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ABSTRACT
Electric vehicle (EV) drive systems require exceptionally high power density,
superior conversion efficiency, and minimal electromagnetic interference
(EMI) across wide torque-speed operating regimes. Multi-level inverters
(MLIs)—specifically neutral-point clamped (NPC), active NPC (ANPC), and
cascaded H-bridge (CHB) topologies—offer substantial advantages over
conventional two-level voltage source inverters, including synthesized stair-
step output voltage waveforms, lower voltage stress (dV/dt) across wide-
bandgap semiconductor switches, and reduced total harmonic distortion
(THD). However, traditional finite-control-set model predictive control (FCS-
MPC) schemes for MLIs face severe computational bottlenecks due to the
exponential expansion of valid switching states, dynamic parameter variations
under thermal stress, and capacitor voltage balancing imbalances. This
comprehensive review paper provides a rigorous technical analysis of
Artificial Intelligence (Al)-driven predictive control methodologies designed
to maximize the operational efficiency and dynamic resilience of multi-level
inverters in modern electric vehicle traction drives. We evaluate the
integration of deep reinforcement learning (DRL), physics-informed neural
networks (PINNs), and neural-network-augmented FCS-MPC architectures
for real-time switching optimization. Through detailed analytical
comparisons, mathematical formulations, and hardware-in-the-loop (HIL)
simulation evaluations, this paper demonstrates that Al-driven predictive
control reduces output current THD down to 0.72% (compared to 4.85% in
conventional PI-PWM), boosts inverter power conversion efficiency to 98.9%,
and cuts computational execution latency by 92.4% relative to standard MPC
formulations. Furthermore, we dissect current research gaps, embedded edge-

processor implementation limits, cybersecurity risks, and hardware
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integration barriers, offering a comprehensive strategic roadmap for next-

generation Al-optimized EV powertrain architectures.

KEYWORDS: Electric Vehicle Drive Systems, Multi-Level Inverters (MLI),
Al-Driven Predictive Control, Physics-Informed Neural Networks (PINN),
Deep Reinforcement Learning (DRL), Total Harmonic Distortion (THD),
Neutral-Point Clamped (NPC).

INTRODUCTION

The global transition toward sustainable transportation has accelerated the electrification of
passenger, commercial, and industrial vehicles [1]. At the core of every modern electric
vehicle (EV) lies the electric traction drive system, comprising a high-voltage battery pack,
an electronic inverter, and an alternating current (AC) permanent magnet synchronous motor
(PMSM) or induction motor [2]. The inverter serves as the critical energy conversion bridge,
transforming direct current (DC) from the battery into finely modulated three-phase AC
power required for traction motor torque and speed regulation [3]. Maximizing energy
conversion efficiency within this inverter stage is paramount, as even marginal efficiency
gains directly extend vehicle driving range, reduce thermal management requirements, and

optimize overall battery cycle life [4].

Historically, two-level Voltage Source Inverters (2L-VSIs) utilizing Silicon (Si) IGBTs or
Silicon Carbide (SiC) MOSFETs have dominated EV traction architectures due to their
functional simplicity and minimal switch count [5]. However, 2L-VSIs suffer from inherently
severe technical trade-offs: high voltage change rates (dV/dt) that induce steep motor bearing
wear and winding insulation breakdown, elevated electromagnetic interference (EMI), and
significant harmonic distortion at low switching frequencies [6]. To overcome these physical
constraints, multi-level inverters (MLIs)—including Neutral-Point Clamped (NPC), Active
NPC (ANPC), Flying Capacitor (FC), and Cascaded H-Bridge (CHB) topologies—have been
increasingly adopted in high-performance EV drive platforms [7]. By synthesizing staircase
voltage output waveforms, MLIs significantly reduce harmonic distortion, lower dV/dt stress
across switching devices by splitting DC-link voltages, and enable high-voltage operation

with lower rated semiconductor components [§].
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Despite their superior power quality, MLI operational complexity increases dramatically with
the number of voltage levels [9]. Controlling multi-level inverters requires solving real-time,
non-linear multi-objective optimization problems: tracking three-phase current references,
minimizing switching losses, suppressing common-mode voltage (CMV), and maintaining
continuous DC-link neutral-point voltage balance [10]. Traditional Pulse Width Modulation
(PWM) and proportional-integral (PI) control loops lack the dynamic bandwidth necessary to
handle dynamic motor parameter shifts caused by magnetic saturation and thermal variations
[11]. Model Predictive Control (MPC)—specifically Finite-Control-Set MPC (FCS-MPC)—
has emerged as a powerful alternative due to its fast transient response and flexible multi-
objective cost function formulation [12]. However, conventional FCS-MPC exhibits an
exponential computational scaling problem; as MLI topologies expand, calculating rolling-
horizon predictions for every valid switching combination within sub-20-microsecond control

loops becomes computationally prohibitive for automotive-grade microcontrollers [13].

To bridge this critical computational and operational gap, Artificial Intelligence (AI) and
Machine Learning (ML) paradigms are being embedded directly into predictive control loops
[14]. By leveraging Physics-Informed Neural Networks (PINNs), Deep Reinforcement
Learning (DRL) agents, and neural surrogate models, Al-driven predictive control can
evaluate optimal switching vectors in constant O(1) execution time while adaptively tracking
internal motor parameter shifts in real time [15]. This review paper delivers a complete,
technically rigorous analysis of Al-driven predictive control for high-efficiency multi-level
inverters in EV traction drives, establishing performance benchmarks, detailing algorithmic

mechanics, and solving key hardware deployment bottlenecks.

LITERATURE REVIEW

The evolutionary trajectory of electric motor control in power electronics has progressed
from open-loop scalar scalar control (V/f) to vector field-oriented control (FOC), direct
torque control (DTC), and modern model predictive control (MPC) [16]. In multi-level
inverter control, predictive algorithms have received extensive focus due to their inherent
ability to handle multiple control objectives without cascading linear PI controllers [17].
Early works on FCS-MPC by Rodriguez et al. [18] established the foundational framework
for applying discrete-time system models to forecast future converter state behaviors across

candidate switching vectors. While highly effective for three-level NPC inverters, their
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framework required evaluating 27 switching states per control cycle, creating manageable

computational overhead on dedicated digital signal processors (DSPs) [19].

However, when scaling to five-level or seven-level topologies (such as 5-level ANPC or 7-
level CHB), candidate switching combinations increase exponentially to 125 and 343 states,
respectively [20]. To address this computational explosion, various sphere-decoding and
simplified switching-region algorithms were proposed by Kou et al. [21]. Although these
reduced-set MPC techniques succeeded in lowering candidate evaluation counts by pre-
filtering non-optimal vectors, they frequently degraded dynamic trajectory performance
during aggressive EV acceleration and regenerative braking maneuvers, leading to transient
current overshoots [22]. Furthermore, physical variations in stator resistance and inductances
(L_d, L_q) under high-current thermal operating conditions degraded the predictive accuracy
of classical model-based observers, yielding steady-state tracking errors and elevated total

harmonic distortion (THD) [23].

Recently, the integration of deep learning and reinforcement learning into converter
predictive control has gained substantial momentum [24]. Zhang and Wang [25] implemented
a Deep Q-Network (DQN) to select inverter switching states for a three-phase induction
motor drive. Their model achieved sub-microsecond vector selection times; however, the
agent exhibited instability during high-speed flux-weakening regions due to a lack of physical
power stage constraint modeling [26]. To address model stability, Liu et al. [27] developed an
offline-trained Artificial Neural Network (ANN) surrogate model designed to mimic the cost-
function evaluation step of classical FCS-MPC. While this approach dramatically reduced
execution latency, offline ANNs remain vulnerable to severe control degradation when
exposed to unmodeled external load disruptions, temperature-induced parameter shifts, or

sensor noise [28].

RESEARCH GAP

A rigorous evaluation of current literature reveals three fundamental research gaps that hinder

the practical industrial deployment of Al-driven predictive control in automotive multi-level

inverter drive systems:

e Exponential Computational Complexity vs. Real-Time Automotive Edge Constraints:
Modern high-level MLI topologies offer exceptional power quality but suffer from

exponential state space growth. Existing MPC simplification algorithms either sacrifice
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dynamic transient performance or exceed the sub-20-microsecond execution budget of
automotive-grade microcontroller units (MCUs) or field-programmable gate arrays
(FPGAs) [29].

Parameter Drift Vulnerability in Black-Box Al Controllers: Purely data-driven machine
learning models lack physical system constraints and parameter adaptability. When EV
traction motors experience temperature fluctuations (changing stator resistance R _s) and
magnetic saturation (varying d-q axis inductances L _d, L q), unconstrained black-box Al
algorithms lose tracking accuracy and risk violating critical voltage/current safety limits
[30].

Coupled Multi-Objective Optimization Bottlenecks: Simultaneous regulation of motor
current tracking, DC-link neutral-point capacitor voltage balancing, switching frequency
minimization, and common-mode voltage (CMV) suppression requires manual tuning of
weighting factors in classical MPC. Existing literature lacks an adaptive, physics-
informed Al framework capable of dynamically auto-tuning these multi-objective trade-

offs in real time under volatile EV operating driving cycles [31].

OBJECTIVES

To directly address and overcome these identified research gaps, this study establishes the

following explicit research objectives:

To formulate an ultra-low-latency Physics-Informed Neural Network-augmented Finite-
Control-Set Model Predictive Control (PINN-FCS-MPC) architecture that reduces
switching state evaluation latency to under 5 microseconds on automotive embedded
hardware [32].

To synthesize an adaptive parameter tracking observer based on deep reinforcement
learning (DRL) that dynamically updates internal inverter-motor model parameters under
extreme thermal stress and magnetic saturation [33].

To evaluate the complete system performance across standardize driving cycles (WLTP
and FTP-75), quantifying metrics such as Total Harmonic Distortion (THD), inverter
conversion efficiency, execution latency, and DC-link neutral-point voltage stability
using hardware-in-the-loop (HIL) real-time experimental setups [34].

To propose a robust cybersecurity and fault-tolerant framework that protects edge-
deployed Al predictive control agents against sensor telemetry noise and adversarial

cyber-physical injection attacks in connected EV architectures [35].
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METHODOLOGY

The proposed Al-driven predictive control framework for multi-level inverters utilizes a
physics-informed deep learning control architecture integrated with real-time parameter
tracking observers. The mathematical formulation models a three-level Active Neutral-Point
Clamped (3L-ANPC) inverter driving a Permanent Magnet Synchronous Motor (PMSM).
The continuous-time state space model of the PMSM in the rotating synchronous d-q
reference frame is governed by the following differential equations:

di dydt=(1/L d)*[vd-Rs*id+w e*L q*i (]

diqydt=(1/L q)*[vgq-Rs*iq-o e*(L d*i q+A pm)]

where v_d and v_q are the d-q axis stator voltages, i d and i_q are the stator currents, R s is
the stator resistance, L _d and L_q are the d-q axis inductances, ®_e is the electrical rotor
speed, and A_pm is the permanent magnet flux linkage [36]. Discretizing these equations
using Forward Euler over a sampling time T s yields the discrete-time predictive model for
the next control interval (k+1):

1 dk+t)=(1-Ts*R s/Ld)*idk+Ts*w ek)*(L q/L d)*i qk)+(T s/L d)
*v_d(k)

1qk+tl)=(1-Ts*Rs/Lq*iqk-Ts*wek *@Ld/Lq) *i1dk)-(Ts*
o ek)* L pm/L q)+(T s/L q)*v _q(k)

In classical FCS-MPC, the objective is to minimize a multi-objective cost function J
evaluating all possible voltage vectors S _j:

J=71*[G_d* -idk+])> + (G _g* -i qk+1))?] + A de * [V_Cl(k+]) - V_C2(k+D)]* +
A sw*> IS jk+1) - S _jk)|

where i_d* and i_qg* are reference currents, V_CI and V_C2 are upper and lower DC-link

capacitor voltages, and A_i, A_dc, A_sw are dynamic weighting factors [37].

To eliminate the exhaustive evaluation of J across all switching states, the proposed Al-
Driven Physics-Informed Neural Network (PINN) acts as a high-speed classifier and state
selector. The PINN receives real-time state vectors X(k) = [i_d(k), i q(k), 1 d*,i q*, V_ClI,
V_C2, o _e] and directly predicts the top three optimal candidate switching vectors S_opt,

drastically reducing the search space from N states down to 3 states [38]. Furthermore, a
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Deep Deterministic Policy Gradient (DDPG) reinforcement learning agent operates in a
parallel low-frequency loop (1 kHz) to dynamically update the weighting factors A i, A _dc,
A_sw based on real-time driving conditions (e.g., prioritizing DC-link balancing during sharp

cornering and switching efficiency during steady cruising) [39].

Table 1: System Parameters for EV Multi-Level Inverter Drive Simulation

Parameter Symbol / Unit Value
DC-Link Voltage V _dc (V) 800V
Inverter Topology Topology Type 3-Level Active NPC (ANPC)
PMSM Rated Power P n (kW) 150 kW
Base Stator Resistance R s (mQ) 12.5 mQ
d-q Axis Inductances L d/L _q(mH) 0.45 mH / 0.85 mH

RESULTS AND FINDINGS

The proposed Al-driven predictive control strategy was validated using a real-time
Hardware-in-the-Loop (HIL) experimental setup featuring an OPAL-RT OP5700 simulator
coupled to a Xilinx Zynq UltraScale+ MPSoC edge processing board. The 3L-ANPC EV
drive model was executed at a continuous sampling frequency of 50 kHz (20 ps control

cycle) [40].
Table 2 presents a comparative evaluation of control performance metrics among traditional
Proportional-Integral PWM (PI-PWM), standard FCS-MPC, and the proposed AI-Driven

Predictive Control across identical 150 kW traction operating points.

Table 2: Comparative Performance Benchmark of EV Inverter Control Schemes

Control THD Current Inverter Capacitor Execution
Strategy (%) Efficiency (%) | Unbalance (V) Latency (ps)
Classical PI-
4.85% 94.2% 124V 1.2 us
PWM
Standard FCS-
2.10% 96.8% 4.1V 42.5 ps
MPC
Proposed Al-
0.72% 98.9% 0.6 V 3.2 us
DMPC
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As demonstrated by the empirical data in Table 2, the proposed Al-driven predictive control
framework achieves a dramatic reduction in stator output current THD, dropping from 4.85%
in conventional PI-PWM and 2.10% in standard MPC down to an unprecedented 0.72%.
Inverter overall conversion efficiency increases to 98.9%, driven by intelligent vector pruning
that minimizes unnecessary semiconductor switching transitions. Furthermore, execution
latency per control loop is reduced from 42.5 ps (which exceeds real-time limits for high-

level MLIs) down to 3.2 ps, comfortably fitting within the 20 ps execution budget [41].

Tracitional Pi-PWM Model Pradictive (MPC) Proposad Al-DMPC

Figure 1: Performance comparison of Total Harmonic Distortion (THD) and Inverter

Efficiency across control schemes

PINN Edge Agent (Proposed) - A2ps

ANN-MPC Network

Swandard MPC (FPGA) 258

0 10 20 30 40 50
Execution Latency per Control Cycle (ps)

Figure 2: Execution latency per control cycle across hardware implementation platforms

DISCUSSION

The significant performance enhancements achieved by the proposed Al-driven predictive
control paradigm stem from the synergistic combination of deep learning classification
efficiency and physics-informed domain constraints [42]. Traditional FCS-MPC suffers from
an unavoidable computational barrier when applied to multi-level topologies: as inverter
levels increase, evaluating candidate cost functions sequentially consumes excessive DSP

clock cycles. By offloading candidate state selection to a lightweight Physics-Informed
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Neural Network (PINN), the algorithm achieves constant-time O(1) state candidate ranking,
eliminating 90% of redundant vector computations without sacrificing mathematical rigor

[43].

From an engineering and practical automotive perspective, the auto-tuning DRL loop
addresses a longstanding challenge in traction control: dynamic trade-off management [44].
During high-torque urban stop-and-go driving, the DRL agent automatically shifts weighting
priority toward DC-link neutral-point capacitor balancing and torque ripple minimization.
Conversely, during high-speed highway cruising, the agent prioritizes switching loss
reduction to maximize energy conversion efficiency. Incorporating real-time parameter
observers ensures that variations in stator resistance (up to +50% under thermal buildup) do

not cause steady-state current vector drift, establishing high operational robustness [45].

LIMITATIONS

Despite its strong performance, several practical deployment limitations must be recognized:

e Hardware Memory Constraints on Automotive MCUs: Embedded neural network models
require substantial memory footprints for weight matrices and biases, which can strain
low-cost microcontrollers lacking dedicated hardware neural processing units (NPUs)
[46].

e Training Data Coverage and Out-of-Distribution Dynamics: Extreme edge cases in
vehicle dynamics (e.g., rapid traction loss on icy roads combined with battery voltage
sag) may present out-of-distribution state vectors to the PINN, potentially leading to
transient sub-optimal switching selections [47].

e High Initial Computational Cost for Offline Training: Training physics-informed multi-
agent RL models across complex drive cycle datasets requires extensive GPU compute

clusters prior to vehicle deployment [48].

FUTURE SCOPE

To build upon these research findings and advance the field of smart electric mobility, future

research efforts should focus on the following domains:

e Hardware-In-The-Loop Edge NPU Quantization: Implementing sub-byte quantization
(e.g., INT8/INT4) for PINN model weights to enable seamless execution on standard

automotive-grade microcontrollers with sub-microsecond inference times [49].
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e Integrated Wide-Bandgap (SiC/GaN) Co-Design: Extending Al-driven predictive
switching algorithms to ultra-high switching frequency (>100 kHz) Gallium Nitride
(GaN) and Silicon Carbide (SiC) multi-level topologies [50].

e Federated Learning across Fleet Vehicles: Developing secure, privacy-preserving
federated edge learning frameworks that allow EV fleets to collectively refine inverter
predictive control models based on real-world driving data without compromising

telemetry privacy [51].

CONCLUSION

This paper presented a comprehensive review and technical evaluation of Al-driven
predictive control methodologies for high-efficiency multi-level inverters in electric vehicle
drive systems. By integrating Physics-Informed Neural Networks (PINNs) with finite-
control-set model predictive control and real-time reinforcement learning parameter
observers, the proposed framework solves the critical computational bottlenecks, parameter
sensitivity, and multi-objective trade-offs inherent in legacy inverter control paradigms.
Experimental real-time HIL results confirmed that the Al-driven predictive control scheme
reduces current THD to 0.72%, achieves an inverter power conversion efficiency of 98.9%,
and lowers execution latency to 3.2 ps per control cycle. The architectural frameworks,
mathematical insights, and future research pathways outlined in this paper provide a technical

blueprint for next-generation, high-efficiency electric vehicle powertrains.
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