flyback converter.

In this configuration, the control variables are the average primary current, Ip, and

the output voltage, Vo. Similar to the boost converter, the numerical relationship between

O(vo,err) and O(∆iL) is established based on the switch-off state. The resulting equations

are identical to (4.14) and (4.17), with the exception that the modifier m differs. Specifically

for the flyback converter, if the average primary current Ip is the controlled variable (where

IL = Ip), then:

Pin = Pout = VinIp = IRR =
V 2
o

R
(4.18)

Therefore,

IR =
Vin

R
IL =

1−D

nD
Vo, (4.19)

where n is the winding ratio. And the modifier m becomes,

m = IL − IR = (1− Vin

R
)IL = (1− 1−D

nDR
)
Vo

R
. (4.20)
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On the other hand, if the average secondary current is controlled (Is = IL), the inductor

is connected directly to the capacitor. This is similar to the buck converter case,

Vo

R
= IR = IL. (4.21)

Then

m = 0. (4.22)

4.4.3 Overview

This section provides an overview of the proposed design method. First, the order of

magnitude of the average inductor current error, O(∆iL), is obtained via the volt-second

balance principle. Next, the numerical relationship between O(∆iL) and the output voltage

error, O(vo,err), is derived based on the specific circuit topology. Subsequently, the modifier

m is calculated. Finally, the critical points A, B, and C are determined to establish the

weighting factors. The complete workflow is illustrated in Fig. 4.8. Table 4.3 shows different

modifiers for several dc-dc converters.

Table 4.3: Modifiers for different dc-dc converters

Circuits Buck Boost Buck-Boost Flyback(Primary control)
∆iL (Vi − Vo)DTs/L DTsVi/L DTsVi/L DTsVi/L
m 0 Ts

C
DIL (2−D)IL (1− 1−D

nDR
)Vo

R

O(vo) O(∆iL) +m

4.5 Experimental Results

To verify the proposed MPC algorithm, a dc-dc buck converter was built with MPC im-

plemented on a field-programmable gate array (FPGA). The FPGA board used is the Xilinx

Zedboard to implement the proposed MPC method with hardware acceleration [53]. The

ADC chip is AD7476a ADC (200 ksps sampling rate) and MOSFETs type is IRF540N.The

experimental setup is shown in the Fig.3.4. The system parameters are shown in Table 4.2.
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Figure 4.8: Workflow of the design method.
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Figure 4.9: Experimental results for start-up process without adaptive cost function.

Figs. 4.9–4.12 present the experimental results of the proposed controller using the

adaptive function defined in (4.12). Fig.4.9 illustrates the performance without the adaptive

cost function; notably, a significant current spike occurs during the start-up process, reaching

10 times the reference current. In contrast, Fig.4.10 depicts the start-up process with the

proposed controller, which facilitates a smooth transition out of the current-limiting phase.

The peak inductor current is maintained below 6 A (within the safe operating region), and

the resulting output voltage overshoot is limited to less than 2 V.

Furthermore, Fig.4.11 demonstrates the controller’s robust response to disturbance, as

the output voltage remains well-regulated during a load change from 15 Ω to 10 Ω (a variation

of over 33%).

As comparison, Fig.4.12 shows that without the adaptive weighting factor, the system

exhibits a substantial voltage drop during the load increment.

4.6 Conclusion

This chapter presented a validated adaptive MPC strategy for DC-DC converters that

uses a single-loop, adaptive weighting function to co-regulate voltage and current. The

approach enhances transient performance and stability and includes a systematic design
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Figure 4.10: Experimental results for start-up process with the given adaptive cost function.

Figure 4.11: Experimental results for load change with the given adaptive function.

methodology for the weighting factor. A systematic design method for weighting factors is

proposed based on numerical analysis.

In the future work, it will be shown how to extend this design method to other second

order dc-dc converters.
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Figure 4.12: Experimental results for load change without the adaptive function.
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Chapter 5

Robust Model Predictive Control for Synchronous Voltage and Current Control for DC-DC

Buck Converters

5.1 Introduction

The rapid advancement of electronic technology, coupled with a continuously increasing

demand for power, has led to the widespread adoption of power electronic converters. These

converters are now essential across diverse applications, including industrial power systems,

renewable energy integration, and data center power supplies [88]. Consequently, modern

applications necessitate power electronic converters with a broader stability range, higher

output voltage accuracy, quicker load transient response, and robust over-current protection

[89].

Model Predictive Control (MPC) is a contemporary control method well-suited for

complex systems, particularly those exhibiting high nonlinearity, multi-input-multi-output

(MIMO) characteristics, and operational constraints. Within this domain, Finite Control Set

Model Predictive Control (FCS-MPC) has gained widespread adoption in power converters

due to its inherent ability to effectively manage multiple objectives and nonlinear control

challenges [81].

The author in [90] proposed a generalized MPC for dc-dc converters and evaluated its

performance for various dc-dc converters, including boost, buck and buck–boost convert-

ers. However, it is a continuous-control-set model-predictive control (CCS-MPC) and only

focusing on output voltage regulation.

To enhance the dynamic performance of dc-dc converters, researchers have developed

current-mode MPC. However, early attempts, such such as the model predictive current

control for DC-DC boost converters, maintained a multi-loop structure [82]. This approach
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involved replacing only the inner-loop PID module and still necessitated a Kalman filter for

the outer loop, which added complexity to the implementation. Additionally, another MPC

strategy regulated inductor current but relied on two extra loops for indirect output voltage

control [83]. Although this was a current-controlled DC-DC converter, it was only effective

for small-signal variations and exhibited a significant peak current during startup, which

could potentially saturate the inductor. More recently, the NPI-MPC algorithm addressed

the non-minimum phase behavior in dc-dc boost converters [91] but employed continuous-

control set MPC, focusing solely on steady-state performance.

In [92], an Artificial Neural Network (ANN)-based MPC was proposed for DC-DC buck

converters to improve robustness against parameter variations. Similarly, in [93], an offline

data-driven approach was presented that works with MPC to optimally adjust its parameters.

However, these modern data-driven methods demand substantial resources and time for

training the offline models, which increases implementation costs and limits their real-time

and embedded hardware capabilities.

Despite these advancements, prior studies have not fully exploited MPC’s of multi-

objective and nonlinear control. Instead, most implementations simply replace PI modules

in the inner current loop or introduce additional control modules, increasing system com-

plexity. The multi-loop architecture also necessitates extensive parameter tuning, which

introduces delays. Moreover, these designs primarily focus on small-signal voltage perfor-

mance in the steady-state, often leading to significant current overshoot during start-up.

Artificial intelligence (AI) methods could offer better performance, but the implementation

cost is expensive and not easy to run in real-time.

Proposed in this chapter is an FCS-MPC approach for DC-DC buck converters that

synchronously controls both voltage and current. By employing MPC as a single-loop con-

troller, the method enhances transient performance and directly regulates output voltage

and inductor current [54]. This method is able to regulate the output voltage and inductor
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Figure 5.1: Block diagram of MPC for synchronous buck converters.

current for both small-signal and large-signal variations: from start-up process to steady-

state. This eliminates the need for extra over-current protection and soft-start processes,

simplifying hardware design. Furthermore, a novel cost function reformulates current control

in terms of output voltage, making current regulation implicit. The proposed cost function

enhances robustness against load disturbances. And it does not require a complex algorithm

like machine learning, so that it is efficient for real-time and embedded operation.

This paper is organized as follows. In section 5.2, the hybrid continuous-time and

discrete-time model of the dc-dc buck converter is summarized. Furthermore, the control

problem is proposed and analyzed via simulation results based on Matlab/Simulink. And

to address the issue, a new cost function design is proposed and analyzed. Section 5.3

offers experimental results to validate the control method’s effectiveness. Finally, section 5.4

concludes this paper and future work.

5.2 Working Principles of Proposed Control Strategy

Fig. 5.1 shows the circuit topology of a dc-dc synchronous buck converter, where L is

the inductance and C is the capacitance. R is the load resistance. Vi and vo are the input and
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output voltage, respectively. The switching state for transistor S1, denoted by u1, assumes

a value of 1 for the switch-on state and 0 for the switch-off state. And the switching state

u2 of transistor S2 is out of the phase with S1.

Figure 5.2: Block diagram of MPC controller

Fig. 5.2 is the block diagram of the MPC module as shown in Fig. 5.1. It contains two

sub-modules: predictive model and cost function.

5.2.1 Predictive Model Design

The independent states of the converter are the inductor current and output voltage.

The state vector is defined as x(t) = [iL(t) vo(t)]
T . Suppose that the input voltage is constant

and the controlled switching state u(t) is a system input, the continuous system is described

by the following equations:

ẋ(t) = Ax(t) + Bu(t), (5.1)
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where the matrices A and B are given by

A =

0 − 1
L

1
C

− 1
RC

 , B =

Vi

0

 .

The dc-dc buck converter can operate in CCM or DCM, depending on the value of

inductor current iL(t). Specifically, CCM refers to the case where the current iL(t) is always

positive and DCM means that the current iL(t) reaches zero during the switching cycles and

at that time u1 = 0. Since only the value of the inductor current changes operation in DCM,

the model (5.1) can also be applied in DCM. Besides, (5.1) is a nonlinear model rather than

the small-signal model. Hence, it can be applied to all running processes from start-up to

steady state.

A discrete-time model is required for MPC implementation as an internal prediction

model. For simplicity, the forward Euler’s method is used, resulting in the following discrete-

time model:

x(k + 1) = Adx(k) + Bdu(k), (5.2)

where, Ad = I + TsA, Bd = TsB, I is the identity matrix, and Ts is the sampling period.

5.2.2 Cost Function Design

The cost function J1(k), detailed in (5.3), facilitates the optimal selection of switching

state sequences for extended prediction horizons:

J1(k) = λ < iL,err > (k) + vo,err(k). (5.3)

In this specific case, the cost function encapsulates two control objectives: the average

inductor current error λ < iL,err > (k) and the output voltage error vo,err(k).
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The average current error objective is represented as the average value of the inductor

current over the prediction horizon, given by

< iL,err > (k) =
1

N

k+N−1∑
l=k

||iL(l)− IL||,

where N is the prediction horizon and IL is the average current reference.

The output voltage objective and switching constraint are defined as

vo,err(k) =
k+N−1∑
l=k

||vo(l)− Vo||,

in which Vo is the output voltage reference and IL = Vo/R. The parameter λ is a weighting

factor for the inductor current.

5.2.3 Simulation Results

Fig. 5.3 is the simulation result for the aforementioned MPC controlled buck converter

based on Matlab/Simulink for different λ.

As shown in Fig. 5.3(a), when λ is set to a small value (0.1), the current control

becomes limited, and the system prioritizes voltage control. This prioritization results in a

large current spike—approximately 20 times the nominal current value—which could lead to

inductor saturation. Such extreme current conditions would necessitate additional soft-start

and over-current protection mechanisms. As the current weighting increases with λ (same

and 10 times weighted as voltage control), the current overshoot is considerably reduced to

a safe range. This adjustment also leads to an increased voltage settling time, due to the

lower emphasis on voltage control.

The proposed control algorithm effectively manages transient performance during startup

while maintaining steady-state stability and offering high flexibility for different performance

requirements. However, it introduces inherent steady-state error under disturbances such as

load and input voltage fluctuations. As shown in Fig. 5.3(b), a 50% load increment results
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Figure 5.3: Simulation results of control effects with J1: a) start-up process; b) load variation
in the steady-state.

in distinct steady-state errors depending on the cost function weight λ. Since both current

and voltage are regulated relative to their reference values, the system’s operating quiescent

point is predetermined. When the load varies, current and voltage control interact, leading

to a new steady state that may deviate from the intended reference. As shown in Fig. 5.3(b),

a 50% load increment results in distinct steady-state errors depending on the cost function

weight λ.

5.2.4 New Cost Function Design

To address the above poor robustness issue, this paper introduces an improved cost

function, J2, based on (5.3). By analyzing the circuit diagram in Fig. 5.1 and its state-space

model in (5.2), the state equations for inductor current and its average are derived in (5.4)

and (5.5). For clarity of illustration, parasitic parameters are neglected, assuming vo = vC .

iL = Cv̇C +
1

R
vC , (5.4)

< iL >= C < v̇C > +
1

R
< vC > . (5.5)
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Substituting (5.5) into (5.3) yields:

J1 = λ
k+N−1∑
l=k

|| < iL(l) > −IL||+
k+N−1∑
l=k

||vC(l)− VC ||

= λ

k+N−1∑
l=k

||C < ˙vC(l) > +
1

R
< vC(l) > −VC

R
||

+
k+N−1∑
l=k

||vC(l)− VC ||.

(5.6)

Expanding the first term in J1, the new cost function J2 is defined as:

J2 = λ

k+N−1∑
l=k

||C < ˙vC(l) > ||

+ λ
k+N−1∑
l=k

|| 1
R

< vC(l) > −VC

R
||

+
k+N−1∑
l=k

||vC(l)− VC ||.

(5.7)

Since this formulation follows a normed vector space, the triangle inequality holds [94]:

J1 ≤ J2. (5.8)

Thus, J2 serves as an upper bound of J1. The first term in J2 represents the average

derivative of capacitor voltage. And its discrete form is given by

< ˙vC(l) >=
1

lTs

∫ lTs

0

v̇C(τ)dτ =
vC(Ts)− vC(0)

lTs

. (5.9)
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Substituting (5.9) into (5.7) gives:

J2 =
λC

lTs

k+N−1∑
l=k

||vC(l)− vC(0)||+
λ

R

k+N−1∑
l=k

|| < vC(l) > −VC ||

+
k+N−1∑
l=k

||vC(l)− VC ||

= α
k+N−1∑
l=k

||vC(l)− vC(0)||+ β
k+N−1∑
l=k

|| < vC(l) > −VC ||

+
k+N−1∑
l=k

||vC(l)− VC ||,

(5.10)

where α and β are new weighting factors given by

α =
λC

lTs

, β =
λ

R
.

Equation (5.10) represents the final form of the new cost function, comprising three

terms dependent only on the capacitor voltage (output voltage). The first term captures

voltage variations over the prediction horizon, the second term accounts for the average

voltage error, and the third term represents the instantaneous voltage error. Since current

control becomes implicit, eliminating competition between voltage and current control in the

former cost function J1.

Furthermore, J2 is a conservative upper-bound of J1 as mentioned in (5.8). J2 expands

the range of cost function penalty and decreases sensitivity to errors, changes, or uncer-

tainties [95]. Consequently, this formulation enhances robustness towards disturbances.

However, the trade-off is that J1 is more optimal than J2.
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Table 5.1: Simulation and Experimental Setup Parameters

Parameters Values
Input voltage 48 V
Output voltage 24 V
Nominal load 15 Ω
Inductance 47µH
Capacitance 94 µF
Prediction horizons N = 4
Sampling frequency 200 kHz

5.3 Experimental Results

To validate the proposed MPC algorithm’s capability to regulate both voltage and

current, a buck converter was implemented with MPC on a field-programmable gate array

(FPGA). The FPGA board used is the Xilinx Zedboard to implement the proposed MPC

method with hardware acceleration [53]. The ADC chip is AD7476a ADC (200 ksps sampling

rate) and MOSFETs type is IRF540N. The experimental setup is shown in the Fig. 5.4. The

system parameters are shown in Table 5.1. Additionally, in practice, weighting factors α and

β are typically tuned empirically based on the desired trade-off between control performance.

5.3.1 Start-up Process

Table 5.2: Performance Comparison of Start-up Process

Weighting factors (α, β) (15, 1) (10, 1) (8, 1) (10, 2)
Peak current (A) None 6.5 20 8.5
Voltage overshoot (V) None None None None
Voltage settling time (ms) 62 6 3 4
Voltage static error (%) 37.5 16.7 None None

Fig.5.5 illustrates the startup behaviors using the proposed MPC cost function J2 under

four different cost function configurations. In Fig.5.5(a), where α = 15 (high voltage change

weighting, implicit current control), voltage and current overshoot are eliminated. However,

the start-up process is delayed and the output voltage is only 13V so that the static error
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Figure 5.4: Experimental setup of synchronous buck converter with FPGA-based MPC
controller

exists as 37.5% of the reference (24V). With the decrement of α to 10, the peak current is

emerging as 6.5A and it still has 4V (8.5% of the reference) static error of output voltage .

In contrast, Fig. 5.5(c) with relatively small α = 8, which is equivalent to conventional

MPC voltage control only, exhibits a much faster dynamic response and no steady-state

error, but produces a large current spike (20A, 12.5 times the nominal value), risking inductor

saturation.

Fig. 5.5(d) demonstrates that with increased weighting of average voltage error (α =

10, β = 2), a balance is achieved—no steady-state voltage error, and the current remains

within the hardware’s safe limits. All performance data are included in the Table 5.2 for

comparison. Weighting factors (10, 2) are the optimal for this case.
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(a) α = 15, β = 1 (b) α = 10, β = 1

(c) α = 8, β = 1 (d) α = 10, β = 2

Figure 5.5: Experimental results for start-up process and steady-state with different weight-
ing factors.

5.3.2 Load Variations

Fig.5.6 shows the experimental results of comparison with J1 and J2 in steady state

when the load changes. Fig.5.6(a) and (b) show that J1 (λ = 10) has obvious static error

(2V) when the load was increased or decreased by more than 30%.

Fig.5.6(c) and (d) show that the proposed J2 (α = 10, β = 2) with the load resistance

increased or decreased by more than 30%, the output voltage remains at the reference value.

Therefore, the proposed cost function J2 with proper weighting factors has better dy-

namic performance and robustness towards start-up process and load variations.
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(a) J1 with load resistance increased more
than 30%.

(b) J1 with load resistance decreased more
than 30%.

(c) J2 with load resistance increased more
than 30%.

(d) J2 with load resistance decreased more
than 30%.

Figure 5.6: Experimental results for steady-state with load variations for cost functions J1
and J2.

5.4 Conclusion and Future Work

This chapter presented a novel MPC strategy for DC-DC buck converters, employing

a single-loop control to regulate both voltage and current. This approach enhances tran-

sient performance while ensuring stable output voltage from startup to steady-state under

disturbances, all while simplifying hardware implementation. The future work will discuss

the weighting factors influence and theirs design as they are based on prediction horizon N ,

sampling period Ts, capacitance C and the load resistance R.
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Chapter 6

Conclusion and Discussion of Findings

Figure 6.1: Workflow of this dissertation

This dissertation has successfully advanced the practical application of Finite-Control-

Set Model Predictive Control (FCS-MPC) for DC-DC power converters. By establishing a
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foundational hardware acceleration framework, this research has enabled the development

and validation of advanced, robust control strategies, demonstrating a clear pathway from

theoretical concept to practical realization. The workflow is shown in Fig. 6.1.

The primary contributions of this work form a cohesive research narrative. The inves-

tigation began by confronting the most significant barrier to MPC adoption—its computa-

tional expense. The development of a novel FPGA-based hardware acceleration framework

successfully reduced processing times to under 1µs, creating a viable platform for real-time,

embedded control. This foundational achievement enabled the subsequent design of a uni-

fied, single-loop MPC strategy that effectively co-regulates output voltage and inductor

current across all operating modes (CCM and DCM ). Recognizing the inherent robustness

limitations of this initial strategy, the research then progressed to develop two parallel and

complementary solutions. The first introduced an online adaptive weighting factor, provid-

ing dynamic and intelligent tuning to enhance performance against system variations. The

second proposed a novel cost function formulation that achieves robust control through an

elegant, implicit current regulation mechanism. The efficacy of each stage of this research

has been rigorously confirmed through extensive simulation and experimental validation.

While the contributions presented herein are significant, they also illuminate promising

avenues for future inquiry. The following areas represent the most critical next steps for

building upon this work:

(a) Optimization of the Prediction Horizon: This dissertation utilized a fixed prediction

horizon to ensure a consistent basis for comparison. However, the length of this hori-

zon presents a fundamental trade-off between control performance and computational

complexity. A systematic investigation into methods for optimizing the prediction

horizon—or even adapting it in real-time—could yield substantial performance gains

while managing implementation costs. This represents a critical research direction for

refining the balance between stability and efficiency.
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(b) Generalization of the Proposed Control Methods: The control strategies, particularly

the novel cost function developed in Chapter 3, were validated using a buck converter

topology. A valuable next step would be to generalize these methods to a wider range of

DC-DC converters (e.g., boost, buck-boost) and other power electronic systems. This

would significantly broaden the impact and applicability of the proposed controllers.

(c) Application to System-Level and Multi-Converter Architectures: The developed frame-

works have demonstrated strong performance at the single-converter level. A logical

and impactful extension of this research would be to apply these MPC strategies to

more complex, system-level applications. This includes multi-phase DC-DC converters,

series-parallel connected converter modules, and the coordinated control of multiple

converters within a microgrid, opening new possibilities for high-performance, system-

wide energy management.
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