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Abstract 

The rapid growth of electric vehicle (EV) deployment has created a strong demand for 
charging systems capable of handling higher power levels while preserving grid stability 
and maintaining satisfactory energy quality. In this work, a fast-charging architecture for 
400 V battery systems is developed using a Vienna rectifier on the AC front end and a DC–
DC buck converter on the DC stage. To enhance the performance of this topology, two 
complementary control techniques are combined: the Crystal Structure Algorithm (CryS-
tAl), used for offline optimization of switching behavior, and a Random Decision Forest 
(RDF) model, employed for real-time adaptation to operating conditions. A clear, step-
oriented derivation of the converter state–space equations is included to support control-
ler design and ensure reproducibility. This control framework improves the key perfor-
mance indices, including Total Harmonic Distortion (THD), ripple suppression, effi-
ciency, and power factor correction. Specifically, the Vienna rectifier works on input cur-
rent shaping and enhances the power quality, while the buck converter maintains a con-
stant DC output appropriate for reliable battery charging. The simulation studies show 
that the combined CryStAl–RDF approach outperforms the conventional PI- and Particle 
Swarm Optimization (PSO)-based controllers. The proposed method achieves THD less 
than 2%, conversion efficiency higher than 97.5%, and a power factor close to unity. The 
voltage and current ripples are also significantly reduced, which justifies the extended life 
of the batteries and reliable charging performance. Overall, the results portray the poten-
tial of the combined metaheuristic optimization with machine learning-based decision 
techniques to enhance the behavior of power electronic converters for EV fast-charging 
applications. The proposed control method offers a practical and scalable route for next-
generation EV charging infrastructure. 
 

Keywords: electric vehicle; Vienna rectifier; DC–DC buck converter; Li–ion battery;  
fast charging station; CryStAl–RDF algorithm 
 

  

Academic Editor: José Matas 

Received: 12 December 2025 

Revised: 19 January 2026 

Accepted: 27 January 2026 

Published: 4 February 2026 

Copyright: © 2026 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license. 



Energies 2026, 19, 830 2 of 58 
 

https://doi.org/10.3390/en19030830 

1. Introduction 
Ongoing apprehensions regarding climate change have prompted the primary en-

ergy source for our transportation system and significant government and business play-
ers to transition away from oil. Electric transmission systems have the potential to dimin-
ish oil consumption, as battery-powered vehicles could be connected to the grid, allowing 
for the recharging of their integrated battery systems through pure renewable energy 
sources (RESs). EVs are revolutionizing the transportation industry by offering a sustain-
able alternative to conventional gasoline-powered vehicles. Unlike internal combustion 
engine vehicles, EVs are powered by electric motors and rechargeable batteries, which 
reduces their dependence on fossil fuels and the emission of greenhouse gases. With de-
velopments in battery technology, modern EVs provide improved range, faster charging, 
and enhanced performance; they are now a practical choice for daily use. To promote the 
increasing adoption of electric mobility, governments and automakers worldwide are in-
vesting heavily in EV infrastructure, including smart grids and fast-charging stations 
(FCSs). EVs are anticipated to be essential to attaining a cleaner and more energy-efficient 
future as technology advances. The battery storage must fulfill the energy requirements 
for the vehicle to transition to an electric model. In recent years, advancements in lithium–
ion battery technology have rendered electric vehicles more economically viable and user-
friendly. 

In the realm of transportation electrification, EVs are growing as a significant techno-
logical advancement and a pivotal component of the power sector, primarily due to their 
zero-emission characteristics [1]. The growing interest in enhancing EVs powered by al-
ternative and RESs has resulted in a significant surge of research to advance the technol-
ogies associated with these vehicles [2,3]. EV charging systems are broadly classified into 
on-board and off-board chargers. On-board chargers (OBCs) are integrated within the ve-
hicle and convert AC power from external sources into DC for battery charging, typically 
used for residential and workplace charging up to 22 kW [4–6]. Unlike on-board chargers, 
which are limited by the vehicle’s space and cooling constraints, off-board charging units 
perform the AC–DC power conversion outside the vehicle and deliver regulated DC di-
rectly to the battery. This arrangement supports much higher charging power typically in 
the 50-to-350 kW range, making it suitable for rapid-charging applications. Because the 
conversion hardware is external, off-board systems also benefit from better thermal han-
dling, improved scalability, and reduced vehicle weight, and thus have become the pre-
ferred choice for modern fast-charging installations [7]. 

FCSs play a crucial role in encouraging large-scale EV adoption by offering signifi-
cant reductions in the replenishment time for the battery compared to conventional charg-
ing. The high-power DC chargers installed in such stations can restore driving range in a 
very short time, thereby extending the practicality of even long-distance trips. Advanced 
developments in charging technology are increasingly aimed at supporting both 400 and 
800 V battery architectures in order to accommodate a wider variety of EV models. An 
integral part of this infrastructure is the G2V power transfer that provides the pathway 
for electrical energy drawn from the grid to the battery with high efficiency while main-
taining grid stability and acceptable power quality levels [8,9]. 

AC and DC busbar systems serve as the foundation of EV charging, with AC busbars 
allocating grid power to individual chargers via distinct rectifiers, whereas DC busbars 
establish a unified, high-voltage DC link, enabling a singular, large converter to supply 
multiple chargers, thereby enhancing efficiency and power distribution. Consequently, 
the DC bus architecture is the contemporary preferred option for high-power fast charg-
ing, owing to reduced conversion stages, diminished losses, and improved integration 
with RESs. 
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Fast-charging systems for electric vehicles present many challenging requirements, 
including high-power converter stages that must support a wide range of battery voltages, 
particularly the popular 400 V and 800 V platforms. Modern chargers meet these needs 
with sophisticated power electronic architectures, along with advanced control methods 
that can deliver high efficiency, minimize conversion losses, and operate within grid 
power-quality standards. Future charging systems must be adaptable, scalable, and able 
to support new EV battery configurations as they become available and battery chemis-
tries continue to evolve [10,11]. 

Complementing developments in fast-charging converters and their control strate-
gies for EV applications, the research effort has increasingly turned, in recent times, to the 
emerging charging modality represented by wireless power transfer (WPT). Wireless EV 
charging systems typically employ either inductive or capacitive coupling to transfer en-
ergy between two coils without physical connectors, thus providing a desirable level of 
convenience and safety, for example, an overview of compensation converter topologies 
for capacitive power transfer in wireless EV charging applications, elaborating on the evo-
lution of converter topologies and the ways in which they successfully address the unique 
challenges of high-frequency and loosely coupled power transfer networks [12]. On the 
other hand, an overview of wireless charging systems for electric vehicles summarizes 
principal inductive and resonant architectures, control strategies, and system optimiza-
tion approaches [13]. These works provide insight into the wide variety of charging op-
tions under study for future EV infrastructure, from traditional hardwired fast chargers 
up to and including contactless wireless systems. While the current work focuses on wired 
Vienna rectifier-based EV fast charging with optimized control, awareness of trends and 
related converter developments in WPT improves context and helps establish general re-
search directions for comprehensive solutions to all aspects of EV charging. 

The three-level topology of the Vienna Rectifier has emerged as a promising choice 
within this context due to its strong power factor correction and high efficiency capabili-
ties [14].This particularly supports fast-charging installations, owing to its lower switch-
ing losses, better thermal performance, and lower harmonic distortion [15]. Altogether, 
the overall system, with an additional DC–DC Buck Converter, provides appropriate volt-
age and current regulation, therefore enabling the smooth integration of EV batteries over 
a wide range of voltages, encompassing both 400 V and 800 V systems used in today’s 
vehicles [16,17]. 

Modern FCSs have the challenging task of implementing G2V systems that transfer 
power from the electrical grid to an electric vehicle’s battery both rapidly and efficiently 
[18]. In order to satisfy these key requirements, the power converters in charging installa-
tions have several very demanding criteria: they must be able to handle very high power 
levels with low energy losses; maintain high power quality; and be compatible with the 
different voltages of various batteries, including the two most common ones, 400 V and 
800 V platforms. The design and control of these converters directly impact the speed at 
which batteries charge, grid stability, and long-term health [19]. 

In this paper, we introduce an improved G2V power conversion system with an ap-
propriate design for fast-charging applications. A Vienna rectifier on the AC side will be 
combined with a buck DC–DC converter for efficient and stable charging. A hybrid con-
trol strategy will be implemented herein, which relies on combining the CryStAl with an 
RDF model. The proposed approach fine-tunes the operating parameters of the converter 
for better efficiency, higher reliability, and improved power quality. 

Recent advances in power electronics have shown an increasing tendency toward 
integrating AI-based approaches to reinforce converter control performance, especially in 
those applications requiring high efficiency, fast dynamics, and robust operation. RL-
based controllers have been explored to provide adaptive control of DC–DC and AC–DC 
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converters due to their model-free learning and broad adaptation capabilities in nonlinear 
systems. However, RL methods usually need a large amount of training data, long con-
vergence time, and a heavy computational load, which can restrict their real-time, high-
frequency switching applications. 

Adaptive fuzzy logic controllers, together with optimization algorithms such as PSO 
or GA, have also been widely reported. These approaches offer interpretability and ro-
bustness to parameter variations, but their performance depends heavily on the design of 
rule bases and tuning of membership functions, which may become intricate for multi-
objective EV fast-charging systems [20]. 

In particular, ANN and deep learning-based controllers have shown outstanding 
nonlinear approximation capabilities, but their current deployment in embedded power 
electronic controllers is strongly limited by significant computational overhead and 
memory requirements, along with the lack of guaranteed inference times [21]. 

In contrast, hybrid optimization–learning frameworks seek to integrate offline global 
optimization with lightweight online inference. Among them, the proposed CryStAl–RDF 
framework focuses on ripple-oriented optimization and feasibility in real time, together 
with computational boundedness, making it especially fit for Vienna rectifier-based EV 
fast-charging systems. 

Compared to reinforcement learning and adaptive fuzzy control strategies, the pro-
posed CryStAl–RDF approach does not rely on continuous online exploration or rule ad-
aptation, due to which stability risks are significantly reduced and the computational bur-
den is lower. It utilizes offline-optimized control patterns and deterministic online predic-
tion to achieve stable and repeatable performance in rapid-switching conditions. There-
fore, CryStAl–RDF presents a practical alternative within the family of AI-enhanced 
power electronics controllers. 

1.1. Comparison with Advanced Control Strategies in the Literature 

Along with traditional PI and PSO controllers, this work is placed conceptually in 
relation to more advanced approaches such as MPC in order to contextualize its contribu-
tion within the state of the art. Model Predictive Control (MPC) approaches utilize a dis-
crete-time model of the converter in order to predict the future behavior and to optimize 
control actions over a receding horizon [22]. With explicit handling of constraints (voltage 
and current limits) and the possibility of multi-objective optimization, it is particularly 
suitable for fast-charging systems where protection and dynamic performance are critical 
[23]. However, MPC requires an accurate system model and significant computational 
effort for online optimization. Table 1 presents a Conceptual Comparison of CryStAl–RDF 
with Advanced Control Strategies. 

Table 1. Conceptual comparison CryStAl–RDF with PI, PSO, MPC. 

Control Strategy 
Model 

Dependency 
Computational 

Burden 
Ripple Reduction 

Capability 
Real-Time 
Suitability Key Limitation 

PI Low Very Low Limited Excellent 
Poor dynamic re-

sponse 

PSO Medium Medium Moderate Good 
Convergence 

issues 

MPC High High High Moderate Model 
sensitivity 

CryStAl RDF Low– 
Medium Medium High Good Training data re-

quirement 
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Unlike MPC, which requires an accurate system model and high computational re-
sources, the proposed CryStAl–RDF approach achieves adaptive optimization with low 
model dependence and thus makes it suitable for real-time fast-charging applications. 

In MATLAB(2021A)/Simulink, implemented the complete converter system and 
tested its performance for a wide range of loads and grid conditions. However, in com-
parison with classical control approaches, the proposed concept also offers some evident 
advantages: energy losses are reduced, dynamic response is improved, and the process 
runs smoother—all of which are important features for fast-charging applications. Previ-
ous works using optimization techniques like PSO, ANN, or fuzzy logic have demon-
strated improvements related to either efficiency or transient response but often face chal-
lenges with adaptive switching and incomplete suppression of unwanted electrical ripple. 
Our hybrid CryStAl–RDF framework mitigates these issues by offering a more agile and 
intelligent control solution with the capability for offline optimization of switching pat-
terns and online adjustment of converter behavior within a computational budget appro-
priate for practical hardware. In summary, the test results confirm that the Vienna recti-
fier-based G2V architecture enabled by the proposed dual-stage control strategy can 
achieve robust high-performance charging. This work is therefore supportive of the tech-
nology advancement of converters for electric drive vehicles and the further expansion of 
a reliable, sustainable charging infrastructure. 

The main contributions of this paper are as follows: 

1. The work proposes a hybrid control approach that incorporates the CryStAl into an 
RDF model, thus enabling efficient switching optimization and real-time predictive 
control for electric vehicle fast-charging applications. 

2. The optimization-enhanced Vienna Rectifier and Buck Converter configuration are 
developed for the 400 V EV battery system to minimize voltage and current ripple, 
and improve power-factor performance. 

3. Extensive performance comparison is performed with PI and PSO controllers under 
the same simulation conditions. The superiority of the proposed approach can be 
distinguished by a lower THD, higher conversion efficiency, faster dynamic re-
sponse, and better SOC regulation. 

4. Sensitivity analyses and stability margins are evaluated to confirm the robustness 
and stability of the proposed control methodology, hence proving its feasibility for 
practical application. 

Although hybrid control frameworks that combine offline optimization with online 
learning in power electronics have been explored, their applications to Vienna rectifier-
based electric vehicle fast-charging systems are relatively few, regarding mainly ripple-
oriented optimization, stability margins, and real-time implementations with low com-
plexity. The novelty in this work does not apply to the general idea of hybrid control but 
to the specific role allocation, control mapping, and implementation strategy of the CryS-
tAl–RDF framework for EV fast-charging applications. 

1.2. Scientific Contributions of This Work 

To improve clarity and explicitly position the scope of this study, the scientific con-
tributions are categorized into methodological contributions, converter-level performance 
improvements, and practical relevance for EV fast-charging stations, as summarized be-
low. 

(i) Methodological Contributions 
A hybrid CryStAl–RDF control framework is presented in this study that merges of-

fline metaheuristic optimization with online machine learning-based inference from a 
control and optimization viewpoint. The Crystal Structure Algorithm is applied here to 
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generate an optimal pattern of switching and duty cycle within a bounded multi-objective 
search space, with ripple minimization, THD reduction, and efficiency enhancement. To 
achieve real-time applicability, an RDF is trained on the CryStAl dataset for fast low-com-
plexity prediction of the control actions at runtime. Unlike the deep learning-based con-
trollers, the proposed hybrid architecture ensures bounded inference time, lowered risk 
of overfitting, and aptness for high-frequency power electronic control. 

(ii) Converter-Level Performance Improvements 
The CryStAl–RDF controller significantly enhances the electrical performance at the 

converter level of an electric vehicle fast-charging system based on a Vienna Rectifier–
Buck Converter. The simulation and experimental results show that the input current 
THD is reduced to 1.29%, overall efficiency is improved to 97.53%, and a near-unity power 
factor under rated operating conditions. Moreover, the battery-side voltage and current 
ripples are more than 50% lower than the conventional PI- and PSO-based control strate-
gies, leading to improved transient response, faster settling time, higher SOC tracking ac-
curacy, and wider stability margins for grid and load variations. 

(iii) Practical Relevance for EV Fast-Charging Stations 
The proposed control strategy is implementable with the embedded digital platforms 

that are most commonly used in commercial electric vehicle chargers. The real-time con-
troller based on an RDF approach requires minimal computational resources. Its experi-
mental verification was performed using a DSP-based prototype under scaled laboratory 
conditions. Although high-power operation (on the order of tens of kilowatts) is assessed 
through simulation, the experimental results demonstrate the feasibility, robustness, and 
scalability of the approach for practical EV fast-charging applications. The framework 
provides an effective route to further improvement of power quality, converter efficiency, 
and mitigation of battery stress for next-generation fast-charging stations. 

2. Research Gap 
Although considerable efforts have been made toward the development of fast-

charging systems for EVs, several issues still need to be tackled, according to the state-of-
the-art works. Concretely speaking, a control methodology that can offer high power qual-
ity and dynamic real-time adaptability with good hardware implementation feasibility 
has not yet been fully reached. Traditional PI controllers, being simple and easy to imple-
ment, suffer from poor dynamic performance, and, very often, ripple cannot be effectively 
suppressed under fluctuating grid voltage or battery loading conditions. Metaheuristic 
approaches such as PSO have been explored to optimize controller gains, but these meth-
ods are computationally intensive and lack real-time adaptability. Furthermore, most 
prior works focus solely on either converter-level efficiency or grid-side harmonics, with-
out a holistic framework that considers ripple-induced battery degradation, state-of-
charge (SOC) tracking, and system stability together. 

Recent hybrid control approaches integrating offline optimization with online intel-
ligent control, such as PSO–PI, GA–fuzzy, ANN-assisted PFC, and reinforcement learn-
ing-based converters, have demonstrated improvements of certain performance indices. 
Yet, these hybrid methods still suffer from significant limitations. Most of them rely on 
iterative online optimization or heavy neural inference, yielding high computational bur-
den and uncertain real-time determinism. Many are based on deep neural networks or 
reinforcement learning, requiring big training datasets, extensive tuning, and continuous 
stability supervision, further complicating embedded implementation. Moreover, current 
hybrid strategies seldom explicitly embed ripple-aware optimization linked to battery 
health, and stability margins are seldom quantified. Thus, the state-of-the-art hybrid so-
lutions are fragmented, aiming at individual objectives rather than offering a unified, 
hardware-feasible control framework. 
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Machine learning techniques have shown promise in power electronics but are either 
too complex (deep neural networks) for real-time implementation or lack integration with 
offline optimization frameworks. Therefore, a clear research gap exists for an integrated 
and practically deployable hybrid control architecture that: 

• Employs structured offline optimization explicitly targeting ripple minimization and 
switching-loss reduction. 

• Provides fast, real-time adaptability using low-latency machine learning (online). 
• Directly links ripple reduction to battery health indicators such as SOC stability and 

capacity fade. 
• Ensures high gain and phase margins for dynamic stability. 
• Is feasible for embedded implementation (DSP/FPGA). 

To address these limitations, this work presents a CryStAl–RDF hybrid control 
framework that is fundamentally different from any existing hybrid approach. CryStAl is 
used only as an offline, bounded, lattice-based optimizer to produce ripple-aware, loss-
minimized switching patterns, hence avoiding online metaheuristic iterations. Optimized 
patterns produced by CryStAl are then used to train an RDF that, in turn, conducts fast, 
deterministic, lightweight, real-time prediction of switching commands. Compared with 
deep learning-based or iterative hybrid controllers, the proposed framework guarantees 
high power quality, increased stability margins, and improved battery health while en-
suring computational efficiency and suitability for embedded implementations. The uni-
fied design represents a novel contribution beyond the state-of-the-art hybrid control ap-
proaches for the EV fast-charging system. 

3. Converter Topologies for EV Charging 
The different topologies of converters used in the EV charging system, as shown in 

Figure 1, play a vital part in power conversion with high efficiency, reliability, and flexi-
bility. These circuits convert AC from the grid to proper DC levels for battery charging 
while fulfilling requirements regarding voltage, current, and overall power handling. Fig-
ure 1 presents some of the major converter configurations commonly used in modern EV 
chargers [5,6]. 

 

Figure 1. Topologies of converters for EV charging systems. 
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AC–DC converters are essential parts of Level-1, Level-2, and DC fast-charging sta-
tions for converting the AC supply into DC power to be used by EV batteries. For fast-
charging applications, this stage should provide high efficiency, robust reliability, and the 
capability of withstanding heavy power while ensuring good quality. The AC–DC inter-
face is thus one of the most critical parts of the charging system, since it decides energy 
conversion efficiency, the level of disturbance to the grid, and how the output would be 
suitable for further conditioning in the follow-on DC-to-DC converter. 

This section reviews the main AC–DC converter topologies adopted in EV fast-charg-
ing stations, presenting their operating principle, strengths and limitations, and typical 
use cases [24–26]. Table 2 summarizes the key features of the adopted converter topolo-
gies. The AC–DC converter represents the main interface between the grid and the DC 
charging stage, performing tasks such as AC power rectification, PFC control for near-
unity power factor, regulation of the DC output voltage for downstream converters, and 
THD minimization to ensure grid compliance. 

In EV FCSs, the AC–DC converter plays a vital role in converting AC from the grid 
into DC suitable for EV battery charging, with various converter topologies offering spe-
cific advantages and limitations. The Three-Phase Buck-Type Rectifier (TPBR) [27] steps 
down AC voltage and provides high power density and overcurrent protection, making 
it suitable for medium-power applications, though it is limited to step-down operation 
and may affect power quality when used for simultaneous multi-EV charging rectifiers 
[28]. Its variant, the Swiss rectifier, includes two extra switches to reduce conduction and 
switching losses, enabling improved PFC, reduced THD, and better performance in mid-
power EV fast chargers, although scalability and control complexity remain challenges 
[29–31]. Figure 2 presents the overall architecture of the CryStAl–RDF-based fast-charging 
system. The Vienna rectifier has a three-level rectifier structure, as seen in Figure 3a. These 
topologies achieve PFC using a minimal number of active switches, commonly used in 
high-efficiency EV fast chargers and industrial applications [32]. The Vienna Rectifier of-
fers low harmonic distortion, excellent PFC, and simplified thermal management with 
fewer switches, though it only supports unidirectional power flow and requires complex 
control [33,34]. The Boost-Type Rectifier boosts AC to higher DC voltage, enables bidirec-
tional power transfer, and is suitable for high-power applications but suffers from high 
component stress, larger filter requirements, and increased switching losses—issues that 
can be mitigated by adding ultra-fast DC rail diodes. Finally, the Neutral-Point Clamped 
(NPC) Converter is a multilevel topology ideal for ultra-fast or megawatt-scale EV 
chargers, providing low THD, reduced voltage stress, and high efficiency, though its com-
plex control and high component count can raise costs and present voltage balancing chal-
lenges [35]. 

Table 2. A comparison of the performance of various AC–DC converter topologies for EV FCS 
[4,31,32]. 

Feature Vienna Rectifier Boost Rectifier NPC Rectifier Swiss Rectifier 
Type Boost Boost Boost Buck 
Output Voltage High High High Low 
Efficiency ~96–98% ~95–97% ~95–98% ~96–98% 
THD <5% ~5–8% <3% <5% 
Power Density High Medium High Medium 
Control Complexity Medium Low High Low 

Best Use Case Ultra-fast chargers 
Medium-power 
chargers High-power chargers Medium-voltage EVs 
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4. Proposed Fast-Charging Station of EV 
Accordingly, for EV fast-charging systems, high efficiency, low THD, and a robust 

PF are all crucial factors to minimize energy losses with stable interaction to the electrical 
grid. The Vienna rectifier is considered one of the favored AC-DC conversion options ow-
ing to its three-level structure, allowing excellent harmonic performance with high effi-
ciency and power density in a compact format. Further, when integrated with intelligent 
control approaches, such as the CryStAl–RDF strategy put forward in this research work, 
the system yields further improvements in ripple suppression and conversion efficiency, 
thus being well suited for EV battery charging applications operating at 400 V. 

The architecture shown in Figure 2 combines a Vienna rectifier at the front end with 
a DC–DC buck converter to satisfy the fast-charging requirements of modern EVs. The 
control framework of CryStAl–RDF, which fuses the optimization principles with ma-
chine learning-based decision capability, has been used to refine the switching behavior 
of the rectifier. This coordinated control helps reduce the input current ripple and main-
tains a stable output voltage to eventually improve efficiency and reliability within the 
charging system. 

 

Figure 2. The architecture of the proposed FCSs for EV. 

4.1. Battery Modeling 

The State of Charge (SOC) is the remaining energy stored in the battery in relation to 
its maximum capacity, and, to put that in perspective, it should indicate how much charge 
is available instantaneously. It usually is stated as a percentage and is one of the main 
status indicators of health or operation. In EV systems, reliable SOC modeling will prevent 
the occurrence of overcharge or deep discharge conditions, either of which may lead to 
the loss of battery life or degradation of system performance. The mathematical definition 
of SOC is, 𝑆𝑂𝐶(𝑡) = ொೝ೐೘ೌ೔೙೔೙೒(௧)ொ೙೚೘೔೙ೌ೗ × 100  (1)

where SOC(t) denotes the State of Charge at time t (in %), and 𝑄௥ୣ୫ୟ୧୬୧୬୥(𝑡) represents 
the remaining charge in the battery at time t (in Ah or Wh). 𝑄௡௢௠௜௡௔௟  represents the bat-
tery’s nominal capacity (in Ah or Wh), typically specified by the manufacturer. Depth of 
Charge (DOC) denotes the proportion of energy currently stored in the battery relative to 
its total capacity similar to SOC. It reflects the same concept but is typically used to em-
phasize the remaining charge in contrast to the Depth of Discharge (DOD) [36–38]. The 
mathematical definition of DOC is 
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𝐷𝑂𝐶(𝑡) = 𝑄ௗ௜௦௖௛௔௥௚௘ௗ(𝑡)𝑄௡௢௠௜௡௔௟ × 100 (2)

DOC(t) is complementary to the DOD. 

DOC(t) = 100 − DOD(t) (3)

where 𝑄ௗ௜௦௖௛௔௥௚௘ௗ(𝑡) is the total charge discharged from the battery up to time t (Ah or 
C). 
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Equation (4) represents a semi-empirical model of battery capacity, capturing the 
nonlinear influences of discharge current and temperature on the available capacity. The 
formulation is widely used in lithium–ion battery modeling for capacity fade under con-
ditions of high current and temperature variations. In this model, 𝐶଴(Ah) is the nominal 
capacity of the battery at reference temperature 𝜃௙, while 𝑖௡(A) represents the rated bat-
tery current. The parameter 𝑘௖ is the capacity correction coefficient that adjusts the effec-
tive capacity due to discharge current variations. 𝛿 is the exponent that determines the 
nonlinearity in capacity loss due to current; ε encompasses the temperature sensitivity 
exponent. 𝜃(°C) is the temperature of electrolyte, and 𝜃௙(°C) is the reference temperature 
where the nominal capacity is specified. The empirical nature of this model makes it very 
popular for analysis of EV battery performance under dynamic operating conditions, in-
cluding fast-charging and traction applications, where the change in current and temper-
ature significantly impacts the performance of batteries. 

The electric charge is augmented from the battery during the traction state of EV op-
eration, as articulated in Equation (5). 

( ) =−=
t
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where the battery current is defined as 𝑖௕௔௧ . 
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where 𝑞௘ denotes the Extracted (discharged) electric charge from the battery up to time 
t, and the battery module discharge average current is defined as 𝑖௙௜௟. 
4.2. Mathematical Model of a Three-Phase Vienna Rectifier 

The Vienna rectifier is a three-level unidirectional rectifier topology commonly used 
in applications requiring high power quality and efficient energy conversion. The Vienna 
rectifier architecture comprises six diodes and six active semiconductor switches, either 
MOSFETs or IGBTs [32]. The three-phase, three-level voltage regulator configuration, ex-
hibiting voltage stress of Vdc/2 on each diode and semiconductor switch, is illustrated in 
Figure 3a. Two capacitors are employed on the DC side, while three inductors are con-
nected in parallel on the AC input side. The grid’s neutral point aligns with the DC con-
nection’s neutral point. The operating modes of three-level Vienna rectifier are visually 
illustrating one branch path existing in each phase. The remaining two branches of the 
system operate in the same manner as the first but are shifted by 120° to accommodate the 
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three-phase structure. These are the basic building blocks of the architecture studied in 
this work, along with its operating characteristics [39]. 

The Vienna rectifier is a very popular three-level AC–DC converter. It presents a very 
high efficiency and excellent power-quality performance. Its three-level voltage shaping 
capability significantly improves harmonic behavior and conversion efficiency; it is thus 
very suitable for applications like electric vehicle charging infrastructure, renewable en-
ergy integration, and industrial power systems. An accurate mathematical description of 
the rectifier is the necessary precondition that allows proper simulation, elaboration of 
controllers, and optimization of the performance [40,41]. 

In what follows, we present the principal governing equations that describe the in-
ternal dynamics of the Vienna Rectifier, both in terms of its voltage and current behavior. 
These formulations underpin the feedback and predictive control mechanisms employed 
in the proposed CryStAl–RDF optimization framework. 

The three-phase AC input voltages are stated as       𝑣௔(𝑡)  = Vm𝑠in(𝜔t) (7)      𝑣௕(𝑡)  = Vm𝑠in(𝜔t − 2𝜋/3) (8)𝑣௖(𝑡)  = Vm𝑠in(𝜔t + 2𝜋/3) (9)

where Vm is the peak phase voltage, and 𝜔 = 2𝜋𝑓 is the angular frequency. 
The Vienna rectifier assumes balanced input currents. Therefore, Kirchhoff’s Current 

Law at the AC side yields: 𝑖௔(𝑡) + 𝑖௕(𝑡) + 𝑖௖(𝑡) = 0 (10)

where 𝑖௔(𝑡),  𝑖௕(𝑡),  𝑖௖(𝑡) are the phase currents. 

4.2.1. Input Current Dynamics 

The phase currents are governed by the voltage difference across the AC inductance 
L, determined by 𝐿 ୢ௜ೌୢ௧ =  𝑣௔ −Van (11)

𝐿 ୢ௜್ୢ௧ = 𝑣௕ −Vbn (12)

𝐿 ୢ௜೎ୢ௧  = 𝑣௖ −Vcn (13)

where Van, Vbn, Vcn are the terminal voltages at the input relative to the DC-link midpoint. 
Equations (11)–(13) define the phase current dynamics, which are critical for estimating 
the input current ripple and controlling harmonics. These form the basis of the feedback 
signals used in both the PI controller and RDF-based current prediction. 

4.2.2. Switching Function Representation 

The state of the rectifier switches can be expressed using a sinusoidal modulation 
scheme: 

Sx = sgn(𝑖௫) · 𝑚௫(t) (14)

where Sx is the switching state, sgn(𝑖௫) indicates current polarity, and 𝑚௫(t) is the index 
for phase 𝑥(𝑥 ∈ ሼ𝑎 𝑏 𝑐ሽ). 
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4.2.3. Vienna Rectifier Modulation 

To transform a three-phase into a two-phase stationary system, Clark transformation 
is used, and it is called a stationary frame [42]. The math derivation of the Clark transfor-
mation is articulated as follows, 
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Equation (15) may be reformulated as follows, 
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Here, the phase angle 𝜙 is articulated as follows, 



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(17)
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Figure 3. Illustration of working of Vienna rectifier: (a) Vienna rectifier; (b) Mode I; (c) Mode II; (d) 
Mode III; (e) Mode IV; (f) Mode V. 

Figure 3 depicts the Working of the Vienna rectifier. The study by [43] largely con-
centrates on clarifying the operational stages of the converter just for a and a1 sequences. 
Conversely, our research enhances comprehension by thoroughly elucidating the con-
verter’s action for the duration of the “Phase-A” current, as seen in Figure 3. 

In mode I, the diode D1 is deactivated when the reference voltages Va and Vb are in 
the positive half-cycle, and all controlled switches (IGBTs/MOSFETs) are activated. At this 
time, the current flows from VaL1Sa to VbL2Sb and returns to the grid from ScL3Vc, as seen 
in Figure 3b. In mode II, the diode D1 activates when the reference voltage Va is in the 
positive half-cycle, and the switches Sb and Sc are engaged. At this point, the current flows 
via VaL1D1C1 and returns to the grid via SbL2Vb and ScL3Vc, indicating that capacitor C1 is 
charging, as seen in Figure 3c. In mode III, the D1 and D2 diodes are activated when the 
reference voltages Va and Vb are in the positive half-cycle, and the controlled switch Sc is 
engaged. At this point, the current flows via VaL1D1C1 and VaL2D2C1, returning to the grid 
from ScL3Vc, indicating that capacitor C1 is charging, as seen in Figure 3d. In mode IV, the 
D5 and D6 diodes are activated when the reference voltage Va is in the positive half-cycle 
and the switch Sa is engaged. At this point, the current flows via VaL1SaC2 and returns to 
the grid from D5L3Vc and D6L3Vc, indicating that capacitor C2 is charging, as seen in Figure 
3e. Likewise, in mode V, the D6 is activated when the reference voltages Va and Vb are in 
the positive half-cycle, and the switches Sa and Sb are engaged. The current flows from 
VaL1SaC2 to VaL2SbC2 and returns to the grid from D6L3Vc, indicating that capacitor C2 is 
charging, as seen in Figure 3f. In the analysis of “Phase A”, the operations obtained are 
equally applicable to “Phase B” and “Phase C”. Figure 3 illustrates many circuit diagrams 
of the converter during a single “Phase A” interval. Nonetheless, the two sequences (a) 
and (a’) [43] are distinct from other sequences in that two diodes conduct concurrently 
during the OFF phase, rather than a single diode conducting during the OFF phase of (a) 
and (a’). Following the expansion of the investigation to phases B and C, more intermedi-
ate sequences emerge due to the existing phase shift among the three phases. 

4.3. Unidirectional DC–DC Buck Converter 

Figure 4 displays the Circuit diagram of the DC–DC buck converter. The output volt-
age transfer function (Vo/Vin) of a buck converter is derived based on the relationship 
among the input voltage (Vin), duty cycle (D), and output voltage (Vo) [44,45]. In an ideal 
buck converter operating in CCM, the duty cycle and input voltage exactly determine the 
output voltage. 
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Figure 4. Circuit diagram of DC–DC buck converter. 

𝐷 = 𝑣଴𝑣௜௡ (18)

where the duty cycle (D) is the ratio of the switching device’s ON time (Ton) to the total 
switching period (Ts): 

D = Ton/Ts (19)

When considering dynamic effects such as the inductor and capacitor, the small-sig-
nal transfer function that relates D to the output voltage (𝑣଴) is as follows: ௩బ(௦)ௗ(௦)  = ௩೔೙ଵ ା ௌ ಽೃ ା ௌమ௅஼ (20)

where C is the output capacitance, R is the load resistance, L is the inductance, and S is 
the Laplace variable. This transfer function has a double pole, and its resonance frequency 𝜔଴ is determined by 𝜔଴ = ଵ√௅஼ (21)

Step-by-Step State–Space Modeling of Buck Converter 

To derive the state–space model of the Buck Converter, begin with its equivalent cir-
cuit. The inductor current 𝑖௅ and output capacitor voltage 𝑣௖  are chosen as state varia-
bles. The input voltage Vin is the system input, and the output voltage 𝑣௖ is the system 
output. 

Step 1: Define State Variables 𝑥ଵ = 𝑖௅: Inductor current; 𝑥ଶ = 𝑣௖: Output voltage; 
Input: u = Vin ⋅ d(t), where d(t)d(t)d(t) is the duty cycle; 
Output: y = 𝑥ଶ. 
Step 2: Write Differential Equations 
From the Buck Converter circuit 𝐿 ௗ௜ಽௗ௧  = Vin d(t) − 𝑣௖ (22)

𝐶 ௗ௩೎ௗ௧  = 𝑖௅  −  ௩೎ோ   (23)

Step 3: Express in Matrix Form 

ௗௗ௧  ൤𝑖௅𝑣௖൨ = ቎0 −ଵ௅ଵ஼ − ଵோ஼቏ ൤𝑖௅𝑣௖൨ + ቈଵ௅0቉ Vin d(t) (24)

y = ሾ0 1ሿ ൤𝑖௅𝑣௖൨ + ሾ0ሿ u (25)
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Step 4: Final State–Space Form 

x˙ = Ax + Bu, y = Cx + Du (26)

where: 

x = ሾ𝑖௅ 𝑣௖ሿT (27)

A = ቎0 −ଵ௅ଵ஼ − ଵோ஼቏ (28)

B = ቈଵ௅0቉ (29)

C = ሾ0 1ሿ (30)

D = 0 (31)

The mathematical expressions outlined in Section 4 form the core analytical founda-
tion for interpreting the system dynamics and developing the control algorithms. The 
voltage and current relationships of the Vienna Rectifier (Equations (7)–(13)) are used to 
evaluate harmonic behavior and to regulate the DC-link voltage that supplies the Buck 
Converter. The switching relationships and modulation principles (Equations (14)–(17)) 
are central to generating the optimized pulse patterns required by the CryStAl algorithm. 

Similarly, Equations (18)–(21) provide the Buck Converter equations that define the 
transfer characteristics responsible for output voltage regulation, ripple control, and over-
all system stability. In their entirety, these formulations allow for the realization of the 
three implemented control strategies: PI, PSO, and the proposed CryStAl–RDF method. 
The methodologies express the electrical behavior of the converter stages with great accu-
racy, further facilitating the parameter tuning and optimization process. 

4.4. Proposed CryStAl–RDF Control Technique 

This section presents a new strategy for pulse generation inspired by the geometric 
and repetitive features found in the formations of crystals. The periodic and symmetric 
structure from the lattices of crystals provides a conceptual basis for formulating an opti-
mization task in pulse generation, similar to finding the most stable atomic position within 
a lattice. By using this analogy, the method here reaches a balanced optimization between 
linked critical performance objectives: minimizing THD, reducing switching losses, and 
improving PFC. 

The CryStAl–RDF control framework integrates the CryStAl with an RDF model for 
the determination of more efficient switching signals in power converters. Since crystal 
lattices can be described mathematically through vector relationships and symmetry 
transformations, mapping of the switching instants of the converter to lattice points within 
an optimization space can be performed. In this framework, the CryStAl algorithm pro-
vides the initial optimized pulse patterns for the Vienna Rectifier, which forms the basis 
for subsequent refinement and real-time prediction. 

Starting from the initial pulse pattern generated by the CryStAl algorithm, refine-
ment is performed by the RDF model, working as an ensemble-based predictor made up 
of several decision trees. The RDF module reviews operating conditions and selects the 
most suitable control pulse, thus achieving more accurate and adaptive decisions for 
switching. Such a combined strategy of refinement results in the fine-tuning of key con-
troller parameters in the CryStAl–RDF method, including proportional and integral gains, 
where enhanced pulse shaping, ripple reduction in voltage and current, and more stability 
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in battery charging can be observed. By combining these complementary approaches, the 
hybrid control framework considered here significantly enhances converter performance 
and ripple suppression in fast-charging applications. Unlike the more conventional con-
trol techniques that are based primarily on fixed rules or offline optimization, the CryS-
tAl–RDF approach integrates the exploratory capabilities of a metaheuristic optimizer, 
CryStAl, with the fast, pattern-driven decision capabilities of a machine learning model, 
RDF. The result is an adaptive-intelligent control scheme better suited to dynamically 
changing grid and load conditions. 

This hybrid design allows the converter to: 

• Automatically learn optimal switching actions from simulation data. 
• Generalize to unseen load/grid scenarios. 
• Reduce THD and ripple without traditional feedback tuning. 

Although similar offline–online hybrid control philosophies have been documented 
in the literature, most of the current studies depend on PSO/GA integrated with ANN or 
fuzzy inference systems. In contrast to these, the proposed CryStAl–RDF framework fore-
grounds ripple-centric optimization, enhancement of stability margins, and real-time fea-
sibility. The effectiveness of this particular combination is demonstrated through a sys-
tematic comparison with PI- and PSO-based controllers under identical conditions, un-
derlining improvements in power quality, reduced ripple, and augmented robustness. 

4.4.1. Rationale for CryStAl–RDF Hybrid Control Framework 

The choice of the CryStAl and RDF algorithms is justified in that they represent com-
plementary properties in the control of power electronic converters. CryStAl is particu-
larly effective in the exploration of a continuous, bounded optimization space in search of 
globally optimum duty-cycle patterns under multi-objective constraints like ripple mini-
mization, THD reduction, and efficiency maximization. Unlike PSO and GA, CryStAl ex-
hibits smoother convergence and lower sensitivity to initial conditions, making it a suita-
ble choice for offline pulse optimization. 

However, the deployment of metaheuristic algorithms in real time, directly and with-
out any mechanism for optimization, is computationally intensive and inadequate for 
high-frequency switching applications. To mitigate this limitation, RDF is employed as a 
lightweight online predictor that learns the mapping from system states to the optimal 
duty cycles that CryStAl generates offline. 

RDF is preferred over deep neural networks due to its lower computational burden, 
bounded inference time, and greater resilience to overfitting when trained on moderately 
sized datasets. In particular, this makes the CryStAl–RDF combination particularly appro-
priate for embedded electric vehicle charging controllers operating at switching frequen-
cies between 50 and 100 kHz. 

The CryStAl–RDF framework exploits the naturally occurring time-scale separation 
in power electronic systems from a control-theoretic perspective. Optimization of switch-
ing patterns and duty-cycle trajectories is carried out offline by the CryStAl algorithm, 
which runs on a slower optimization time scale and without any real-time computational 
constraints. On the other hand, the online control problem involves fast and deterministic 
computation within the PWM cycle. RDF addresses this by providing constant-time infer-
ence, thus conducting real-time duty-cycle prediction without iterative optimization. 

The CryStAl algorithm is specially suitable for duty-cycle optimization problems, as 
the PWM control inherently involves a bounded, periodic, and multi-objective problem. 
The duty cycles are confined to the interval [0, 1], display periodic symmetry with the 
switching frequency, and must concurrently minimize ripple and THD along with switch-
ing losses. CryStAl’s lattice-based position update mechanism naturally enforces bounded 
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solutions, controlled step sizes, and structured exploration of the feasible search space, 
hence avoiding abrupt duty-cycle variations that are known to induce current ripple and 
harmonic distortion. 

Compared with other hybrid intelligent control approaches, such as reinforcement 
learning or neural network-based controllers, the CryStAl–RDF architecture will offer bet-
ter stability and feasibility of implementation. Reinforcement learning methods require 
extensive online exploration and reward shaping, which can introduce instability in 
safety-critical power converters. Deep neural networks, while expressive, impose high de-
mands on computation and memory and are prone to overfitting when trained under lim-
ited operating conditions. In contrast, RDF offers deterministic inference time, inherent 
regularization by ensemble averaging, and robust generalization from moderately sized 
training datasets. 

Thus, the CryStAl–RDF combination is not an arbitrary hybridization but a struc-
tured control architecture in which offline metaheuristic optimization guarantees global 
optimality and online machine learning inference ensures fast, stable, and hardware-fea-
sible control. The synergy yields tangible advantages in ripple suppression, efficiency en-
hancement, and real-time adaptability that are difficult to achieve using standalone opti-
mization or learning-based approaches. 

The real-time viability of the proposed CryStAl–RDF controller was evaluated by an-
alyzing the computational cost involved in RDF inference. Unlike controllers based on 
iterative optimization or deep neural networks, the RDF model performs inference by a 
fixed number of decision tree comparisons, resulting in deterministic and bounded com-
putational complexity. 

In the implemented solution, the RDF consists of 20 shallow decision trees with a 
maximum depth of 5. This implies that each inference cycle involves less than 100 com-
parison operations, which can be performed efficiently using fixed-point or floating-point 
digital signal processor (DSP) architectures. For the experimental prototype developed 
using the TMS320F28379D DSP platform, the estimated RDF inference time is approxi-
mately 1–2 µs per control cycle, which is well within the time budget for switching fre-
quencies between 50 and 100 kHz. 

This small computational cost ensures that the RDF controller does not interfere with 
the critical real-time tasks such as PWM generation, current sensing, and protection rou-
tines. Therefore, the CryStAl–RDF system can be applied in real-world embedded electric 
vehicle fast-charging controllers for fast response and correct operation without the need 
for high-performance GPUs or hardware acceleration. 

4.4.2. Generation of Control Pulse Using CryStAl Algorithm 

The periodic crystal structure is characterized by an infinite lattice configuration, 
from which certain lattice points are designated for the purpose of identifying the position 
of a lattice point using a vector, as described below, 

= iianr
 

(32)

Here, 𝑛௜𝑎௜ denotes the shortest vector according to the concept of crystallographic 
direction and indicates the count of crystal corners [46,47]. The procedure for generating 
control pulses utilizing the CryStAl algorithm is succinctly outlined below. Figure 5 dis-
plays the Flowchart of the CryStAl algorithm, and the pseudocode of the CryStAl is illus-
trated in Table 3. 
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Table 3. Pseudocode of the CryStAl. 

Procedure CryStAl 
Create random values for initial positions 𝑥௜௝ of initial crystals 𝐶𝑟௜ 

Validate fitness values for each crystal 
While (t < maximum iteration count) 

For i = 1: count of initial crystals 
Create 𝐶𝑟௠௔௜௡ 

Create new crystals by using Equation (35) 
Create 𝐶𝑟௕ 

Create new crystals by using Equation (36) 
Create 𝐹஼ 

Create new crystals by using Equation (37) 
Create new crystals by using Equation (38) 
if new crystals violate boundary conditions 

Control the position constraints for new crystals and modify them 
End if 

Validate the fitness values for new crystals 
Update global best (GB) if a better solution is found 

end for 
1+= tt  

end while 
return GB 

end procedure 

Start

Initializing 
cri1=randamxi1

Create new crystal 
(Crmain)

NO

Evaluate fitness 
value of
crystal

While
t < maximum

iteration Control position
constraints

Create new crystal 
(Crb)
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Crystal ≠ Boundary
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Update Global Best 
(GB)

Evaluate fitness 
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t=t+1

Return GB

Create new crystal 
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End

For
i=1

NO

NO

YES

YES

YES

 

Figure 5. Flowchart of the CryStAl algorithm. 
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Step 1: Initialization 

The input parameters, including voltage, current, and duty cycle, are set here. 

Step 2: Random Generation 

The input parameters are randomly created in matrix format for iterative purposes, 
as outlined below. Here, D represents duty cycle. 

𝑌 = ൦𝐷ଵଵ ⋯ ⋯ 𝐷ଵ௡𝐷ଶଵ ⋯ ⋯ 𝐷ଶ௡⋮ ⋮ ⋮ ⋮𝐷௠ଵ ⋯ ⋯ 𝐷௠௡൪ (33)

Step 3: Evaluation of Fitness Function 

The fitness is assessed according to the objective function that delineates the mini-
mizing of mistakes about the present ripple. Consequently, it is articulated as, 

F = Min (Error) (34)

Step 4: Position Updation 

The foundation of the lattice concept is established to enhance the positioning of can-
didate solutions inside the search area, including four distinct updating processes. 

1. Simple cubicle: 𝐶𝑟௡௘௪ = 𝐶𝑟௢௟ௗ + 𝐶𝑟௠௔௜௡ + 𝑟𝐶𝑟௠௔௜௡ (35)

2. Cubicle with best crystals: 𝐶𝑟௡௘௪ = 𝐶𝑟௢௟ௗ + 𝑟ଵ𝐶𝑟௠௔௜௡ + 𝑟ଶ𝐶𝑟௕ (36)

3. Cubicle with mean crystals: 𝐶𝑟௡௘௪ = 𝐶𝑟௢௟ௗ + 𝑟ଵ𝐶𝑟௠௔௜௡ + 𝑟ଶ𝐹௖ (37)

4. Simple cubicle: 𝐶𝑟௡௘௪ = 𝐶𝑟௢௟ௗ + 𝑟ଵ𝐶𝑟௠௔௜௡ + 𝑟ଶ𝐶𝑟௕ + 𝑟ଷ𝐹௖ (38)

The above equation depicts the new position as Crnew and the previous position as 𝐶𝑟௢௟ௗ, and the main position as 𝐶𝑟௠௔௜௡. 𝐹஼ denotes the crystallization factor, and r, r1, r2, 
and r3 denote the random number. 

Step 5: Termination Criteria 

The algorithm checks the termination criterion with regard to the previously set max-
imum number of iterations. In that case, the duty-cycle optimization process is considered 
finished. 

Step 6: Stop 

Specifically, the algorithm checks whether the termination condition has been met. If 
yes, the procedure is ended; otherwise, it goes back to Step 3 for the continuous optimiza-
tion process. The final optimized switching parameters are obtained as the output of the 
algorithm. The output of the algorithm is as follows: 

൦𝐷ଵଵ ⋯ ⋯ 𝐷ଵ௡𝐷ଶଵ ⋯ ⋯ 𝐷ଶ௡⋮ ⋮ ⋮ ⋮𝐷௠ଵ ⋯ ⋯ 𝐷௠௡൪ = ⎣⎢⎢
⎡ (𝑉, 𝐼)ଵଵ ⋯ ⋯ (𝑉, 𝐼)ଵ௡(𝑉, 𝐼)ଶଵ ⋯ ⋯ (𝑉, 𝐼)ଶ௡⋮ ⋮ ⋮ ⋮(𝑉, 𝐼)௠ଵ ⋯ ⋯ (𝑉, 𝐼)௠௡⎦⎥⎥

⎤
 (39)
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4.4.3. Physical Interpretation and Mapping of CryStAl Lattice Vector to PWM Duty Cycle 

In the proposed control framework, the CryStAl algorithm represents a metaheuristic 
optimizer used to determine the PWM duty cycle for both the Vienna rectifier and the 
DC–DC buck converter. In spite of the fact that CryStAl takes its inspiration from geomet-
ric formations of crystalline lattices, its application in this work is strictly numerical and 
oriented toward control applications. 

Each candidate solution (crystal) is represented by a lattice position vector: 

Cr = [d1, d2, …, dn] (40)

where 𝑑௜  corresponds to a normalized duty-cycle candidate bounded within the feasible 
switching limits 0 < 𝑑௜ < 1. Thus, the lattice vector does not represent a physical cube in 
space, but rather a multi-dimensional search space of admissible PWM duty ratios. The 
term “cubicle” refers to the bounded hypercube that defines the acceptable duty-cycle 
span. This bound is imposed by various converter constraints, including continuous con-
duction mode (CCM), inductor current ripple limits, and semiconductor safe operating 
area (SOA). The mapping equation of CryStAl Lattice Vectors to the PWM Duty Cycle is 
as follows: 𝑑௉ௐெ = 𝑑௠௜௡ + ௖௥೔ି ௖௥೘೔೙௖௥೘ೌೣି ௖௥೘೔೙ (𝑑௠௔௫− 𝑑௠௜௡) (41)

where 𝑑௉ௐெ is the actual PWM duty cycle applied to the converter,𝐶𝑟௜ denotes the up-
dated lattice position from CryStAl, and 𝑑௠௔௫ 𝑎𝑛𝑑 𝑑௠௜௡ denote duty-cycle bounds (e.g., 
0.1–0.9). 

The new lattice vectors, obtained through CryStAl position updates, determine the 
PWM duty cycle directly and hence the inductor current slope and the dynamics of the 
output voltage. The CryStAl algorithm indirectly optimizes the switching instants with-
out explicit time-domain switching calculations by minimizing the current ripple and 
voltage error through the fitness function. This mapping facilitates smooth adaptation of 
the duty cycle while avoiding abrupt transitions that would increase harmonic distortion 
or switching stress. 

While conceptually grounded in atomic lattice organizations, the CryStAl has been 
reformulated in this work to represent directly the control quantities of interest for power 
electronic converters. More precisely, crystal positions map to duty-cycle values of the 
Vienna Rectifier switches rather than to abstract spatial coordinates. In the proposed for-
mulation, Crm represents the main crystal position and corresponds to the nominal duty-
cycle reference that sustains the DC-link voltage at its setpoint. The best crystal position, 
Crb, is defined as the duty-cycle candidate that provides the lowest value of the multi-
objective cost function comprising THD, DC-link voltage ripple, and switching losses. The 
expression Fc is a crystal force coefficient that determines the step size of duty-cycle up-
dates, hence enabling smooth convergence and preventing abrupt switching variations. 

Each iteration of CryStAl produces a new candidate duty-cycle value within prede-
fined limits (0 ≤ D ≤ 1) using the crystal position update equation. These optimized duty-
cycle values are mapped to PWM switching instants through a carrier-based modulation 
scheme. Therefore, the crystal-based position updates are not just some abstract vectors 
but are directly used to define the on–off duration for the semiconductor switches in the 
Vienna Rectifier. 

Since CryStAl optimization runs offline, optimal duty-cycle patterns are at once pre-
computed and stored, to be later used for training the RDF model. Therefore, during 
runtime, RDF can predict the switching commands quickly without iteration computa-
tions. 
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4.4.4. Theoretical Rationale for Selecting the CryStAl in Power Converter Control 

In contrast to population-based metaheuristics relying on random velocity updates 
(e.g., PSO) or stochastic walks (e.g., ALO), the CryStAl algorithm updates candidate solu-
tions via structured lattice vectors. This characteristic is particularly appropriate for PWM 
duty-cycle optimization, wherein the solution space is bounded, periodic, and shows 
strong correlations due to switching symmetry. The native lattice-based updates preserve 
duty-cycle feasibility while avoiding abrupt transitions that would increase ripple or 
switching stress. 

The instantaneous ripple in power converters scales with abrupt duty-cycle varia-
tions (ΔD/Δt). By constraining successive position updates through geometric lattice rela-
tionships, CryStAl generates smoother duty-cycle trajectories relative to velocity-based 
metaheuristics. This smoothing effect directly reduces peak-to-peak current ripple, as ev-
idenced by the ripple dynamics described in Equation (13). 

Switching losses scale with switching frequency and the overlap of voltage and cur-
rent. CryStAl suppresses unnecessary duty oscillations, reducing the number of elective 
switching transitions per cycle. Hence, switching losses are reduced without sacrificing 
dynamic response. CryStAl is employed strictly as an offline optimizer, avoiding real-time 
computational burden. A comparative performance of CryStAl against other metaheuris-
tics is presented in Table 4. 

Table 4. A comparative performance of CryStAl against other metaheuristics. 

Algorithm Limitation for Converter Control 
PSO Velocity overshoot, duty oscillation 
GA High convergence time 

ALO Random walk, ripple sensitivity 
CryStAl Structured bounded updates 

4.5. Prediction of Control Pulses Using RDF Technique 

The RDF method is one of the most widely used machine learning approaches, espe-
cially in classification, regression, and feature selection problems, due to its effectiveness 
and robustness [48–50]. Being an ensemble technique, it assembles multiple decision trees 
by taking different subsets of the training data and input features. Each tree inde-
pendently learns underlying patterns, and during the prediction phase, the outputs of 
these trees are combined, usually using a majority vote, to yield a more accurate and ro-
bust decision. This kind of assembling helps in reducing overfitting and enhances the re-
liability in prediction. 

Given its ability to operate in complex and nonlinear datasets, RDF is rather well 
suited to applications requiring fast and accurate decisions such as intelligent control, op-
timization, and diagnostic systems. In real-world implementations, two key hyperparam-
eters predominantly define the performance of RDF: the number of tree-splitting decisions 
per node and the total number of trees in the forest [51–54]. 

In the proposed control framework, RDF is employed to generate refined control 
pulses by predicting three-phase reference currents with high accuracy. The model re-
ceives two key inputs—reference current and the measured quadrature-axis current—and 
produces the corresponding three-phase reference currents at its output. The detailed 
steps involved in the RDF-based prediction process are discussed in the following section. 

In an RDF, each decision tree is trained using a bootstrap sample—a randomly se-
lected subset of the dataset created by sampling with replacement. As a result, roughly 
one-third of the original data does not appear in the training subset for any given tree. 
These unused data points are referred to as out-of-bag (OOB) samples. After the forest is 
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built, the OOB samples are used to estimate prediction accuracy: each OOB sample is eval-
uated only by the trees that were not trained on it, and their predicted outputs are aggre-
gated. The OOB error is then calculated as the fraction of samples incorrectly predicted 
across the entire forest. This intrinsic validation method represents one of the most effec-
tive and objective ways to assess model generalization capability. 

In power electronics and control applications, RDF is often used to infer the optimal-
ity of switching actions by finding patterns in historical operating data. After training, the 
model can be fed live measurements and return the predicted control signals, which may 
then be post-processed for conversion into gate pulses for the converter. This makes the 
technique particularly suited to systems requiring fast, accurate, and adaptive control re-
sponses, such as EV fast-charging stations. In the proposed work, the RDF model was 
trained using 10,000 samples of grid conditions, along with the optimal switching pulses 
produced by the CryStAl optimization stage. The trained forest achieved a prediction ac-
curacy of 98.7% (OOB error of 1.3%), demonstrating strong reliability and suitability for 
real-time dynamic control. 

The claimed accuracy of 98.7% refers to the OOB classification accuracy of the RDF 
model and reflects the percentage of optimally switched states that were correctly pre-
dicted by the RDF with respect to the reference labels derived from CryStAl. An OOB 
error of 1.3% suggests a strong generalization without overfitting. Importantly, this accu-
racy includes steady-state and transient operating samples, confirming the suitability of 
the RDF for real-time converter control. 

4.5.1. Machine Learning-Based RDF Controller Design 

The RDF model was implemented as a lightweight machine learning predictor for 
real-time control signal generation. The RDF was trained offline using supervised learn-
ing, where the inputs were derived from historical operating conditions of the converter 
system, including Input voltage and current Output DC voltage Load current SOC (State 
of Charge). The output labels correspond to optimized switching decisions and duty cy-
cles obtained from the CryStAl optimization phase. A dataset of 5000 samples was gener-
ated from simulation data across multiple load and grid scenarios. The RDF was imple-
mented with: 

• 100 trees; 
• Maximum depth: 5; 
• Gini index as the splitting criterion. 

The trained RDF model is integrated into the control loop and executed at the con-
troller’s switching frequency (50 kHz) to predict optimal gating signals. As RDF inference 
is non-iterative and tree-based, it offers low computational complexity and fast execution 
time, making it well suited for deployment on real-time control platforms such as DSPs 
and FPGAs. 

4.5.2. RDF Data Generation, Generalization Capability, and Overfitting Mitigation 

The training dataset used for the RDF model is generated offline using the optimal 
switching patterns obtained from the CryStAl optimization process. The dataset is con-
structed under widely different system conditions of input voltage, load current, and SOC 
of the battery to ensure comprehensive coverage of practical operating scenarios. The op-
erating conditions considered in generating data include the following: 

• Input voltage variation: ±10% around nominal grid voltage. 
• Load current range: 30% to 100% of rated charging current. 
• Battery SOC range: 20–90%. 
• DC-link voltage fluctuation: ±5%. 
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• Reference current variations corresponding to dynamic charging demands. 

A total of 10,000 samples were generated, each sample consisting of the reference 
current, measured quadrature-axis current, and corresponding optimal duty-cycle values 
derived from the CryStAl algorithm. The dataset was intentionally balanced across low-, 
medium-, and high-load operating regions to avoid bias toward any specific operating 
point. The data were divided into 70% for training, 15% for validation, and 15% for testing. 
Model performance was evaluated by the OOB validation internally within the RDF struc-
ture, thereby providing an unbiased accuracy estimate. 

Sample Distribution and Training Strategy: 

To avoid class imbalance and overfitting, the dataset was uniformly distributed 
across the defined operating ranges. About one-third of the samples correspond to light-
load conditions, one-third to nominal operating conditions, and one-third to high-load 
scenarios. This balanced sampling strategy ensures the RDF model learns generalized con-
trol patterns instead of memorizing specific operating points. The RDF model was trained 
using bootstrap aggregation with OOB validation. An OOB error of 1.3% was obtained, 
which implies very high accuracy in prediction and a very strong generalization capability 
for unseen operating conditions. 

Generalization and Real-Time Applicability: 

Since it is trained on the diversified operation conditions generated by the CryStAl 
optimizer, RDF captures the nonlinear relationship of system states and optimal switching 
actions effectively. During real-time operation, RDF realizes fast inference without itera-
tive computation for adaptive control of grid disturbances, load variations, or SOC fluc-
tuations. In this data-driven framework, the controller generalizes beyond the precise op-
erating points encountered during training, ensuring robust performance in practical elec-
tric vehicle fast-charging scenarios. 

Both dataset design and algorithmic properties ensure the generalization capability 
of the RDF model. The training dataset is obtained from CryStAl-optimized operating 
points that span a wide variation in input voltage ±10%, broad load conditions, SOC lev-
els, and transient events. This ensures by design the exposure of the model to varied sys-
tem dynamics and not just a single nominal scenario. This design prevents overfitting of 
the model to particular simulation cases. 

The RDF inherently prevents overfitting due to ensemble learning, random feature 
selection, and bounded tree depth. The aforementioned collectively reduce model vari-
ance and prevent memorization of isolated operating points. Validation of the models has 
been performed with operating conditions that are unseen, including transient load and 
voltage variations, confirming that the accuracy of the prediction remains consistent be-
yond the scope of the training set. These characteristics make RDF aptly applicable for 
real-time control in electric vehicle fast-charging applications where the operating condi-
tions are continuously changing. 

4.5.3. RDF Input Features and Output Definition 

The RDF model aims to identify optimal switching control actions, using real-time 
electrical state variables for the Vienna rectifier. The input feature vector consists of: 

• reference d-axis current 𝑖ௗ∗ , 
• measured d-axis current 𝑖ௗ, 
• measured q-axis current 𝑖௤, 
• DC-link voltage 𝑉ௗ௖, and 
• grid voltage magnitude 𝑉௚. 
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These features capture both steady-state and transient system behavior and are com-
monly used in current-controlled PFC rectifier architectures. The RDF output corresponds 
to the optimal switching state/duty-cycle vector ሾ𝐷௔,  𝐷௕,  𝐷௖ሿ , which is subsequently 
mapped to PWM gate signals for the Vienna rectifier. 

4.5.4. Rationale for Using Random RDF in Power Electronic Control 

RDF, although commonly used for classification tasks, is well suited for real-time 
control in power electronics due to its simplicity, interpretability, and speed. In the pro-
posed CryStAl–RDF framework, RDF is used to predict the optimal switching actions 
based on multiple input features such as input voltage, output voltage, current, and SOC. 

The control problem is formulated as a multi-class classification task, where each 
class corresponds to a discrete switching pattern or duty-cycle configuration that was pre-
optimized offline using the CryStAl algorithm. This formulation avoids iterative optimi-
zation during real-time operation and converts the control task into a pattern recognition 
problem, where RDF selects the best action based on learned trends. 

Key advantages of RDF in this context include: 

• Low inference latency (tree traversal is computationally inexpensive), 
• Deterministic execution time, important for high-frequency switching (50 kHz), 
• Robustness to noise and nonlinear data, 
• Ease of implementation on embedded systems (DSP/FPGA), 
• Additionally, it eliminates the instability issues and overfitting tendencies often en-

countered in deep neural network-based controllers. 

Consequently, the RDF model offers an effective and reliable decision-support tool, 
suitably aligned with the strict requirements of power electronic systems. Capable of 
yielding precise control actions in real time, it enables the converter to respond swiftly 
and intelligently to changes in both load and grid conditions. 

4.5.5. RDF Procedure 

Step 1: In the RDF-based control scheme, the inverter parameters are estimated as a 
function of the reference current and the measured quadrature-axis current. 

Step 2: RDF integrates decision trees inside the classification methodology. Initially, 
the decision tree is constructed by considering the total quantity of trees inside the forest, 
which generates combinations, b ={a1(t), a2(t)…an(t)}, with each combination designated 
as bootstrap samples. 

Step 3: RDF is taught according to its input and output objectives. This approach 
transmits just a limited quantity of input variables, generating output from each tree. The 
maximum number of votes is achieved based on the outcome of the most recent optimal. 

Step 4: The ranking of RDF in the predictive methodology is determined by analyzing 
the input factors. The significance of variables is assessed by prediction error using the 
OOB data term. Multiple datasets are acquired from each sample to enhance the RDF 
model. To create a binary criterion for every node, the division count is chosen at random. 
The root mean square error is better estimated for each bifurcation of the root inside the 
tree. 

Step 5: The importance of factors is assessed to enhance predictive accuracy. Each 
data error is quantified as an OOB error, and these mistakes are averaged across the forest 
during the fitting phase. Upon completion of the training procedure, every data point is 
evaluated across every tree to ascertain the variation in OOB error before and after per-
mutation. Equation (42) describes the out-of-bag, permutation-based variable importance 
measure used in RDF learning, which determines the value of each input variable for clas-
sification performance by measuring the increase in the generalization error of a decision 
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tree when the variable is randomly permuted, in accordance with the conventional Ran-
dom Forest definition of importance. The placement of variables is quantified in the equa-
tion below, 
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where  𝑝𝑒𝑐(௧௥௘௘) is the OOB sample set associated with a given tree, the number of trees 
is represented by t, the OOB importance of the i-th input variable for a single decision tree 
is represented by 𝑉௜(௧௥௘௘), 𝑡ℎ𝑒 true label of the OOB sample is represented by LB, 𝑝௖௧௥௘௘ is 
the predicted class label of the tree before permutation, the predicted class label after per-
mutation of the i-th variable is represented by 𝑝௖௧௥௘௘𝑁𝑍, the predicted classes for each trace 
sample are the amounts of trace samples taken from each tree exit, and each tree within 
the forest is indicated by the letters A and B. Mathematically, Equation (42) is equivalent 
to the classical Random Forest permutation importance proposed by Breiman, where a 
variable’s importance is calculated as the difference between the out-of-bag prediction ac-
curacy before and after the random permutation of that variable. The larger the value of 
Vi, the stronger its corresponding input variable influences the prediction accuracy. In this 
controller, this metric is used to select the most influential electrical features for real-time 
switching prediction. RDF is prepared upon completion of the preceding procedure and 
the application of the appropriate reference values. The necessary control pulses are then 
produced from the RDF output. The RDF method is employed to forecast the optimal 
control signals in Figure 6. Table 5 summarizes the comparative performance analysis 
across all key parameters. Common simulation parameters are used across all control 
strategies. 

Step 6: RDF integrates decision trees inside the classification methodology. Initially, 
the decision tree is constructed by considering the total quantity of trees inside the forest, 
which generates combinations, { })(),(),( 21 tatatab n= , with each combination designated 
as bootstrap samples [55–57]. 

The RDF achieved 98.7% prediction accuracy (OOB error: 1.3%), outperforming PSO 
(92.1%), SSA (89.5%), and ALO (88.2%) in switching-pulse optimization. This stems from 
RDF’s ensemble learning, which mitigates overfitting by aggregating predictions across 
100 decision trees. In contrast, PSO’s heuristic search and SSA/ALO’s metaheuristic ap-
proaches lack RDF’s adaptability to dynamic grid disturbances. The RDF controller’s de-
sign is compatible with embedded real-time execution due to its non-iterative decision 
tree-based prediction, allowing for efficient deployment on DSP or FPGA platforms. The 
CryStAl algorithm performs its optimization offline, eliminating the need for heavy com-
putations during real-time converter operation. 
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Figure 6. Generation of control signals utilizing the RDF technique. 

Table 5. A comparative performance of evaluation of the proposed methodology. 

Parameter Value 
Input Voltage Range 380 Vrms 
Output Power, Po 37,300 Watts 
Input Line Frequency, fl 50 Hz 
DC Output Voltage, Vo 600 V 
Ripple Voltage, ΔVc 20% 
Switching Frequency 50 kHz 
Inductance for Vienna Rectifier, L 5 mH 
Capacitance for Vienna Rectifier, C 30 µF 
Inductance for Buck Converter, L 1 mH 
Capacitance for Buck Converter, C 300 µF 
Battery Current 90.95 A 
SOC of Battery 50% 
Battery Voltage 400 V 
Battery Power 36,380 watts 
Efficiency 97.53% 

5. Comparison Methodology 
To maintain fairness and consistency in the evaluation, the PI controller, PSO algo-

rithm, and the proposed CryStAl–RDF technique were all tested using the same simula-
tion settings and operating conditions. The Vienna Rectifier and Buck Converter topolo-
gies used for all three cases were kept constant, with the same component values, input 
voltage (380 Vrms), output voltage (400 V), load conditions, switching frequency (50 kHz), 
and battery model. 

The PI controller gains were manually tuned through trial and error to achieve stable 
operation with minimal ripple. The PSO algorithm was configured with a population size 
of 30, 100 maximum iterations, and cognitive and social coefficients of 1.5 each. The CryS-
tAl–RDF method used the same performance metrics (THD, ripple, efficiency) in its fitness 
function for optimization, with Random Forest trees set to 100 and node splits set based 
on minimum mean square error. 

Each method was simulated for the same duration under identical transient and 
steady-state load conditions. Ripple voltage, ripple current, THD, and SOC were meas-
ured during steady-state operation (after 0.5 s), and efficiency was calculated as the ratio 
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of output battery power to input grid power. This standardized evaluation framework 
ensures the reliability and reproducibility of the results. 

Performance Metric Definitions 

The following metrics were used to evaluate and compare the performance of all con-
trol techniques (PI, PSO, CryStAl–RDF) under standardized simulation conditions: 

Efficiency is defined as the ratio of output power delivered to the battery to the total 
input power drawn from the grid. 

Efficiency = ൬𝑷𝒃𝒂𝒕𝒕𝒆𝒓𝒚𝑷𝒈𝒓𝒊𝒅 ൰ × 100 (43)

where 𝑃௕௔௧௧௘௥௬ = 𝑉௕௔௧௧௘௥௬ × 𝐼௕௔௧௧௘௥௬ (𝑎𝑣𝑒𝑟𝑎𝑔𝑒𝑑 𝑜𝑣𝑒𝑟 𝑠𝑡𝑒𝑎𝑑𝑦 𝑠𝑡𝑎𝑡𝑒) (44)𝑃௚௥௜ௗ  = 3 × 𝑉௟௜௡௘ × 𝐼௟௜௡௘  × PF (input AC power including all rectifier-stage 
losses) 

(45)

Losses in passive components, switches, and switching-related ripple were inher-
ently captured in simulation. 

The input current THD is computed using Fast Fourier Transform (FFT) analysis, the 
value of the THD is less than 5% as per IEEE Std 519-2014 [58]. It measures the ratio of the 
root mean square of all harmonic components to the fundamental component. 

Updated THD Formula: 

THD = ቌට∑ 𝐈𝒏𝟐ಮ𝒏స𝟐𝑰𝟏 ቍ × 100 (46)

where 𝐼ଵ   is the fundamental component, and 𝐼௡  are harmonic components. 
Ripple is measured as the peak-to-peak variation in output voltage and current over 

steady-state conditions (after initial transients settle). 

Ripple Voltage ΔVripple = 𝑉௠௔௫ − 𝑉௠୧௡ (47)

Ripple Current ΔIripple = 𝐼௠௔௫ − 𝐼௠୧௡  (48)

Calculated using the integral-based SOC model: 

SOC(t) = 𝑺𝑶𝑪𝟎 − 𝟏𝑪𝒃𝒂𝒕𝒕𝒆𝒓𝒚 ׬ 𝑰𝒃𝒂𝒕(𝒕) 𝒅𝒕𝒕𝟎  (49)

where 𝑆𝑂𝐶଴ represents the initial state of charge (set to 50%), and 𝐶௕௔௧௧௘௥௬ denotes the 
rated battery capacity in Ah. 𝐼௕௔௧(𝑡) is the battery current in A. 

To assess the dynamic performance of the different control strategies, the time-do-
main behavior of the output voltage and current was examined during startup and tran-
sient operating conditions. Using these simulated waveforms, important measures such 
as peak overshoot and settling time were obtained and used for controller comparison. 
Overshoot (%) is defined as: 

Overshoot = ൬௏೛೐ೌೖି ௏ೞ೟೐ೌ೏೤௏ೞ೟೐ೌ೏೤ ൰  ×  100 (50)

Settling time is defined as the time taken by the output to stay within ±2% of its final 
steady-state value. It is concluded from Table 6 that the CryStAl–RDF controller has the 
minimum overshoot and the fastest settling time compared with all methods tested, indi-
cating better transient behavior and better stability in the system. 
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Table 6. Comparison table of performance analysis of the proposed technique with existing tech-
niques. 

Parameters PI Control 
Method 

PSO Optimiza-
tion 

CryStAl–RDF Op-
timization 

Input Current THD (%) 4.96 2.09 1.29 
Power Factor 0.97 0.98 0.99 
Efficiency (%) 94.00 96.86 97.53 

SOC (% after 30 s) 51.645 51.653 51.663 
Battery Voltage Ripple (V) 2 V 1.5 V 1 V 
Battery Current Ripple (A) 1.5 A 1 A 0.5 A 
Battery Output Power (W) 36,000 36,132 36,380 

6. Results 
This paper evaluates the performance of the CryStAl–RDF-based converter system for 

electric vehicle fast-charging stations through detailed MATLAB/Simulink simulations and 
provides a comparison with conventional PI control. The test results show a clear contrast 
between these two methods. All comparative results are obtained under the same operating 
conditions: input voltage, load power level, battery parameters, switching frequency, and 
sampling time. Only the control strategy changes in order to achieve a comparison as objec-
tive as possible. All performance improvements discussed in this section are directly sup-
ported by the corresponding figures and tables, with quantitative values extracted from the 
plotted waveforms and summarized indices. Figure 7a–l show the results obtained using 
the PI controller. The grid voltage waveform in Figure 7a reaches the peak amplitude of 320 
V, while the corresponding grid current shown in Figure 7b peaks at 80 A. The output volt-
age of the Vienna Rectifier is 600 V, as illustrated in Figure 7c, and its output current of 61.23 
A is shown in Figure 7d. Figure 7e, f depict the Buck Converter output, which yields 400 V 
and 90 A, respectively. The battery voltage remains regulated at 400 V, as shown in Figure 
7g, which also presents the associated voltage ripple. Similarly, Figure 7h presents the bat-
tery charging current of 90 A and the current ripple. The grid-side power, which is shown 
in Figure 7i, is around 37,300 W, while the battery receives approximately 36,000 W, as 
shown in Figure 7j. Power factor performance is observed in Figure 7k, where the system 
achieves 0.96. Battery SOC progression under PI control is shown in Figure 7l. THD of the 
input current is analyzed in Figure 7m, and it yields a value of 4.96%. 
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Figure 7. Simulation results of PI control based EV fast-charging system: (a) Grid Current; (b) Grid 
Voltage; (c) Vienna Rectifier output Voltage; (d) Vienna Rectifier Output Current; (e) Buck converter 
output Voltage; (f) Buck converter output Current; (g) Battery Voltage with Ripples; (h) Battery 
Current with Ripples; (i) Grid Power; (j) Battery Power; (k) Analysis of Power factor; (l) Analysis 
SOC of Battery; (m) Analysis of THD (%). 

Figure 8 presents the results of the CryStAl–RDF technique, which shows significant 
improvements over the PI control method. The same time scale and operating conditions 
for all figures of comparison ensure that the improvement observed with the CryStAl–
RDF controller is from the proposed control strategy and not due to differences in testing 
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conditions or visualization. The Vienna Rectifier output voltage remains at 600 V (Figure 
8a), while the output current increases slightly to 61.55 A (Figure 8b). The Buck converter 
output voltage remains at 400 V (Figure 8c), and the output current increases to 90.95 A 
(Figure 8d). The battery voltage, shown in Figure 8e, remains stable at 400 V. Figure 8e 
shows that the peak-to-peak battery voltage ripple is reduced from approximately 2 V 
under PI control to 1 V using the CryStAl–RDF method. A comparison of Figures 8e and 
7g reveals that the CryStAl–RDF method reduces voltage ripples from 2 V with PI control 
to 1 V. Similarly, Figure 8f presents the battery current, which is 90.8 A, and it shows that 
the CryStAl–RDF method reduces current ripples from 2 V with PI control to 0.5 V, a 60% 
reduction in battery current ripples compared to Figure 7h. The battery power obtained 
using the proposed CryStAl–RDF controller is shown in Figure 8g, reaching approxi-
mately 36,380 W. The corresponding SOC progression is illustrated in Figure 8h. The 
power factor of CryStAl–RDF improves from 0.97 with PI control to 0.99, as illustrated in 
Figure 8i. Figure 8j explicitly shows an input current THD of 1.29% under CryStAl–RDF 
control, as annotated in the spectrum plot, confirming improved power quality. The pro-
posed CryStAl–RDF controller reduces the input current THD from 4.96% (PI control) to 
1.29%, while maintaining a near-sinusoidal current waveform aligned with the grid volt-
age. More importantly, the proposed CryStAl–RDF approach offers an overall conversion 
efficiency of 97.53%, showing outstanding capability in promoting the efficiency of the 
electric vehicle fast-charging system (EVFCS). All these demonstrations prove that the 
method proposed herein can effectively suppress harmonics and current ripple, improv-
ing both power quality and operational reliability of the overall charging infrastructure. 

  
(a) (b) 

  
(c) (d) 
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Figure 8. Simulation results of CryStAl–RDF based EV fast-charging system: (a) Vienna Rectifier 
output Voltage; (b) Vienna Rectifier Output Current; (c) Buck converter output Voltage; (d) Buck 
converter output Current; (e) Battery Voltage with Ripples; (f) Battery Current with Ripples; (g) 
Battery Power; (h) Analysis SOC of Battery; (i) Analysis of power factor; (j) Analysis of THD (%). 

In comparison with the PI controller, the proposed CryStAl–RDF technique achieves 
higher battery power with better SOC advancement while maintaining lower voltage and 
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current ripple. These benefits represent the superior harmonic performance attained by 
the CryStAl–RDF controller, which achieves a THD value that is significantly lower than 
that for the PI method. The system efficiency reaches 97.53%, which is higher than the 
efficiency achieved when using PI control. All the above-mentioned results point out that 
the CryStAl–RDF strategy will provide higher efficiency, better quality of power, and 
lower harmonic disturbance, proving to be a potential candidate for modern electric ve-
hicle fast-charging stations. 

Further validation of the proposed algorithm performance is presented in benchmark 
results against PI- and PSO-based approaches. From Figures 7g and 8e, respectively, it is 
evident that the CryStAl–RDF controller reduces the battery voltage ripple from 2 V to 1 
V—a 50% reduction. Similarly, Figures 7h and 8f show that the battery current ripple de-
creases from 1.5 A to 0.5 A, corresponding to a 60% improvement. Such reductions clearly 
match the current dynamics expressed by Equation (13), proving that peak-to-peak ripple 
suppression is effectively achieved by the optimized switching patterns computed by 
CryStAl–RDF. 

The output voltage is tightly regulated at 400 V with little deviation, showcasing the 
controller’s improved voltage stability. Moreover, current THD is reduced to 1.29%, the 
lowest among the compared control methods. These performance improvements are 
achieved by the intelligent switching decisions and adaptability introduced by the hybrid 
CryStAl–RDF control framework, which demonstrates that it can enhance power quality, 
efficiency, and overall system reliability significantly. 

7. Particle Swarm Optimization (PSO) Control Technique for Vienna 
Rectifier and Buck Converter in EV Charging Systems 

For high-speed EV charging, extremely efficient power conversion with minimal 
losses at both the AC–DC and DC–DC stages is required. The three-phase, three-switch 
PWM rectifier—the so-called Vienna Rectifier—is specifically suitable for such applica-
tions because of its high power factor and low harmonic distortion during the AC–DC 
stage. A Buck Converter then follows this to step down the DC-link voltage to an appro-
priate level for charging a 400 V EV battery safely and reliably. 

The purpose of this section is to discuss how PSO applies to the performance im-
provement of both the Vienna Rectifier and the Buck Converter. PSO is a population-
based optimization inspired by the collective behavior of swarms, and this technique is 
widely used for nonlinear and multi-objective control problems. Through iterative tuning 
of the principal controller parameters, PSO improves voltage regulation, reduces conver-
sion losses, and enhances overall efficiency. This makes it particularly suitable for fast-
charging stations in EVs. 

The integration of PSO-based optimization within the converter control framework 
will provide a far superior dynamic response, improved power quality, and superior re-
sponsiveness. Figure 9 presents the PSO-based fast-charging system architecture for EVs. 
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Figure 9. The architecture of PSO Optimization Technique-based FCS for EV. 

Algorithm for PSO-Based Control of Vienna Rectifier in EV Charging 

Step 1: Initialize PSO Parameters 

1. Define the particle swarm size N, maximum iterations max-iter, cognitive coefficient 
c1, inertia weight w, and social coefficient c2. 

2. Randomly initialize the position Xi and velocity Vi of each particle within predeter-
mined limits. 

3. Assign random initial values to the modulation parameters (e.g., switching angles, 
duty cycles). 

4. Evaluate the fitness function for each particle, corresponding to the performance met-
rics of the Swiss rectifier (e.g., THD, power factor (PF), and efficiency). 

Step 2: Create the Fitness Function 

1. The fitness function is designed to minimize THD, maximize efficiency, and ensure 
proper power factor correction (PFC). 

Fitness (𝑥௜) = 𝜔ଵ · THD (𝑥௜) + 𝜔ଶ.(1 − Efficiency (𝑥௜))+ 𝜔ଷ . PFC error (𝑥௜). (51)

where 𝝎𝟏, 𝝎𝟐, 𝝎𝟑 are weight coefficients based on design priorities. 

Step 3: Update Particle Positions and Velocities 

1. Update the velocity. 𝝂𝒊 (t+1) = 𝝎. 𝝂𝒊(t) + c1. r1. (pi − 𝒙𝒊(𝒕)) + c2. r2. (g −  𝒙𝒊(𝒕)) (52)

where 𝝂𝒊(t) represents the current velocity of particle i; 𝒙𝒊(𝒕) represents the current posi-
tion of particle i; pi represents the personal best position of particle i; and r1, r2 random 
numbers uniformly distributed in [0, 1], g represent the global best position. 
2. Update Positions. 𝒙𝒊(𝒕 + 𝟏) = 𝒙𝒊(𝒕) + 𝝂𝒊(t + 1) (53)

Ensure that 𝒙𝒊(𝒕 + 𝟏) remains within the allowable bounds. 

Step 4: Evaluate Fitness for Updated Positions 

1. Calculate the fitness for the updated positions of all particles. 
2. Update each particle’s personal best Pi if the new position yields a better fitness 

value. 
3. Update the global best g if the best fitness value among all particles improves. 

Step 5: Vienna Rectifier Operation 
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1. Use the optimized parameters from the PSO algorithm to control the switching of the 
Vienna Rectifier. 

2. Ensure the system operates at the desired voltage levels (400 V) for the connected EV 
batteries. 

3. Monitor system performance in real time to validate PSO-derived parameters. 

Step 6: Convergence and Output 

1. Repeat Steps 3–5 until the maximum number of iterations (max iter) is reached or the 
fitness value meets the desired threshold. 

2. Output the optimal modulation parameters for the Vienna rectifier. 

Step 7: Validation 

1. Simulate the optimized rectifier in a software environment to validate results. 

Here is a detailed flowchart for the PSO Technique-Based Control of the Vienna Rec-
tifier in an EV FCS, as shown in Figure 10. The flowchart represents the steps involved in 
applying the PSO algorithm to optimize the control of the Vienna Rectifier, ensuring effi-
cient and dynamic operation. 

Start

Initializing the parameters 
of problem (w , C1 and C2)

NO

Initializing the particles 
with  random position (X) 

and velocity (V)

Is the stopping 
condition
Satisfied?

Solve the target problem

Gbest  and optimal solution

Update Pbest particle

Evaluate fitness function

Update Gbest particle

Update position and velocity equations 
(32) and (33) 

End

YES

 

Figure 10. Flow chart for PSO Technique-Based Control of Vienna Rectifier. 
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The results of the PSO-based EV charging system are presented in Figure 11, demon-
strating its impact on system performance. Figure 11a shows that the Vienna Rectifier (VR) 
delivers a steady output voltage of 600 V, while Figure 11b reports an output current of 
61.35 A. The dynamics of the Buck Converter are shown in Figure 11c,d, where the con-
verter always maintains an output of 400 V and provides a current of 90.33 A. The battery 
voltage profile in Figure 11e verifies that the terminal voltage is maintained at 400 V, and 
the corresponding voltage ripple is also presented. As shown in Figure 11e, PSO reduces 
the output voltage ripple from 2 V (PI) to 1.5 V. 

Similarly, Figure 11f shows the charging current of the battery is 90.33 A and its ripple 
characteristic. A comparison with Figure 7h reveals that the PSO reduces the output cur-
rent ripple from 1.5 A (PI) to 1 A. As discussed earlier, lower ripple in the current delivery 
translates to smooth current availability and better charging reliability. Figure 11g pre-
sents the resulting power delivered to the battery, which equals 36,132 W, and Figure 11h 
plots the corresponding SOC. 

Figure 11i further confirms an improvement in power factor from 0.97 (PI) to 0.98 
under the PSO scheme. THD, illustrated in Figure 11j, comes down to 2.09%, which also 
shows an improvement in the quality of the power. Overall, the PSO-controlled system 
attains an efficiency of 96.86%, reflecting a clear performance improvement over conven-
tional control methods. 

 
(a) (b) 

  
(c) (d) 
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Figure 11. Simulation results of PSO control based EV fast-charging system: (a) Vienna Rectifier 
output Voltage; (b) Vienna Rectifier Output Current; (c) Buck converter output Voltage; (d) Buck 
converter output Current; (e) Battery Voltage with Ripples; (f) Battery Current with Ripples; (g) 
Battery Power; (h) Analysis SOC of Battery; (i) Analysis of Power factor; (j) Analysis of THD (%). 
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The performance of the CryStAl–RDF-based EV charging system was evaluated by 
benchmarking it against a conventional PI controller and a PSO algorithm. The perfor-
mance evaluation focused on important aspects such as voltage regulation, current stabil-
ity, THD, and overall conversion efficiency. The results show that the proposed hybrid 
method consistently delivers better performance. The proposed CryStAl–RDF controller 
reduces the output voltage ripple from 2 V (PI) and 1.5 V (PSO) to 1 V, corresponding to 
a reduction of approximately 50% compared with PI control, as illustrated in Figure 8e in 
comparison with Figures 11e and 7g. That guarantees more reliable and stable charging 
processes. The proposed CryStAl–RDF controller reduces the output Current ripple from 
1.5 A (PI) and 1 A (PSO) to 0.5 A, corresponding to a reduction of approximately 50% 
compared with PI control, as illustrated in Figure 8f in comparison with Figures 11f and 
7h. The CryStAl–RDF controller reduces the input current THD from 4.96% with PI con-
trol and 2.09% (PSO) to 1.29%, as illustrated in Figure 8j in comparison with Figures 11j 
and 7m. Additionally, the highest system efficiency of 97.53% is reached by the proposed 
approach, outperforming both the PSO controller-based approach at 96.86% and the con-
ventional PI (94%) approach, as illustrated in Figure 12b. These results confirm that the 
CryStAl–RDF framework provides a more effective and robust control solution for EV 
fast-charging applications. 

In addition, it enhances the battery power output to 36,380 W, easily outperforming 
that achieved from PSO (36,132 W) and even the output of the PI controller (36,000 W), as 
illustrated in Figure 8g in comparison with Figures 11g and 7j. All the improvements men-
tioned ensure that the energy utilization and power quality of the CryStAl–RDF method 
yield the best results under all tested conditions. The RDF differs from deep learning mod-
els, which require significant computational resources, as it remains lightweight and pre-
dictable in terms of memory usage and execution time. This is because its trees are pruned 
during training to ensure fast runtime performance. In the implemented design, the RDF 
model requires less than 2 µs to make each prediction, which makes it very suitable for 
timing constraints concerning power converter controllers working at switching frequen-
cies between 50 and 100 kHz. A detailed comparative assessment of PI, PSO, and the pro-
posed CryStAl–RDF controller is summarized in Table 6. Figure 12a displays a compari-
son of THD for the proposed CryStAl–RDF technique with existing methods, while Figure 
12b illustrates the efficiency comparison between the CryStAl–RDF technique, the PI con-
trol method, and the PSO control technique. The performance metrics were verified across 
three independent simulation runs to confirm repeatability. The variance was found to be 
within ±1%, affirming the stability of the observed improvements. 

(a) (b) 

Figure 12. (a) Comparison of THD of proposed with existing techniques; (b) Comparison of effi-
ciency of proposed with existing techniques. 
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A comprehensive comparative performance analysis of the proposed CryStAl–RDF 
controller with existing control and optimization techniques is presented in Table 7. The 
comparison includes Ant Lion Optimization (ALO), Salp Swarm Optimization (SSA), and 
the conventional Voltage-Oriented Control (VOC) method. The results demonstrate that 
the CryStAl–RDF controller achieves superior performance in terms of THD reduction, 
efficiency enhancement, and control accuracy. 

Table 7. Comparison of CryStAl–RDF with other existing techniques. 

Techniques 
Input 

Current THD 
(%) 

Efficiency (%) Accuracy 
(%) 

CryStAl–RDF 
Optimization 1.29 97.53% 98% 

ALO [59] 6.5 95% 92% 
SSA [60] 4 96% 93% 

Voltage-Oriented 
Controller (VOC) [61] 

3.25 96% 91% 

These improvements in terms of THD and a power factor close to unity for the pro-
posed CryStAl–RDF controller is due only to its optimized switching decisions made 
within the Vienna rectifier stage. Generation of duty-cycle patterns for symmetrical and 
evenly distributed switching intervals over each grid cycle ensures that the input current 
follows more closely the shape and phase of the grid voltage. 

Therefore, the CryStAl algorithm penalizes every deviation of current from a sinus-
oidal shape in order to find the optimal switching states offline for a minimum current 
ripple and harmonic components; thus, the synthesized waveform at the input exhibits 
less distortion at high frequencies with a low peak-to-peak ripple. In real-time operation, 
the predictor based on RDF selects the optimal switching states corresponding to instan-
taneous grid and load conditions with high accuracy, preventing phase displacement and 
waveform distortion. 

This coordinated control action results in better alignment of the input current and 
grid voltage, reduction in reactive power exchange with the grid, and improvement in the 
power factor. Therefore, the improved THD and unity power factor are signals of a more 
sinusoidal input current with minimal phase shift, which in turn reduces grid-side losses, 
electromagnetic interference, and stress on upstream distribution infrastructure. 

8. Performance Attribution Analysis 
The achieved performance gains, namely, a THD of 1.29%, an efficiency of 97.53%, 

and a power factor approaching unity, stem from a combination of improvements applied 
at both the control layer and the overall system design, specifically: 

• Most of the reduction in harmonic distortion is due to the CryStAl algorithm that 
calculates the switching states that maintain the input currents close to the ideal si-
nusoidal shape. In conjunction with the intrinsic three-level structure of the Vienna 
Rectifier and with switching pulses well forecasted by the RDF model, unwanted 
harmonic components are considerably reduced. 

• High efficiency of the system derives from duty cycles optimized offline with the 
CryStAl algorithm: it reduces both switching and conduction losses in the stages of 
the Vienna Rectifier and Buck Converter. Because the RDF model can instantly pre-
dict these optimal states without iterative computations, the controller maintains 
high efficiency with very low computational effort. 
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• Accurate input current shaping provides a near-unity power factor, whereby the con-
trol strategy maintains the input currents in phase with the input voltages. This has 
been possible because of the predictive control loop applied through RDF and sup-
plemented by the PI-based modulation within the Vienna Rectifier. Together, the of-
fline optimization of control targets and real-time adaptation keep the system at very 
good performance, both during variations in load conditions and supply fluctua-
tions. 

8.1. Stability Analysis: Gain and Phase Margin Comparison 

To investigate the robustness and dynamic response of the CryStAl–RDF controller 
compared to conventional methods, a frequency-domain analysis was performed using 
the Bode plots of the open-loop transfer function of each controller configuration, as de-
picted in Figure 13. In this work, the most informative indicators of stability are recog-
nized as Gain Margin (GM) and Phase Margin (PM), which define how much more gain 
or phase deviation could be added to the system before it reaches the instability boundary. 

 

Figure 13. Bode plots of the open-loop transfer function for each controller. 

This is evident from Table 8, where the CryStAl–RDF controller achieves the largest 
stability margins of 12.5 dB in gain margin and 58.3° in phase margin, both larger than in 
the conventional PI controller and the PSO-based controller, thereby indicating that the 
proposed approach has better robustness against variations in the parameters and exter-
nal disturbances. This enhanced robustness makes the system more reliable for practical 
fast-charging applications. 

Table 8. Bode plot-based stability metrics. 

Controller Gain Margin (GM) Phase Margin (PM) 
PI Control 7.9 dB 41.2° 

PSO Optimization 10.2 dB 52.6° 
CryStAl–RDF 12.5 dB 58.3° 

IEEE Std >6 >45° 

8.1.1. Discussion of Performance 

• The traditional PI controller, while simple and widely used, has the smallest gain and 
phase margins. It implies a higher sensitivity of the controller to variations in the 
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parameters and higher vulnerability to instabilities if exposed to sudden changes in 
load or disturbances on the grid. 

• The optimized controller with PSO attains better margins because the gains are deli-
cately tuned through iterative optimization. This, in turn, provides superior phase 
characteristics for the system to sustain higher delays or perturbations without loss 
of stability. 

• The proposed CryStAl–RDF method merges the offline-optimized switching patterns 
generated by CryStAl with fast, real-time decision making enabled by the RDF 
model. This hybrid provides a way for fast adaptability without repetitive tuning. 
The higher phase margin implies stronger damping and lower overshooting during 
transients. The high gain margin ensures the controller’s ability to remain stable un-
der supply fluctuations or even modeling uncertainties. From Table 6, the CryStAl–
RDF controller shows the smallest overshoot and fastest settling time compared with 
other methods. These results clearly show superior transient performance and en-
hanced overall stability. 

8.1.2. Interpretation of Gain and Phase Margins Under Grid and Load Variations 

Two widely used frequency-domain indices, Gain Margin and Phase Margin, reflect 
the robustness of a closed-loop control system to modeling uncertainties, parameter vari-
ations, and external disturbances. In electric vehicle fast-charging systems, these metrics 
are especially necessary due to fluctuating conditions in the grid, the varying internal re-
sistance of batteries, and dynamic load variation across different stages in charging. 

A larger gain margin means that the system can tolerate significant variations in ei-
ther controller gain or plant parameters, such as input voltage sag/swell, inductance drift, 
etc., before it becomes unstable. Likewise, a larger phase margin is indicative of increased 
damping and reduced sensitivity to time delays, sensor noise, and computation latency 
that are inherent in digital power-converter controllers. 

Table 8 shows that the gain margin and phase margin for the proposed CryStAl–RDF 
controller are 12.5 dB and 58.3°, respectively, which is significantly better compared to the 
results obtained using classical PI- and PSO-based controllers. The margins are greater 
than the accepted thresholds for robustness in power electronic converters: GM > 6 dB and 
PM > 45°, which means that the proposed controller has strong robustness against grid 
voltage fluctuations, load transients, and parameter uncertainties. 

The increased phase margin practically means less overshoot and more rapid damp-
ing of the response to load disturbances, such as sudden connection/disconnection of a 
battery or sudden variations in charging current demand. A greater gain margin ensures 
stable operation even against supply disturbances or aging effects of components, enhanc-
ing the charger’s reliability in real-world deployment scenarios. 

Hence, the resulting enhanced stability margins from the controller of CryStAl–RDF 
are direct indications of its robustness and suitability for applications in fast EV charging 
under non-ideal and dynamically varying scenarios. 

Beyond nominal stability margins, robustness to parametric uncertainties and non-
ideal power-stage variations was assessed for further realism in the operating conditions. 
Real electric vehicle fast chargers are subject to component tolerances, thermal drift, aging 
effects, and battery impedance variations, all of which may affect the small-signal dynam-
ics of the converter significantly. 

For robustness analysis, the main power-stage parameters were perturbed from their 
nominal values: input inductors ±20%, DC-link capacitance ±15%, equivalent series re-
sistance ±30%, grid impedance, and battery internal resistance. The frequency-domain 
analysis shows that, under worst-case parameter deviation, the CryStAl–RDF-controlled 
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system maintains a gain margin greater than 9 dB and a phase margin greater than 50°, 
ensuring good robustness against modeling inaccuracies and component non-idealities. 

This increased robustness arises from the structured duty-cycle optimization pro-
vided by the CryStAl algorithm, which avoids excessive gain amplification, together with 
the smooth real-time duty-cycle adaptation provided by the RDF predictor. Collectively, 
these features constrain excessive loop-gain variation and phase lag under uncertain op-
erating conditions, thereby maintaining closed-loop stability. 

The results presented herein show that the proposed controller ensures stability for 
nominal conditions and provides resilient operation against realistic parameter uncertain-
ties expected in practical EV fast-charging installations. 

8.2. Performance Analysis in Time-Domain 

From Table 9, one can observe that the CryStAl–RDF controller has the smallest over-
shoot and the fastest settling time compared with other approaches. As indicated in Table 
8 and supported by the transient waveforms in Figures 7 and 8, the settling time is reduced 
from 0.26 s (PI) to 0.15 s (CryStAl–RDF), confirming improved transient behavior. 

Table 9. Time-domain performance comparison. 

Control Method Voltage Over-
shoot (%) 

Voltage 
Settling 
Time (s) 

Current Over-
shoot (%) 

Current Set-
tling Time (s) 

PI Controller 3% 0.260 3% 0.260 
PSO Optimization 2.5% 0.210 2.5% 0.210 

CryStAl–RDF 1.5% 0.150 1.5% 0.150 

8.3. Sensitivity Analysis for Parameter Variations 

Sensitivity analysis of the proposed CryStAl–RDF controller was performed by in-
troducing ±10% variations in the main system parameters of input voltage, output filter 
inductance, and the internal resistance of the battery. Each perturbation was evaluated in 
THD, output ripple, conversion efficiency, and SOC estimation performance. The results 
presented in Table 10, demonstrate the excellent robustness of the CryStAl–RDF controller 
in all perturbation cases. Variations in the efficiency and power-quality indexes are mini-
mal, showing that such a controller will surely adapt to parameter deviations while pre-
serving stable and high-quality operation. 

Table 10. Sensitivity analysis of key parameter variations using CryStAl–RDF algorithm. 

Parameter 
Varied Variation THD (%) Efficiency (%) 

Voltage 
Ripple (V) 

Current 
Ripple (A) 

Input Voltage 
−10% (342 V) 1.39 96.70 2.4 2.2 
+10% (418 V) 1.34 96.95 3.2 1.9 

Filter 
Inductance L 

−10% 1.45 96.30 3.9 2.4 
+10% 1.26 97.00 2.2 2.8 

Battery 
Resistance Rb +20% 1.33 96.60 3.2 3.1 

8.4. Ripple Suppression and Its Impact on Battery Health 

The ability of the proposed CryStAl–RDF control strategy to suppress voltage and 
current ripple enhances overall power quality and has a direct impact on reducing battery 
stress, thereby contributing to improved long-term battery health and lifespan. 
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8.4.1. Ripple Reduction Analysis 

Equation for Output Voltage Ripple of Buck Converter 𝛥𝑉௉௉  =  𝛥𝐼௅. (1 − 𝐷)8. 𝑓௦ఠ.𝐶  (54)

where 𝛥𝐼௅ = Inductor current ripple, 𝑓௦ఠ = Switching frequency (50 kHz), and C = Ca-
pacitance. 

The CryStAl optimization minimizes these terms in the cost function: 

min (𝜔ଵ⋅𝛥𝑉௥௜௣௣௟௘ + 𝜔ଶ ⋅ 𝛥𝐼௥௜௣௣௟௘ + …) (55)

This leads to smoother voltage/current delivery to the battery during charging. 

8.4.2. Mathematical Link to Battery Health 

Excessive voltage and current ripple accelerate battery aging by increasing internal 
heat and mechanical strain on electrodes. According to standard battery degradation 
models such as by using the empirical model for Li–ion degradation: 

The Arrhenius kinetic model for capacity fade is 𝑄௟௢௦௦ = A. 𝑒(ିಶೌೃ೅)  ·  𝑡௡  ·  (𝐼௥௠௦)௭ (56)

where 𝐼௥௠௦ = RMS ripple current (reduced by CryStAl–RDF); Ea = Activation energy; T = 
Temperature; t = Time; A, n, z = Battery-specific constants; Z ≈ 0.6: Ripple current expo-
nent; and n ≈ 0.5: Time exponent. 

CryStAl–RDF reduces 𝐼௥௠௦ by 25% ொ೗೚ೞೞ,೎ೝ೤ೄ೟ಲ೗ ொ೗೚ೞೞ ು಺  = ቀସଷቁ଺ ≈ 0.84(16% 𝑙𝑒𝑠𝑠 𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛)  (57)

Cycle life N scales inversely with 𝑄௟௢௦௦  𝑁஼௥௬ௌ௧஺௟ = 𝑁௉ூ × ቀସଷቁ଺  ≈ 1.19 𝑁௉ூ  (58)

If PI yields 800 cycles, CryStAl–RDF achieves ~950 cycles. 

8.4.3. Impact of Voltage and Current Ripple on Battery Degradation 

Voltage and current ripples during fast-charge conditions have a direct impact on the 
degradation mechanism of the battery, especially for lithium–ion cells. It is important to 
note that the representative battery behavior in this work is obtained by a simplified elec-
trical stress-based model, rather than directly simulating battery degradation using an 
electrochemical or electro-thermal aging model. Degradation-related insights are inferred 
from ripple-induced electrical stress indicators reported in the literature. Increased high-
frequency current ripple promotes more internal heat generation due to resistive losses, 
which accelerates the growth of the SEI layer and promotes mechanical stress within elec-
trode materials. Likewise, voltage ripples cause repeated micro-overcharging and -dis-
charging cycles, leading to capacity fade and reduced cycle life. 

Aging studies reported in the literature point to the fact that ripple-induced current 
oscillations drastically raise the effective RMS current, thus accelerating electrochemical 
degradation and thermal aging processes. Such reductions are commonly associated with 
lower electrical stress levels in the literature, which are considered beneficial for mitigat-
ing the mechanisms of degradation. This theoretical linkage would suggest that an im-
provement in the level of ripple suppression could have favorable operating conditions 
in terms of battery health [62]. 

The CryStAl–RDF controller proposed here improves the quality of power, enhances 
efficiency, and reduces electrical and thermal stresses on power semiconductor devices. 
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The reduced current and voltage ripple result in much lower RMS and peak currents in 
the switching devices. The conduction losses will be reduced, hence producing less elec-
trical stress. Furthermore, the optimized duty-cycle patterns obtained from the CryStAl 
algorithm coupled with smooth real-time adaptations from the RDF mitigate sudden 
switching transitions, thereby containing high di/dt and dv/dt stress. 

With respect to thermal considerations, the reduced RMS current and smoother 
switching translate to a lower average power dissipation and reduced thermal cycling of 
semiconductor junctions. This becomes particularly important in high-power EV fast-
charging applications, where this type of repetitive thermal stress constitutes a dominant 
factor in device degradation and reliability. Although a full thermal characterization is 
outside the scope of this work, the observed ripple, overshoot, and switching oscillation 
reductions strongly suggest that both electrical and thermal stress are reduced, which pro-
vides for enhanced reliability and longevity of the power stage. 

In this work, the effect of the proposed CryStAl–RDF controller on the electrical stress 
of the battery is quantitatively evidenced by reductions in voltage and current ripple at 
fast charging. Such reductions directly signal a smoothing of charging conditions, with 
reduced instantaneous peaks of current and electrical stresses at the battery terminals. 
Nevertheless, long-term aging and cycle-life degradation of the battery were not experi-
mentally measured within this work. 

Ripple reduction and associated extended battery lifetime are interpreted in the con-
text of the well-understood battery aging literature that reports accelerated degradation 
mechanisms such as increased ohmic heating, SEI layer growth, and mechanical stresses 
on electrode material due to excessive current and voltage ripple. Based on these models, 
the observed reductions offered by the proposed controller are expected to extend battery 
life. Direct validation via long-term cycling experiments remains, however, an important 
avenue of future work. 

8.4.4. Limitations of Battery Aging Estimation 

The battery lifetime analysis here is based on the simplified Arrhenius-type degrada-
tion model that connects the ripple-induced stress to accelerated aging mechanisms. 
While such models are adopted in the literature as rather standard approaches for as-
sessing relative aging trends, they do not capture the more complex electrochemical phe-
nomena of solid-electrolyte interphase growth, lithium plating, and temperature-depend-
ent diffusion effects. 

Moreover, the projected cycle-life enhancement is based on electrical stress reduction 
metrics rather than long-term experimental cycling data. In this respect, the lifetime en-
hancement reported here should be understood as a relative figure of merit that highlights 
the advantages of ripple mitigation rather than an absolute prediction of battery lifetime. 

Comprehensive validation through extended cycling experiments to be performed 
under conditions of controlled ripple is identified as future work, quantitatively confirm-
ing the long-term aging benefits of the proposed control strategy. 

Long-term aging experiments were beyond the scope of this study; hence, the impact 
on battery lifetime is inferred from the ripple reduction metrics and the aging models re-
ported in the literature. 

It must be noted, however, that the findings regarding the enhancement of battery 
life presented in this paper are based on electrical stress indicators, specifically, the reduc-
tion of voltage ripple, current ripple, and harmonic distortion, rather than on electrochem-
ical aging experiments. Therefore, the expected extension of battery life is a conclusion 
based on well-established relationships in the battery aging literature, which correlate the 
reduction of current ripple and thermal stress with the slowing down of degradation 
mechanisms. While these indicators represent a significant and widely accepted proxy for 
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battery health evaluation in the field of power electronics, this paper did not include long-
term cycling experiments in real-world operating conditions. Future work will focus on 
the experimental validation of the long-term effects of the proposed CryStAl–RDF control 
strategy on battery degradation and life. 

8.4.5. Basis of Arrhenius-Based Battery Aging Model 

In the battery aging analysis presented here, an Arrhenius-based degradation model 
was adopted to estimate the impacts of current ripple and thermal stress on battery life-
time. The Arrhenius formulation has been commonly adopted in lithium–ion battery ag-
ing studies for describing temperature and stress-dependent degradation mechanisms 
[63,64]. 

In this work, the activation energy and pre-exponential factor used in the Arrhenius 
equation are not experimentally calibrated; instead, they are adopted from established 
experimental investigations documented in the battery aging literature. These parameters 
correspond to typical lithium–ion battery chemistries used in electric vehicle applications 
and are chosen to provide a representative trend-level assessment of degradation behav-
ior. 

It has previously been determined that higher ripple current and increased tempera-
ture expedite side reactions, such as SEI growth and lithium plating, which can be mod-
eled effectively through the use of Arrhenius-based aging formulations. Thus, the param-
eter values chosen are suitable for comparative studies of the different charging strategies 
and not for absolute lifetime predictions. Therefore, direct quantitative predictions of bat-
tery lifetime cannot be derived with the present analysis, but a comparative assessment of 
charger-induced electrical stress under different control strategies is provided. 

Table 11 presents a quantitative comparison between conventional PI control and the 
proposed CryStAl–RDF control strategy with respect to ripple current suppression and 
its downstream effects on battery health. The CryStAl–RDF controller achieves a 25% re-
duction in RMS ripple current, which directly correlates with a 16% decrease in the bat-
tery’s capacity fade rate, according to empirical Li–ion degradation models. Based on an 
Arrhenius-type degradation framework, as commonly used in battery aging studies, the 
corresponding reduced voltage and current ripple may lead to an increase in battery cycle 
life. This estimate is indicative and intended to illustrate the relative impact of ripple mit-
igation rather than to forecast the absolute extension of lifetime. This represents the indic-
ative trend of relative cycle-life improvement due to ripple reduction. These results show 
that the electrical performance of the CryStAl–RDF approach provides a number of bene-
fits with respect not only to electrical performance but also to increasing the reliability and 
long-term charging efficiency of batteries in EV applications. Figure 14 presents a compar-
ison of ripple current and battery capacity fade for CryStAl–RDF and PI control. 
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Figure 14. Comparison of ripple current and battery capacity fade. 

The CryStAl–RDF method reduces current ripple from 1.5 A (PI) to 0.5 A (Figure 8f). 
Applying the Arrhenius kinetic model, this 25% reduction in 𝐼௥௠௦ decreases capacity fade 
by 16% and extends cycle life by ~19% (from 800 to 950 cycles). It should be noted that the 
Arrhenius-based model is used to demonstrate the relative impact of ripple reduction on 
battery degradation, rather than to predict absolute end-of-life metrics. Table 12 presents 
a quantitative comparison of PI, PSO, and CryStAl–RDF controllers. 

Table 11. Comparative analysis of ripple current impact on battery degradation under PI and CryS-
tAl–RDF control strategies. 

Parameter PI Control CryStAl–RDF Improvement 

RMS Ripple Current (A) 1.5 0.5 60% ↓ 

Capacity Fade Rate 1.0× 0.84× 16% ↓ 

Table 12. Quantitative comparison of PI, PSO, and CryStAl–RDF controllers. 

Performance Metric PI Control 
Method 

PSO Optimiza-
tion 

CryStAl–RDF Op-
timization 

Input Current THD (%) 4.96 2.09 1.29 
Power Factor 0.97 0.98 0.99 
Efficiency (%) 94.00 96.86 97.53 

Battery Voltage Ripple (V) 2 V 1.5 V 1 V 
Battery Current Ripple (A) 1.5 A 1 A 0.5 A 

8.4.6. Methodology for Performance Metric Calculation 

To ensure reproducibility, performance metrics were evaluated under steady-state 
operating conditions using the same time window for all control methods. The ripple val-
ues were calculated based on a steady-state time window ranging from 0.19 to 0.24 s, 
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which is one cycle of the fundamental grid frequency at 50 Hz, after the transient process 
had completely settled. 

The peak-to-peak and RMS values of the voltage and current ripple were measured 
for the chosen steady-state period. The total harmonic distortion of the input current was 
calculated using fast Fourier transform analysis over a period of 10 fundamental cycles in 
the steady state, as recommended by IEEE. 

The efficiency of the converter was expressed as the ratio of the average DC output 
power to the average AC input power, and the power values were calculated using time-
averaging of the product of the instantaneous voltage and current over the same steady-
state window. All calculations were carried out using MATLAB/Simulink tools under the 
same operating conditions for the PI, PSO, and CryStAl–RDF controllers. 

9. Experimental Setup 
Experimental results validate the control strategy and relative performance trends of 

the proposed CryStAl–RDF framework under scaled laboratory conditions. The experi-
mental prototype has been intentionally designed as a reduced-scale laboratory platform 
to validate the control logic, dynamic behavior, and relative performance improvements 
related to the proposed CryStAl–RDF framework. Given practical limitations with respect 
to safety, thermal management, and laboratory facility constraints, a full-scale 37 kW ex-
perimental validation falls beyond the scope of the current study. Instead, power scaling 
is utilized to preserve the control dynamics and per-unit behavior while facilitating safe 
and repeatable experimental testing. The experimental prototype was developed to vali-
date the proposed Hybrid CryStAl–RDF control algorithm applied to a Vienna Rectifier–
Buck Converter system for EV charging applications. The setup is powered by a three-
phase, 380 V AC supply, which is stepped down using an autotransformer to a controlla-
ble input range of 100–120 V RMS for safe low-voltage laboratory operation. 

The Vienna Rectifier stage converts the AC input into a regulated DC output of ap-
proximately 150 V, which serves as the input to the downstream DC–DC Buck Converter. 
The Buck Converter then steps down the voltage to 48 V DC, providing a 10 A output 
current to charge a 48 V/480 W battery pack. The control system is implemented on a Texas 
Instruments TMS320F28379D DSP controller manufactured by Texas Instruments Inc. 
(Dallas, TX, USA), selected for its dual-core C28x processors, 200 MHz operation, and 
multiple 16-bit ADC channels supporting high-speed voltage and current sensing. The 
proposed CryStAl–RDF algorithm is programmed in MATLAB/Simulink and deployed 
to the DSP through Code Composer Studio (CCS). The algorithm dynamically tunes con-
trol parameters in real time to minimize input current ripple and optimize conversion 
efficiency. The experimental validation is performed with a 480 W (48 V, 10 A) prototype 
converter used to charge a 48 V lithium–ion battery pack. All results reported in the fol-
lowing Table 9 refer to such rated power operating conditions, so as to make them com-
parable for typical EV charging loads. The prototype can be easily scaled up for higher 
power, provided that proper adjustments of components are performed. The DC–DC 
stage employs a single-phase buck converter, which is sufficient for the experimental 
power level (48 V, 10 A, 480 W) investigated in this study. 

Voltage and current feedback are acquired using: 

• LV25-P voltage sensors (LEM International SA, Geneva, Switzerland) for DC-link 
and output voltage monitoring, and 

• LA55-P current sensors (LEM International SA, Geneva, Switzerland) for measuring 
input phase current and load current. 
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Real-time PWM signals are generated using the DSP’s PWM modules, which drive 
the IGBT-based power switches of the Vienna Rectifier and the MOSFETs of the Buck 
Converter through isolated HCPL-3120 gate drivers. 

To evaluate the proposed control method, the system’s steady-state and dynamic 
performances were tested under identical conditions using both PI control and the pro-
posed CryStAl–RDF optimization control. The test setup operated at a switching fre-
quency of 50 kHz, with an input of 100–120 V AC (line-to-line), a DC-link voltage of 150 
V, and a battery charging output of 48 V/10 A. 

It is crucial to note that the simulation environment and the experimental prototype 
correspond to different levels of system abstraction. While simulations are performed un-
der idealized conditions with precise models of the components, minimal sensor noise, 
and zero computational delay, the experimental environment naturally embodies non-
idealized conditions. These non-idealized conditions include the noise of voltage and cur-
rent sensors, analog-to-digital conversion (ADC) quantization, digital control delays due 
to sampling and computation, dead times of power semiconductor switches, and parasitic 
elements of interconnects and passive components. These factors are difficult to model 
comprehensively in time-domain simulations but are naturally embodied in the hardware 
prototype. Notwithstanding the differences, the experimental data follow the simulated 
behavior, which confirms that the proposed CryStAl–RDF controller is robust to real-
world disturbances and maintains stable operation and performance. This experimental 
verification confirms the practical viability of the control approach while recognizing that 
large-scale thermal phenomena and aging processes are not within the scope of the pre-
sent experimental setup. 

9.1. Prototype Scaling and Equivalence with the Simulation Model 

The experimental system is designed to operate at a reduced power level with equiv-
alent per-unit values of voltage, current ripple ratio, switching frequency, and control 
bandwidth. Simulation and experimental setups share a number of key dimensionless pa-
rameters, such as limits on duty cycle, normalized current ripple, and dynamics of DC-
link voltage regulation. This approach to scaling is very common in power electronics 
research, to validate control strategies independently of an absolute power level, since the 
control laws and switching dynamics are invariant under proper normalization. 

Due to laboratory safety limitations and component availability, this experimental 
prototype is implemented at reduced voltage and power levels. While the simulation 
model is formulated for a three-phase 380 V grid-connected electric vehicle fast-charging 
system, the experimental validation uses a scaled input voltage of 100–125 V supplied via 
an autotransformer. To ensure consistency between the simulation and experimental 
models, a power-invariant and per-unit (p.u.)-based scaling approach was followed. The 
control architecture, modulation technique, and switching frequency remained the same 
for both cases; electrical parameters have been scaled to ensure that dynamic behavior 
remains similar between them. 

The voltage scaling factor is defined as: 𝑘௩ = 𝑉exp𝑉sim
  (59)

where 𝑉sim = 380Vrms,  and 𝑉exp = 100 Vrms. 
Under the current impedance scaling framework, current and impedance values 

were adjusted to keep the power flow and converter operating point comparable. The 
inductance and capacitance values were selected so as to maintain the same ratio of cur-
rent ripple and dynamics of DC-link voltage under the scaled conditions. 



Energies 2026, 19, 830 49 of 58 
 

https://doi.org/10.3390/en19030830 

Although the voltage and power levels are different between simulation and experi-
mental implementations, control objectives such as ripple suppression, harmonic mitiga-
tion, stability margins, and SOC tracking remain invariant under scaling. Therefore, the 
experimental prototype provides valid proof of concept for demonstration of the effec-
tiveness and robustness of the proposed CryStAl–RDF control strategy. Voltage-scaling 
approaches of a similar nature are thus commonly adopted within the power electronics 
literature to validate high-power EV charging systems under laboratory conditions. 

9.2. Results and Discussion 

Figure 15a shows the experimental setup of the Vienna Rectifier and Buck Converter 
controlled by the TMS320F28379D DSP. Figure 15b presents the input voltage, input cur-
rent, battery voltage, and battery current waveforms under CryStAl–RDF optimization 
control. Figure 15c displays the Closer picture of the Vienna Rectifier and DC–DC Buck 
converter. Figure 15d illustrates the input voltage and input current waveforms, with the 
measured THD of 1.29%. Figure 15e displays the battery voltage waveform, highlighting 
the ripple performance achieved with the CryStAl–RDF controller. Figure 16a illustrates 
the input voltage and input current waveforms, with the measured THD of 2.09% for PSO 
optimization control. Figure 16b displays the battery voltage waveform, highlighting the 
ripple performance achieved with the PSO controller. Figure 16c illustrates the input volt-
age and input current waveforms, with a measured THD of 4.96% under PI-based control. 
Figure 16d shows the battery voltage waveform obtained using the PI controller, illustrat-
ing the level of ripple present under conventional control. A comparative evaluation of 
system behavior under PI, PSO, and the proposed CryStAl–RDF method is summarized 
in Table 13. 

The results confirm the superiority of the hybrid approach. The THD in the input 
current obtained with CryStAl–RDF is 1.29%, way below the 4.96% measured with the PI 
controller, which represents a harmonic distortion reduction of 73.9%. Similarly, the out-
put voltage ripple drops from about 3%, under PI control, to approximately 1% with the 
proposed method, confirming its ability to provide more stable and dynamically compen-
sated charging performance. 

Table 13. Comparative performance analysis of CryStAl–RDF control with PI and PSO control 
measured at 48 V/10 A (480 W) output power. 

Parameter PI Control 
PSO 

Control 
CryStAl–RDF 

Control 
Improvement 

(CryStAl–RDF) 
Input Current THD (%) 4.96 2.09 1.29 ↓ 73.9% 

Voltage Ripple (%) 3 2 1 ↓ 60% 
Efficiency (%) 94.8 96.8 97.5 ↑ 2.7% 
Power Factor 0.97 0.98 0.99 Improved to UPF 
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(d) (e) 

Figure 15. (a) The experimental setup of the Vienna Rectifier and Buck Converter with a 
TMS320F28379D controller; (b) The experimental result of Input voltage, Input current and Battery 
voltage, Battery current waveforms for CryStAl–RDF optimization Control; (c) Closer picture of Vi-
enna Rectifier and Buck converter; (d) Input voltage and Input current waveforms and THD = 1.29%; 
(e) Battery voltage with ripples for CryStAl–RDF Control. 
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Figure 16. Experimental results of EV fast-charging system: (a) Input voltage and Current wave-
forms for PSO Control method (b) Battery voltage with ripples for PSO Control method (c) Input 
voltage and Current waveforms for PI Control (d) Battery voltage with ripples for PI Control. 

Experimental results obtained clearly show the effectiveness of the proposed Hybrid 
CryStAl–RDF controller over conventional PI- and PSO-based controllers. The CryStAl–
RDF controller, through dynamic changes in switching patterns and the tuning of control 
parameters, provides significant enhancements in power quality and the dynamic re-
sponse of the system, including an overall increase in operational efficiency, hence verify-
ing its adequacy for advanced control applications. The major improvements in perfor-
mance involve: 

• The significant reduction of input current distortion, assuring smoother and cleaner 
interaction with the grid. 

• Effective ripple minimization at both the DC-link and battery terminals, contributing 
to improved charging quality and extended battery lifespan. 

• Higher system efficiency (97.5%) and a near-unity power factor (0.99), demonstrating 
the controller’s capability to perform real-time optimization with minimal computa-
tional burden. 

These results confirm strong agreement between the experimental prototype and 
simulation studies, validating the feasibility and reliability of the proposed control strat-
egy for a next-generation EV fast-charging system. 

Discussion on Operating Regimes 

While there are evident advantages of the proposed CryStAl–RDF controller in op-
eration at medium- and high-power levels, these benefits become less pronounced in low-
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power regimes. At reduced load levels, where switching frequency, current ripple, and 
harmonic distortion are naturally lower, conventional PI control often suffices to maintain 
acceptable voltage regulation and power quality. Under such conditions, advanced opti-
mization-based control does not bring worthy improvements in terms of performance. 

On the contrary, with rising operating power, nonlinear converter behavior, switch-
ing losses, and ripple content increase. In such regimes, the weaknesses of fixed-gain PI 
controllers, such as slower dynamic response and higher ripple, begin to emerge. The 
CryStAl–RDF framework therefore works well in such situations, where optimal switch-
ing decisions and predictive control are needed to suppress the harmonic content in order 
to increase efficiency and improve battery-side performance. Thus, this proposed control-
ler is ideally suitable for fast electric vehicle charging and high-power applications due to 
the three important design constraints: power quality, efficiency, and battery health. 

9.3. Component-Level Power Loss Analysis 

To provide further insight into the system efficiency, a comprehensive power loss 
breakdown is reported. The focus is on the main power components of the DC–DC con-
version stage operating at the rated condition of 480 W (48 V, 10 A), adopting the CryStAl–
RDF optimum duty cycles. Component-level loss analysis was made by using measured 
RMS currents and device datasheet parameters. The conduction losses were calculated 
from on-state voltage drops and resistances, while the switching losses were estimated 
from the switching frequency and voltage stress and transition energy. Losses within the 
passive components were evaluated by making use of copper resistance, core loss models, 
and equivalent series resistance values. The verification through this analysis finds that 
the switching devices constitute the majority in the overall losses, while the proposed 
CryStAl–RDF control mitigates the switching stress and current ripple in order to reduce 
the total dissipation. 

The power loss breakdown for the CryStAl–RDF-controlled converter at 480 W out-
put is presented in Table 14. The primary loss contributors are the conduction losses in 
the MOSFETs and diodes, accounting for over 50% of the total losses, as shown in Table 
10. The CryStAl–RDF controller’s optimization reduces RMS currents and smooths 
switching transitions, directly mitigating these dominant loss components compared to 
the PI and PSO methods. This granular analysis confirms that the efficiency gains are 
achieved through intelligent reduction of switch and diode stresses. Output power is 480 
W and the total loss is 10.3 W, therefore the overall efficiency is 97.5%. 

Table 14. Power loss breakdown for the CryStAl–RDF-controlled converter at 480 W output. 

Component Loss Type Loss (W) % of Total Loss 

MOSFETs (Switches) 
Conduction Loss 3.2 31% 
Switching Loss 2.1 20% 

Diodes 
Conduction Loss 2.8 27% 
Reverse Recovery 0.5 5% 

Inductor 
Copper (DCR) Loss 1.1 11% 

Core Loss 0.3 3% 
Capacitors ESR Loss 0.2 2% 

Control and Sensing Quiescent and Drive 0.1 1% 
Total Losses - 10.3 W 100% 

9.4. Computational Requirements and Hardware Feasibility 

The practical viability of the proposed CryStAl–RDF controller was assessed by esti-
mating its computational requirements and comparing them with the capabilities of 
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commonly employed digital controllers in electric vehicle fast-charging systems. The 
CryStAl algorithm runs fully in offline mode and is called only once during the controller 
design procedure to obtain the optimized switching patterns. Therefore, it does not load 
the computational budget at runtime. 

During online control, the RDF runs inference on a restricted number of input fea-
tures: the reference current and the measured quadrature-axis current. Thus, the model is 
made of 20 decision trees that are each at most 6 levels deep, implying a bounded and 
predictable computational load. Each inference requires less than 150 arithmetic opera-
tions and straightforward logical comparisons. Thus, its execution time is about 1.8–2.0 µs 
on the TMS320F28379D DSP at 200 MHz. 

The execution time is well within the allowable control cycle for the power electronic 
converters operating in the frequency range 50–100 kHz, for which the control deadlines 
are typically between 10 and 20 µs. Similarly, the memory usage by the RDF model is less 
than 30 kB, which is almost negligible compared to the on-chip memory available in most 
state-of-the-art DSP and FPGA platforms. 

Compared to the deep learning-based controllers, which rely on matrix multiplica-
tions and floating-point operations with corresponding high memory bandwidth require-
ments, this CryStAl–RDF framework offers a lightweight and deterministic control struc-
ture. These features make it very well suited for embedded implementation in industrial 
electric vehicle fast chargers using DSPs or FPGAs without relying on hardware accelera-
tors or high-performance processors. The computational comparison of control strategies 
for CryStAl–RDF with PI-, PSO-, and DNN-based controllers is presented in Table 15. 

Table 15. Computational comparison of control strategies. 

Controller Online Computation Memory Real-Time Feasibility 
PI Very Low <5 kB Excellent 

PSO High (iterative) >50 kB Limited 
DNN-based Very High >200 kB Poor 

CryStAl–RDF Low (inference only) >200 kB Excellent 

9.5. Scalability Toward High-Power and 800 V EV Charging Architectures 

The proposed CryStAl–RDF control framework is conceptually scalable to higher-
power electric vehicle fast-charging systems and emerging 800 V battery architectures. 
Since the CryStAl algorithm optimizes normalized duty-cycle variables within bounded 
search spaces, its operation is independent of absolute voltage levels. Likewise, the RDF-
based online inference relies on normalized electrical states, enabling constant-time pre-
diction regardless of the converter power rating. 

However, to scale the system towards 800 V and ultra-fast-charging power levels, 
changes at the power-stage level will be required: these are high-voltage-rated semicon-
ductor devices such as 1200 V SiC MOSFETs, thermal management enhancements, and 
higher DC-link voltage ratings. At higher power levels, switching and conduction losses 
increase, and interleaved or multilevel DC–DC converter topologies become more rele-
vant, owing to lower current stresses and improved efficiency. 

Control-wise, the CryStAl optimization would need to be retrained for updated loss 
models, thermal constraints, and ripple limits for operation at higher voltages; the RDF 
model would also be retrained from the now extended dataset covering a wider operating 
regime. Again, no structural updates to the hybrid control formulation are needed, show-
ing that it is scalable and flexible. 

A noteworthy direction for future work is comprehensive experimental validation at 
800 V and power levels in the multi-tens of kilowatts range. 
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10. Conclusions 
This work presents a hybrid CryStAl–RDF control framework for Vienna rectifier-

based EV fast-charging systems, with contributions spanning control methodology, con-
verter-level performance evaluation, and implementation feasibility, as demonstrated 
through simulation and scaled experimental validation. 

From a methodological perspective, this work illustrates, through simulation and im-
plementation, the integration of a crystal structure-inspired metaheuristic (CryStAl) with 
a lightweight machine learning predictor based on RDF. The CryStAl algorithm is used 
offline to produce optimized switching patterns with multi-objective constraints, and the 
RDF model is used to enable real-time predictions of control decisions with controlled 
computational complexity. The viability and robustness of the hybrid optimization/pre-
diction approach are demonstrated through simulation and DSP-based experimental im-
plementations, addressing the limitations of offline optimization and the computational 
complexity of online learning approaches. 

From the performance analysis point of view, the CryStAl–RDF controller is demon-
strated, through simulation and experimental analysis, to offer better performance in 
terms of the key electrical parameters compared to the traditional PI and PSO controllers. 
In particular, it can be seen that the total harmonic distortion of the input current is re-
duced to 1.29%, the overall efficiency is 97.53%, the power factor is close to unity, and the 
battery-side voltage and current ripples are reduced by more than 50% compared to the 
original system, as obtained from the steady-state analysis of the waveforms. Frequency-
domain and time-domain evaluations further confirm improved gain and phase margins, 
faster settling times, and enhanced dynamic stability under grid and load variations 
within the investigated operating conditions. 

From the implementation perspective, the scaled experimental validation using a 
DSP-based prototype proves the real-time viability of the RDF control strategy at high 
switching frequencies. Although the experimental environment is scaled down for lower 
power handling, it still proves the strategy’s low computational complexity, determinism, 
and suitability for embedded digital control platforms, which can be used for fast-charg-
ing converters. 

Regarding the wider applicability, the measured decreases in the electrical stress in-
dicators (voltage and current ripple) imply, in the context of the widely reported battery 
aging models in the literature, a possible improvement in battery health and a reduction 
in degradation rates. However, these implications remain speculative and unverified, 
since battery aging experiments are beyond the scope of this work. Finally, while the nor-
malized control structure and modular optimization/prediction framework imply possi-
ble applicability to higher-power and higher-voltage EV charging systems, comprehen-
sive validation at multi-tens of kilowatts and 800 V system architectures is a topic for fu-
ture work. Therefore, future research will focus on high-power experimental validation, 
battery aging studies, and next-generation EV fast-charging system architectures. 
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