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ABSTRACT
Emerging computational paradigms such as quantum-inspired optimization
(QIO) and physics-informed machine learning (PIML) offer novel solutions to
complex design challenges in electrical drives. These approaches merge
physics knowledge with advanced computational search and inference
techniques to achieve optimal performance under multi-objective constraints.
This paper investigates the theoretical foundations of QIO and PIML and their
application to drive design problems, including torque ripple minimization,
energy efficiency, and fault tolerance. Numerical results and design
frameworks  demonstrate  how  physics-guided learning  improves
generalization while reducing reliance on large training datasets. Original

studies and comparative data are used to illustrate efficacy.
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INTRODUCTION

Drive design for electrical machines involves balancing conflicting objectives like efficiency,
torque stability, thermal limits, and material cost. Traditional optimization methods face
scalability limitations for high-dimensional design spaces. Quantum-inspired optimization
(QI0O) adapts principles from gquantum computing—such as superposition and tunneling—to
classical algorithms, enabling exploration of complex objective landscapes. Meanwhile,
physics-informed machine learning (PIML) embeds governing physical laws into machine
learning (ML) architectures to enhance accuracy and reduce data requirements. In this work,
we explore integration of QIO and PIML for drive parameter selection and control strategy

design.

BACKGROUND

1. Quantum-Inspired Optimization

QIO algorithms, including quantum annealing-inspired metaheuristics and unitary
transformation-based search, mimic quantum behaviors to avoid local minima in
multimodal spaces. These have shown promise in engineering design optimization tasks (Hajj
etal., 2021).

2. Physics-Informed Machine Learning
Unlike purely data-driven ML, PIML constrains models with physical laws (e.g., Maxwell’s
equations, electrical machine dynamics). This fusion mitigates overfitting and ensures

adherence to conservation laws.

DRIVE DESIGN CHALLENGES AND OPTIMIZATION GOALS

Designing electrical drives involves multiple goals:

e Torque ripple minimization

« Efficiency maximization

e Thermal constraint compliance

e Robustness to grid and load perturbations

These objectives often conflict, requiring multi-objective optimization methods capable of

navigating tradeoffs.
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Figure 1: Multi-Objective Drive Design Landscape
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QUANTUM-INSPIRED OPTIMIZATION FRAMEWORK
The QIO framework evaluated in this study uses a hybrid genetic algorithm enhanced with
guantum tunneling heuristics to explore global design spaces more effectively than

classical GA alone.

Table 1: QIO vs Standard GA Comparison

Feature Standard GA Quantum-Inspired GA
Exploration Capability Moderate High
Local Minima Avoidance Limited Improved via tunneling
Convergence Speed Slower Faster in high dimensions
Computational Cost Low Moderate

Data based on benchmark drive design problem runs (average of 30 trials).

PHYSICS-INFORMED MACHINE LEARNING FOR DRIVE MODELING
PIML models were developed by embedding physical constraints from machine equations

into neural network training loss functions. For example:

Loss=LdatatA-Lphysics\text ~ {Loss} L {\text{data}} + \lambda \cdot
L_{\text{physics}}Loss=Ldata+A-Lphysics

Where LdatalL_ {\text{data}}Ldatais mean squared error between predicted and measured,
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and LphysicsL_{\text{physics}}Lphysics enforces Maxwell’s and mechanical torque

dynamics constraints.
Distributed PIML Model

IMPLEMENTATION DETAILS
Both QIO and PIML techniques were implemented in Python using open-source ML toolkits

with custom physics modules. The design space included:
o Stator/rotor slot geometry

« Winding parameters

« Control strategy coefficients

NUMERICAL RESULTS
A benchmark induction motor was optimized using QIO and compared with classical GA and

Particle Swarm Optimization (PSO).

Table 2: Optimization Results for Benchmark Drive

Algorithm Torque Ripple (%) | Efficiency (%) Computation Time (s)
GA 6.8 93.2 340
PSO 6.2 93.7 310
QIO (Proposed) 5.1 94.4 295

The QIO approach achieved lower torque ripple and higher efficiency with competitive

computation time.
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Figure 2: Efficiency vs Iteration for Optimization Algorithms
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PHYSICS-INFORMED ML PREDICTION ACCURACY
PIML performance was assessed on unseen drive load data, comparing against purely

data-driven networks.

Model RMSE Torque RMSE Speed
Data-Driven NN 4.8 35
PIML (Proposed) 2.1 1.4

Physics constraints significantly improved prediction accuracy.

DISCUSSION
1. Benefits of Hybrid Approaches
QIO effectively balances exploration and exploitation in complex landscapes.

PIML reduces data requirements by enforcing physical fidelity.

The synergy improves drive design robustness and trustworthiness.

2. Practical Considerations
Computational overhead of PIML training and QIO heuristics may be higher than classical

methods but justifiable by improved performance.
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CONCLUSION

This paper demonstrates that quantum-inspired optimization coupled with physics-informed
machine learning provides a powerful toolkit for advanced electrical drive design. The results
illustrate superior performance in multi-objective tasks and better predictive accuracy under
physical constraints. Future work includes real-time deployment and integration with

hardware-in-the-loop systems.
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