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Abstract 

This dissertation proposes an integrated and interdisciplinary framework for enhancing 

the modeling, learning, optimization, and control of industrial robotic arms by intersecting 

advanced computational methods in fundamental artificial intelligence and robotics. 

Motivated by the growing demand for high-precision, energy-efficient, and adaptive robotic 

systems in industrial automation, this research addresses core challenges in dynamic 

modeling, inverse kinematics, parameter identification, and robust control under nonlinear 

and uncertain conditions. The study is structured around six core investigations, each 

represented by a peer-reviewed publication and synthesized into a unified research 

trajectory. First, a systematic review assesses the landscape of quantum computing in 

robotics, highlighting the roles of quantum machine learning, quantum neural networks, 

quantum-inspired algorithms, and quantum-enhanced control strategies. Second, the impact 

of dynamic model simplifications on energy consumption and torque prediction is 

rigorously quantified using multi-fidelity CAD models of a six-jointed industrial robot. 

Third, a QNN-based inverse kinematics framework is proposed, demonstrating superior 

accuracy and singularity robustness compared to classical neural network approaches. 

Fourth, dynamic parameter identification is accomplished through a comparative study 

between classical Particle Swarm Optimization and Quantum-behaved PSO, with results 

confirming the quantum approach’s improved convergence and resilience to disturbances. 

Fifth, a quantum-inspired Sliding Mode Control method is developed, integrating quantum 

principles into control laws to reduce chattering, enhance tracking precision, and improve 

energy efficiency. Additionally, a sixth investigation introduces a Quantum Sinusoidal 
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Pulse Width Modulation strategy, implemented as the actuator-level control mechanism to 

realize the optimized trajectory tracking tasks derived from the proposed quantum-

enhanced methods. This technique minimizes Total Harmonic Distortion in motor drives, 

thereby enhancing power quality, voltage utilization, and overall energy efficiency across 

the robotic control framework. The proposed framework is not just a theoretical concept, 

but a practical solution that has been validated using both simulation and empirical data on 

the ABB IRB 140 industrial robotic manipulator. Across all analyses, quantum-enhanced 

techniques consistently outperform classical counterparts in terms of accuracy, adaptability, 

and computational robustness. This dissertation provides novel insights into the scalability 

and practicality of quantum-AI integration, establishing methodological pathways for the 

next generation of intelligent robotic systems. 
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Résumé 

Cette thèse propose un cadre intégré et interdisciplinaire visant à améliorer la 

modélisation, l'apprentissage, l'optimisation et la commande des bras robotiques industriels, 

en croisant des méthodes computationnelles avancées issues de l’intelligence artificielle 

fondamentale et de la robotique. Motivée par la demande croissante en systèmes robotiques 

industriels à haute précision, à faible consommation énergétique et à forte capacité 

d’adaptation, cette recherche s’attaque aux défis fondamentaux liés à la modélisation 

dynamique, la cinématique inverse, l’identification des paramètres et la commande robuste 

dans des conditions non linéaires et incertaines. L’étude s’articule autour de six axes de 

recherche principaux, chacun ayant donné lieu à une publication évaluée par des pairs et 

synthétisé dans une trajectoire scientifique cohérente. Premièrement, une revue 

systématique évalue l’état de l’art du calcul quantique appliqué à la robotique, en mettant 

en lumière les rôles du Machine Learning quantique, des réseaux de neurones quantiques, 

des algorithmes inspirés du quantique, et des stratégies de commande améliorées par le 

quantique. Deuxièmement, l’impact des simplifications du modèle dynamique sur la 

consommation d’énergie et la prédiction du couple est quantifié rigoureusement à l’aide de 

modèles CAO multi-fidélité d’un robot industriel à six articulations. Troisièmement, un 

cadre de cinématique inverse basé sur les réseaux de neurones quantiques est proposé, 

démontrant une précision supérieure et une meilleure robustesse face aux singularités 

comparativement aux approches neuronales classiques. Quatrièmement, l’identification 

dynamique des paramètres est réalisée via une étude comparative entre l’optimisation par 

essaim particulaire classique et celle à comportement quantique, les résultats confirmant la 
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meilleure convergence et la résilience accrue de l’approche quantique face aux 

perturbations. Cinquièmement, une méthode de commande par modes glissants inspirée du 

quantique est développée, intégrant des principes quantiques dans les lois de commande 

afin de réduire le chattering, améliorer la précision de suivi et optimiser l’efficacité 

énergétique. En outre, une sixième investigation présente une stratégie de Modulation de 

Largeur d’Impulsion Sinusoïdale Quantique, mise en œuvre comme mécanisme de 

commande au niveau des actionneurs pour réaliser les trajectoires optimisées issues des 

méthodes quantiques proposées. Cette technique permet de réduire la Distorsion 

Harmonique Totale dans les entraînements de moteurs, améliorant ainsi la qualité de 

l’alimentation, l’utilisation de la tension et l’efficacité énergétique globale du cadre de 

commande robotique. Le cadre proposé ne se limite pas à une conceptualisation théorique, 

mais se concrétise par des validations empiriques et en simulation, notamment sur le 

manipulateur robotique industriel ABB IRB 140. Dans l’ensemble des analyses, les 

techniques augmentées par le quantique surpassent systématiquement leurs équivalents 

classiques en termes de précision, d’adaptabilité et de robustesse computationnelle. Cette 

thèse offre ainsi des perspectives inédites sur la scalabilité et la viabilité pratique de 

l’intégration IA-quantique, ouvrant des voies méthodologiques pour la prochaine 

génération de systèmes robotiques intelligents. 
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Chapter 1 - Introduction 

1.1 Motivation 

In recent decades, global industries have faced increasing demands for elevated 

productivity, operational precision, and energy efficiency, all essential for maintaining 

competitiveness, economic viability, and environmental sustainability. These imperatives 

appear not only from intensified demand pressures but also from the critical requirement to 

adhere to strict energy regulations and meet advancing consumer expectations for quality 

and performance. Advanced sectors such as precision manufacturing, autonomous logistics, 

minimally invasive robotic surgery, and cleanroom assembly increasingly depend on 

robotic systems to carry out intricate, high-accuracy tasks. The effectiveness of these 

systems directly impacts production throughput, safety, and energy consumption. However, 

any shortcomings in control fidelity, kinematic accuracy, or dynamic responsiveness can 

lead to cumulative errors, increased operational costs, and higher energy usage. 

Consequently, the incorporation of advanced control techniques, intelligent kinematic 

modeling, and energy-aware algorithms has appeared as an essential research priority for 

both academia and industry. 

A particularly noticeable area where these multifaceted challenges intersect is in 

industrial robotics. Within this domain, articulated robotic arms are essential components of 

modern automated manufacturing systems. Their intrinsic intricacy emanates from 

nonlinear kinematics, tightly coupled dynamic behavior, and vulnerability to both internal 

uncertainties and external disturbances. Collectively, these factors present considerable 
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hurdles to achieving high-precision control, robust performance, and energy-efficient 

operations. Among such systems, the ABB IRB-140, a widely utilized six-degree-of-

freedom industrial manipulator, serves as a notable benchmark, highlighting the real-world 

applicability and practical constraints associated with these platforms. Its application across 

various sectors, from automotive manufacturing to electronics assembly, underscores the 

urgent need to refine control strategies and dynamic modeling to meet excellent 

performance and sustainability standards. Enhancing the control dedication, adaptive 

responsiveness, and energy efficiency of robotic manipulators like the IRB-140 is not 

exclusively a technical endeavor; it defines a direct pathway to increased industrial 

throughput, precision, and accuracy, reduced downtime and maintenance costs, and 

significant reductions in energy consumption and environmental impact. These 

modifications align with more all-around societal goals, including resource optimization 

and intelligent automation in the context of Industry 4.0 and beyond. 

Addressing these convoluted challenges, the literature has investigated a variety of 

innovative solutions, including robust control strategies, comprehensive dynamic modeling 

techniques, and data-driven approaches like neural networks for inverse kinematics and 

parameter identification. While Advanced Control provides effective resilience to external 

disturbances and model uncertainties, it often leads to issues such as chattering and an 

increased computational burden, which can hinder its effectiveness in precision-focused 

tasks [1]. Neural network-based methods, on the other hand, enhance flexibility and 

capabilities for nonlinear mapping in solving inverse kinematics, but may struggle under 

real-time constraints due to their inherent computational complexity [2, 3]. Dynamic 

modeling, essential for accurate predictions of system behavior, often demands substantial 
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labor and computational resources, making it less practical for situations requiring rapid 

adaptation [4, 5]. An important element of effective dynamic modeling is parameter 

identification, where swarm optimization has recently shown faster convergence, greater 

robustness, and enhanced accuracy compared to classical swarm algorithms. In this context, 

quantum computing has emerged as a promising frontier to overcome existing limitations. 

Approaches such as Quantum Machine Learning (QML), Quantum Neural Networks 

(QNNs), and quantum-inspired metaheuristics leverage the unique properties of quantum 

mechanics, such as superposition, entanglement, and quantum parallelism, to achieve 

accelerated convergence, improved generalization, and scalable computation. Their 

application in robotics has already led to significant enhancements in speed, robustness, and 

efficiency, often surpassing classical benchmarks across various metrics.  

Despite these promising advancements, several persistent challenges hinder the full 

realization of quantum-based robotic Control: 

• Limited availability and maturity of the classical method. 

• Susceptibility of control systems to decoherence and noise. 

• High complexity and abstraction of computational algorithms. 

• Lack of standardized evaluation frameworks for standard methods in robotics. 

• Fragmentation of interdisciplinary collaboration between robotics, advanced 

computational methods, and control theory. 

Current research launched a systematic and rigid exploration into the modeling, 

analysis, optimization, and Control of industrial robotic arms by progressively integrating 

classical and quantum computational techniques. It began by developing a highly accurate 
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and advanced kinematic and dynamic model of an industrial robotic arm. The impact of 

common simplifications in kinematic and dynamic modeling was then examined, revealing 

important trade-offs that are academically and practically significant [5]. Building on this 

foundation, the study conducted a comprehensive literature review that identified the 

transformative potential of quantum computing in robotics. Guided by this perspective, the 

research explored hybrid neural network solutions, both classical and quantum, to address 

the inverse kinematics problem, indicating notable improvements in robotic accuracy and 

singularity avoidance [2, 6]. To further enhance dynamic modeling, the study applied both 

classical and quantum swarm optimization algorithms for precise parameter identification, 

confirming the robustness of quantum-inspired methods in high-dimensional, nonlinear 

settings. Finally, the research implemented a robust Sliding Mode Control strategy and 

extended it through a quantum-enhanced version, comparing their performance in terms of 

precision, robustness, and energy efficiency [1]. Together, these contributions establish a 

cohesive and interdisciplinary framework that advances the modeling, optimization, and 

Control of industrial robotic arms by effectively harnessing quantum computing 

technologies. The comparative analysis conducted across different methodologies clearly 

reveals the benefits of quantum-enhanced approaches over classic methods. The current 

thesis addresses this crucial issue through an interdisciplinary framework that unifies 

classical and quantum methodologies. It focuses on refining dynamic and kinematic 

models, advancing hybrid quantum-classical optimization techniques, and designing 

quantum-enhanced control algorithms. By doing so, the research aims to deliver practical 

and scalable solutions for the next generation of intelligent, energy-efficient industrial 

robotic systems. 
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1.2 Literature Review 

The rapid evolution of industrial robotics, particularly in high-precision and high-

flexibility applications, has prompted a substantial transformation in the methodologies 

underpinning robotic modeling, control, and learning. These transformations are promoted 

by pressing industrial demands for systems that can operate under stringent constraints of 

accuracy, adaptability, and energy efficiency [5]. Against this backdrop, the convergence of 

artificial intelligence and quantum computing has materialized as a disruptive lane, one that 

promises to redefine the computational boundaries of intelligent robotics. The present 

literature review serves as a foundational platform for the following thesis, aiming to 

consolidate and critically assess contemporary advances in techniques across robotic 

modeling, parameter identification, learning architectures, and robust control mechanisms. 

Over the last two decades, classical AI algorithms such as artificial neural networks 

(ANNs), support vector machines (SVMs), and various swarm optimization techniques 

have played an instrumental role in enhancing robotic capabilities [7, 8]. These techniques 

have demonstrated their value in solving inverse kinematics, improving dynamic model 

estimation, and enabling real-time trajectory planning. Nonetheless, as the dimensionality 

and nonlinearity of robotic systems increase, particularly in the context of articulated 

manipulators with six or more degrees of freedom (DOF), classical approaches have shown 

signs of restrictions. Issues such as computational overhead, convergence instability, 

sensitivity to noise, and difficulty in maintaining robustness under unstructured 

environments remain formidable challenges [2, 9]. 
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Concurrently, the emergence of quantum computing has opened a new computational 

frontier. Unlike classical computers that process information in bits, quantum systems 

utilize quantum bits (qubits), which harness principles such as superposition, entanglement, 

and quantum tunneling to represent and process information in fundamentally new ways 

[10]. In robotics, this paradigm has given rise to a relative of quantum-inspired algorithms, 

ranging from quantum neural networks (QNNs) and quantum machine learning (QML) to 

quantum-enhanced control strategies and swarm optimization heuristics [11]. These 

developments offer influential advantages in terms of computational scalability, learning 

efficiency, and resilience to noise, essential attributes for real-world robotic systems 

operating in dynamic and uncertain settings. 

Despite notable advancements, the body of literature on quantum-enhanced robotics 

remains quite fragmented. Research efforts primarily focus on isolated components, such as 

control or learning, often lacking an integrative framework that links modeling, parameter 

estimation, and decision-making processes. Moreover, many quantum methodologies are 

introduced in theoretical or simulated contexts, lacking standardized benchmarking against 

their classical counterparts. This absence of comparative analysis complicates the 

evaluation of the actual benefits of quantum methods, especially when implemented on real 

robotic platforms constrained by hardware limitations and operational challenges [1]. In 

other hand, the literature study addresses existing research gaps by synthesizing findings 

across five essential dimensions of robotic system development: the integration of 

quantum-AI principles, modeling simplification strategies, learning architectures for 

inverse kinematics, parameter identification via optimization, and robust control 

enhancement. These five domains are central to building intelligent, adaptive, and energy-
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efficient robotic systems capable of operating in dynamic and uncertain industrial settings. 

The subsequent sections of the literature review will explore each of these five dimensions 

in depth, providing critical insights into their theoretical underpinnings, practical 

applications, and comparative performance assessments. Cooperatively, they constitute the 

conceptual and empirical foundation of the thesis, leading the reader through the 

interdisciplinary landscape of essential investigation in robotics. 

1.2.1 Quantum AI Foundations in Robotics  

Synergy between quantum computing and artificial intelligence (AI) is revolutionizing 

computational paradigms with profound implications on the way robotic systems will be 

developed in the future. Termed Quantum Artificial Intelligence (QAI), the union has 

shortened the route to intelligent devices where non-classical resources like superposition, 

entanglement and quantum parallelism are merging with learning protocols and decision-

taken protocols. These advances are not purely theoretical, as they represent a paradigm 

shift towards improving robotic autonomy, robustness of control, and computational 

efficiency – especially in the high-dimensional and highly non-linear regimes where more 

classical approaches reach their limitations.  

Quantum computing is constructed for the growing computational requirements of AI-

powered robotics. While in a classical system, states are calculated in sequence, in a 

quantum processor, we can compute and store many states at the same time [12, 13]. This 

native parallelism enables much faster training of machine learning models and efficient 

resolution of complex optimization problems, both of which are indispensable for robotic 

perception, control, and decision making. Quantum learning systems have been found to 
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perform exceptionally well in large-scale pattern recognition, combinatorial problems, and 

on-the-fly adaptation, all of which are essential traits for autonomous robotic systems 

working in unpredictable and dynamic settings [14]. There has been enormous interest from 

multiple domains, including energy optimization, cybersecurity, autonomous vehicles, 

medical diagnostics, etc., due to the theoretical promise that Quantum Artificial Intelligence 

(QAI) offers in robotics [15, 16]. More specifically, for robotic systems, QAI has been 

considered for the improvement of energy efficiency in control systems, better 

understanding sensor data, real-time decision-making in high-dimensional state spaces, and 

motion planning. For instance, it has been suggested that entanglement-based classification 

of high-dimensional vectors can be used for accelerating machine learning processes in 

robotics, outperforming standard classifiers in terms of speed and robustness. Moreover, 

nature-inspired perception models that use qubits to represent sensory information are 

hoped not only to develop robotic vision and environmental perception further, but also in 

other fields [17, 18]. Despite this progress, direct execution of QAI on robotics is at its 

early stages. While classical AI frameworks have reached a certain level of maturity 

concerning deployment, there are mounting limitations in terms of computational overhead, 

power demand, and expansion as a practical robotic platform. Their capabilities are limited 

and not only constrained to static environments with structured setups, making them less 

flexible and precise for applications in need of continuous learning, real-time control, and 

working in unstructured conditions. Quantum computing, with its ability to compute in 

potentially hundreds of gigabytes, also provides hope in transcending most of these 

limitations [19]. Nevertheless, the real-world integration of quantum processors with robots 

introduces new challenges, including hardware immaturity, the cost of error correction, and 
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the complexity of many quantum algorithms [20, 21]. To tackle these challenges, new 

research has recently centred on categorising QAI developments across four key domains 

as they apply to robotics: Quantum Machine Learning (QML); Quantum Neural Networks 

(QNNs); Quantum-Inspired Algorithms; and Quantum-Enhanced Control Strategies. Each 

of these is a new area that span several limitations the classical ones have, and provides 

quantum or inspiration from quantum solutions for better system-level performance. 

Quantum Machine Learning (QML) focuses on leveraging quantum computing to 

accelerate and generalize classical learning algorithms. QML includes quantum-enhanced 

support vector machines, reinforcement learning models, and generative techniques, many 

of which have shown exponential or polynomial speedups in theoretical and empirical 

settings [22]. In robotics, QML has been applied to learning inverse dynamics, improving 

path planning under uncertainty, and optimizing control policies. One notable application 

includes quantum reinforcement learning agents that outperform classical counterparts in 

exploration efficiency, especially in deterministic environments where classical models 

tend to overfit or converge prematurely [23].  

QNNs, a specific subclass of QML, provide a quantum-native framework for 

computations. Differing from typical neural networks, QNNs store information in quantum 

form and employ quantum gates to perform transformation and training procedures [24, 

25]. These networks have been found to have properties that can cause the model to be less 

complex and generalize better, along with other qualities that provide for the extraction of 

higher-dimensional features with fewer computational resources. In robotics, QNNs have 

been shown to improve the prediction of Inverse kinematics, learned path, and sensorimotor 

coordination, especially in systems for which singularities and discontinuities are 
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challenging issues for the classical models. Moreover, the inclusion of QAFs, the Quantum 

ReLU and cosine-dependent interferometer model, has expanded the capacity of QNNs to 

approximate complex, nonlinear functions with greater accuracy.  

Quantum-Inspired Algorithms (QIA) adopt principles of quantum mechanics, such as 

tunneling, interference, and probabilistic superposition, but implement them on classical 

hardware [26]. These algorithms have gained traction in robotics for solving optimization 

problems, including path planning, task allocation, swarm coordination, and resource 

scheduling. Quantum-behaved Particle Swarm Optimization (Q-PSO), for example, 

improves convergence and robustness in estimating dynamic parameters such as link inertia 

and center of mass, key components in high-fidelity robotic modeling [27]. Unlike classical 

PSO, Q-PSO introduces a probabilistic search space governed by quantum potential wells, 

enabling better avoidance of local minima and faster global convergence. Quantum-

Enhanced Control (QEC) refers to the integration of quantum computing principles directly 

into feedback and control systems [28]. By embedding quantum operators into the control 

laws such as in quantum-inspired Sliding Mode Control (QSMC) these strategies achieve 

improved robustness against disturbances and reduced control energy [29]. Although the 

potential of these quantum technologies is considerable, significant barriers remain. 

Foremost among them is the current limitation of quantum hardware. Noisy Intermediate-

Scale Quantum (NISQ) devices still struggle with qubit decoherence, gate fidelity, and 

scalability. These technical limitations affect the practical deployment of QAI algorithms in 

physical robotic systems [30]. Additionally, many quantum algorithms lack standardized 

evaluation metrics, making it difficult to benchmark performance relative to classical 

models in real-world tasks. The absence of cross-disciplinary integration between quantum 
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computing, robotics, and AI further hinders the translation of theoretical advancements into 

deployable robotic architectures [31].  

Quantum-enhanced controllers can also exploit quantum parallelism to evaluate 

multiple control paths simultaneously, enabling more adaptive and precise trajectory 

tracking [1, 32]. By embedding quantum operators into the control laws, such as in 

quantum-inspired Sliding Mode Control (QSMC), these strategies achieve improved 

robustness against disturbances and reduced control energy [29, 33]. Quantum-enhanced 

controllers can also exploit quantum parallelism to evaluate multiple control paths 

simultaneously, enabling more adaptive and precise trajectory tracking [34]. In medical 

robotics and collaborative manipulators, QEC has shown promise in managing high 

precision tasks, reducing chattering, and improving transient response time [35].  

To address these challenges, the literature emphasizes the need for scalable quantum 

protocols, hybrid classical-quantum frameworks, and enhanced quantum software 

engineering. Hybrid systems, in which classical processors handle deterministic low-level 

control while quantum modules manage probabilistic learning or global optimization, offer 

a promising compromise [36, 37]. For example, using IBM’s quantum cloud infrastructure, 

researchers have demonstrated hybrid learning architectures capable of executing robot 

navigation and control tasks in partially structured environments, with notable 

improvements in training efficiency and decision robustness [36]. The evolution of 

quantum-inspired perception systems has further motivated researchers in the field to 

design multi-sensory data fusion models that represent and process complex environmental 

signals in terms of qubits [38]. These models not only improve the interpretability and 

robustness of data obtained from sensors but also help make robot behavior more adaptive 



35 

 

and responsive. Including such features in mobile robots, manipulators, and swarm systems 

is a dynamic frontier in quantum augmented robotics [39].  

Overall, the intersection of quantum computing and AI in the context of robotics is full 

of promises and complexities. Quantum-AI approaches offer computational capabilities that 

go beyond classical constraints in terms of speed, adaptivity, and scalability. However, the 

field as such is still in its infancy, and it needs more rigorous theoretical grounding, 

empirical verifications, and interdisciplinary efforts to realize its values. 

1.2.2 Modeling and Simplification in Robotic Dynamics  

The dynamic model is the foundation of robot system design, which affects the 

performance of the control strategy, energy consumption, and trajectory planning [4]. In the 

field of industrial robotics, as is also the case for articulated robotic arms, the grade of a 

dynamic model is important. The model's capability to predict joint torques and system 

energy depends on its ability to precisely represent the mass distribution, inertial properties, 

and kinematic configurations of each robot link; however, this precision comes at the 

expense of increased computation cost. As a result, researchers are frequently confronted 

with a trade-off in model complexity and performance, particularly when applying real-

time control or simulation in low-resource scenarios [5]. 

Robots have their end-effector devices carrying out operations through revolute or 

prismatic joints, and the dynamic equations of these devices will govern the forces or the 

torques at these joints. They are equations for which the leaves can be determined through 

the Newton–Euler or Euler–Lagrange approach. The Newton–Euler formulation gives an 

efficient way to calculate dynamic forces and moments using a recursive algorithm and is 
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well suited for numerical realizations [40]. On the other hand, the Euler–Lagrange 

formulation is based on the theory of analytical mechanics, which provides a more 

systematic way to describe the system using generalized coordinates and energy functions 

[41]. Although elegant and intuitive from a physical perspective, the definition of the 

Euler–Lagrange model requires detailed information about the center of mass and inertia 

tensor of each link, as well as the structure of the potential and kinetic energy terms in their 

entirety [42]. 

In high-fidelity dynamic models, mass properties are typically extracted through 

engineering-grade methods such as Computer-Aided Design (CAD) tools, Experimental 

Modal Analysis, or the use of Inertial Measurement Units (IMUs) [43]. CAD software such 

as SOLIDWORKS enables the extraction of precise geometric and physical characteristics 

of each link, including the center of mass and principal moments of inertia [44]. This data 

becomes especially important when modeling systems with coupled dynamics, where the 

effect of one joint's motion influences others due to inertial cross-terms. 

Nevertheless, acquiring such precision through CAD modeling or physical 

measurement is not always feasible, particularly when dealing with legacy robots, 

incomplete specifications, or when simulation speed is a primary concern. To address these 

constraints, several levels of model simplification are commonly employed. These 

simplifications include treating complex geometries as uniform rods or boxes, using 

approximated mass distributions, or neglecting cross-coupling terms [45-47]. While such 

reductions pointedly reduce computational overhead, they may introduce modeling errors 

that adversely affect control accuracy, energy estimation, and disturbance rejection. 
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A larger view of this modeling difficulty emerges from the literature. In recent years, 

some novel developments in dynamic parameter identification have been made to improve 

further the accuracy of identifying the dynamic parameters and to handle the model's 

complexity [48-50]. For instance, methods such as virtual mass manipulation have been 

applied to improve the performance of the controller by tuning parameters during online 

operation [51]. A learning-based approach has recently been proposed in the literature 

where compensation for gravity and inertia may be learned over a neural network, thus 

allowing for high tracking performance without requiring an explicit dynamic model [52]. 

Other work has used Lie group theory and differentiable physics models to achieve better 

estimates of the inertial parameters, even when the payload could change. 

They also cited an increasing trend towards hybrid physics-and learning based 

modelling. In hybrid systems, the classical physical interpretability is carried over, 

supplemented in some manner with data-driven or learning type elements to be able to 

adjust to unmodelled dynamics and measurement noise [53, 54]. In mobile manipulators, 

such as, for example, payload estimation techniques have been incorporated into dynamic 

models to be able to consider changing operational conditions [55]. Online mass and inertia 

estimation has been used in aerial robotics for control purposes, such as improving 

trajectory tracking and stabilizing flight despite disturbances [56]. 

However, the systematic comparison of how the dynamic model accuracy may affect 

the performance of articulated robotic arm control systems is lacking in the literature. Many 

of the existing methodologies are fine-tuned to optimize for either high-fidelity off-line 

modeling or highly abstracted online control, and with sparse attention paid to the regimes 

in between where relevant simplifications can be gradually exploited to the fullest extent 
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[57]. In addition, their combination with robust control techniques, like Sliding Mode 

Control or Model Predictive Control, is yet to be developed, in particular for real-time 

operation [58, 59]. 

In conclusion, dynamic model simplification plays a pivotal role in robotic system 

design, particularly in balancing fidelity and computational efficiency. Through a 

comparative analysis of CAD-derived models at varying levels of detail, this research 

highlights the practical implications of model abstraction for torque estimation, energy 

consumption, and control reliability. As robotic systems become more intelligent and 

adaptive leveraging AI and quantum-inspired algorithms the foundational understanding of 

how model simplifications affect system dynamics remains crucial. The following stages of 

this review will address how such modeling challenges intersect with learning-based 

inverse kinematics, parameter optimization techniques, and robust control architectures. 

1.2.3 Neural Network Approaches to Inverse Kinematics 

The issue of Inverse Kinematics (IK) still constitutes a important problem in robotic 

manipulation, especially when it comes to redundant degrees of freedom solutions and 

nonlinear joint space to task space mappings. In recent years, artificial neural networks 

(ANNs) have been relatively popular as an alternative to classic analytical and numerical 

solutions of the IK. These learning-based controllers, based on supervised and 

reinforcement learning, have demonstrated strong performances in terms of flexibility, 

learning ability, overall speed, and adaptability on numerous robotic systems [3]. 

Artificial neural network-based approaches have been successfully used to enhance the 

accuracy of motion control or to eliminate singularities and discontinuities that typically 
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plague classical IK methods. Feed-forward neural network (FNN) structures, such as 

multilayer perceptron (MLP), have been popularly used in robotic arm model-free control, 

operating effectively with or without known system dynamics, or with structural 

redundancy [2, 60]. For example, it was shown that feeding the network input with joint 

position feedback can lead to an improvement in convergence and control stability. These 

models also enable offline training and sim-to-real transfer learning, which is particularly 

useful for soft robotics and other compliant manipulators for which accurate analytical 

models might be infeasible [61-63]. 

Another major trend has been the design of hybrid systems, in which ANNs are 

combined with well-established controllers, such as PID or impedance control, resulting in 

data-driven adaptable systems that still exhibit model-based robustness [64]. These 

methods of hybrid control allow fine control whilst also acting to model tracking errors or 

uncertainties in the mechanical system [65]. Moreover, these architectures could integrate 

additional novelties like Gaussian Mixture Models, hierarchical structures, and function 

approximators that enhance the functional capability of NNs to solve IK problems, mainly 

when applied to redundant or continuum robots [66-68]. As they are trained to estimate the 

inverse kinematics end-to-end by adapting to various trajectory datasets, the network-based 

solution is expected to generalize and also reduce computational time during online motion 

in real time. 

Even though classical ANNs work well on robotic kinematics, they are determined by 

the need for large training data sets, overfitting, and scalability issues in higher-order, high-

dimensional input spaces [69, 70]. These disadvantages have also created much interest in 

Quantum Neural Networks (QNNs), which incorporate ideas from quantum computing into 
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the processing and learning process of neural systems [71, 72]. QNNs change the way we 

encode and process data by exploiting quantum mechanical effects such as superposition, 

entanglement, and interference [73, 74]. Unlike conventional networks that work with 

scalar or vector inputs, QNNs consider data as quantum states, thereby allowing for parallel 

analysis of several solution spaces [71, 75]. This parallelism enables QNNs to successfully 

solve complex high-dimensional problems, such as IK, faster and generalize better, 

especially in the vicinity of singularities and among ambiguous joint configurations. 

In robotics, there have been efforts to apply QNNs to forward and inverse kinematics, 

trajectory prediction, and adaptive control [3]. Initial research has shown that QNNs can 

achieve better accuracy and computational cost than classical ANNs [76]. Matterport3D 

and ScanNet. Some related works describe the use of quaternions and Pauli gates to 

represent spatial rotations, which capture pose and orientation representations more 

compactly and accurately [2]. Some authors incorporate QNNs into swarm optimization to 

address IK problems with more favorable convergence properties and fewer local minima 

[77]. Given that QNNs are versatile for the representation of spatial data and inherently 

parallel, they are particularly suitable for real-time robotic scenarios with an uncertain, 

nonlinear environment [78]. 

A central novelty in QNN design was the introduction of quantum-inspired activation 

functions. Traditional neural networks often rely on rectified linear units (ReLU), which, 

despite being computationally efficient, have several drawbacks, including the dying ReLU 

problem, where a ReLU unit becomes inactive and halts learning [79, 80]. Quantum 

activation functions (QAFs) solve those problems by generalizing the transformation as 

periodic, entanglement-respecting, or interference-sensitive ones [81, 82]. For instance, 
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cosine-inspired periodic functions or entangled-state-induced QAFs have proven to 

accelerate the learning dynamics, expedite convergence, and improve (regression and 

classification) function approximation. 

Several hybrid quantum-classical models have been developed to model inductive 

biases of QAFs for convolutional and/or recurrent neural network architectures [83, 84]. 

Not only in robotics, such networks have also been deployed in challenging problems such 

as medical diagnosis and environmental modelling, and the quantum layer can act as a 

feature enhancer or encoder. In robotics, this promises new frontiers in fast disturbance 

rejection, on-the-fly motion planning, or improved IK controllers. Nevertheless, QNNs 

remain impractical in robotics due to the current state of quantum hardware. Most of such 

calculations depend on simulators or classical models that have a quantum foundation, 

rather than on genuine quantum computing. Moreover, although the theory of quantum 

activation function and learning layer suggests speedups, the interfacing of these with 

sensor feedback, real-time control loops, and actuator interfaces is still an active research 

area. 

One such related line of development is to adopt the quantum swarm intelligence in the 

form of quantum-inspired (QI) swarm optimization search as an auxiliary for learning in 

QNN-centric IK systems [11, 85]. By integrating global optimization approaches with 

quantum-inspired deep learning networks, new solution spaces have been recently 

investigated for joint trajectory planning, particularly in complex or congested spaces [77, 

86]. These methods also have the advantage of being robust to noisy inputs, which is 

particularly important for deploying robots in the real world [87]. On the whole, the 

intersection of conventional ANNs and QNNs offers encouraging prospects for IK in 
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robotics [88]. Employing QNNs enables the development of weightless, scalable solutions 

that can learn intricate mappings with fewer parameters and improved generalization. 

Finally, integrating quantum mechanics into activation functions and network topology 

gives rise to a vast design space in which to explore novel neural architectures designed for 

robotic applications [71, 89]. 

In summary, classical and quantum neural networks are powerful and versatile building 

blocks for inverse kinematics problems in robotics. Although traditional ANNs work well 

in different setups and control missions, their scalability and accuracy call for even more 

advanced quantum-based models. QNNs, owing to their unique computational approaches 

and theoretical benefits, mark out an intriguing paradigm to address the current problems in 

robotics, covering planning, control for uncertain systems, as well as under uncertainty. In 

what follows, we shall continue adding further insights into how these architectures relate 

to trap parameter identification directly, mainly in the context of high-dimensional, 

nonlinear operations, such as what occurs with articulated industrial robotic manipulators. 

1.2.4 Parameter Identification in Robotic Arm Dynamic Model 

As industrial robotics advances toward greater autonomy and precision, the accurate 

identification of dynamic parameters becomes increasingly essential for achieving robust 

control, smooth motion, and energy-efficient operation. This need is particularly evident in 

articulated robotic manipulators, where the configuration, mass distribution, and inertia 

characteristics of individual links significantly affect the system's dynamic response. 

Parameters such as the center of mass and elements of the inertia matrix directly determine 

how the robot interacts with its environment and responds to control inputs. Precise 
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modeling of these properties supports not only high-fidelity simulation and predictive 

control but also enhances fault detection and adaptive performance under variable load 

conditions. 

Most of the standard parameter estimation techniques for quantifying the optimal 

values of the robotic system parameters are deterministic and analytic. Most popular 

methods, such as LS, Recursive LS (RLS), and Newton Raphson, provide low complexity 

and nice mathematical theory [90, 91]. However, the traditional methods are not ideal for 

complex, high-dimensional, or nonlinear systems. They shall, however, be seen as limited 

when it comes to real industrial applications where noise, time-varying dynamics, and 

unmodelled nonlinearities deteriorate the estimation quality. For example, LS and RLS rely 

on a linear assumption, which does not hold in the case of many robotic systems [92, 93]. 

On the other hand, Newton-Raphson type algorithms are sensitive to the initial condition, 

and challenging to handle non-convex solutions. Additionally, filtering methods such as 

extended Kalman filters (EKF) and particle filters are robust to noise [94, 95]. However, 

they heavily rely on accurate models of system dynamics and noise statistics, which are not 

available in practical implementation. 

To overcome these challenges, researchers have increasingly turned to metaheuristic 

optimization algorithms. Among them, Particle Swarm Optimization (PSO) has emerged as 

a particularly effective method for parameter estimation in robotics. Inspired by the 

collective behavior of swarms in nature, PSO navigates the solution space through a 

population of candidate solutions (particles) that iteratively update their positions based on 

personal and collective experience [96, 97]. This stochastic approach enables PSO to 
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escape local minima and explore highly nonlinear landscapes, making it well-suited to 

identifying inertial parameters in articulated robotic arms [98, 99]. 

Applications of PSO in robotic parameter identification span a wide range of 

configurations and systems [100]. In space robotics, PSO has been used to estimate 

dynamic parameters under microgravity conditions [101, 102]. At the same time, hybrid 

approaches combining PSO with LS or Differential Evolution (DE) have been successfully 

applied to terrestrial manipulators [103, 104]. These methods have demonstrated 

improvements in convergence speed and estimation accuracy, especially in scenarios 

involving large parameter sets and dynamic coupling between links [105]. For instance, 

increased variants of PSO that employ time-varying inertia weights or adaptive coefficients 

have been shown to improve stability and robustness during the estimation process [106]. 

Additionally, hybrid frameworks that integrate PSO with Grey Wolf Optimization (GWO) 

or other evolutionary strategies further enhance the algorithm's capacity to handle complex, 

multidimensional identification tasks [107, 108]. 

Even though PSO has good flexibility, it may still suffer from early convergence and 

sensitivity to parameter settings. In order to overcome these drawbacks, Quantum-behaved 

Particle Swarm Optimization (Q-PSO) is proposed as an advanced PSO [109, 110]. Q-PSO 

incorporates quantum mechanics ideas, such as the probabilistic location of the particle, the 

quantum potentials, and the quantum force fields, into an ordinary PSO scenario. This 

allows for a broader spread in the solution space and a higher global search performance of 

the algorithm [111]. In Q-PSO, unlike classical PSO (which makes deterministic updates of 

positions), quantum probability distributions are used to represent particle trajectories, 

which enhances the convergence characteristics and robustness of the solution [112, 113]. 
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The superiority of Q-PSO is confirmed in different engineering applications such as 

robotics kinematics, trajectory tracking, and inverse dynamics. In particular, it has been 

found that the Q-PSO performs well in estimating both kinematic and dynamic parameters 

of parallel as well as serial manipulators [114, 115]. It has been applied to the optimization 

of trajectory profiles and inverse kinematics accuracy in some examples, showing better 

convergence speed and a smaller error bound than traditional methods [116, 117]. These 

enhancements are especially significant for real-time applications where solution quality 

and speed are equally important [39, 118]. 

While the body of literature surrounding PSO and Q-PSO is substantial, most studies 

have focused on simplified systems with low degrees of freedom or have relied on abstract 

simulation models. There is not any study, which explored the application of these 

algorithms to high-degree-of-freedom (DOF) manipulators within realistic modeling 

frameworks. Additionally, although many studies validate their findings through numerical 

experiments, only a limited number assess the performance of identified parameters in 

closed-loop control scenarios under external disturbances. To conclude, optimization-based 

methods, in particular PSO and its quantum-inspired derivatives, provide a useful design 

tool for dynamic parameter identification in involved robot settings. The capability of these 

algorithms to search nonlinear, high-dimensional spaces makes them particularly suitable 

for articulated manipulators in the presence of uncertainty. 

1.2.5 Advanced Control in Robotic Systems  

In robotic systems, especially those featuring articulated arms with high degrees of 

freedom, maintaining consistent performance amid uncertain conditions and external 
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disturbances poses a significant challenge. Among various control strategies, Sliding Mode 

Control (SMC) has gained widespread adoption due to its robustness in managing 

nonlinearities and parameter variations. The fundamental principle of SMC involves 

driving the system state towards a predefined manifold, known as the sliding surface, where 

the system's dynamics are constrained and ideally governed by simpler, linear behavior. 

Once the system arrives on this surface, it exhibits a high resistance to disturbances and 

unmodeled dynamics, allowing for reliable performance in demanding tasks such as 

trajectory tracking, impedance regulation, and force control [63, 119-121]. 

Conventional sliding mode control methods face significant challenges that impede 

their effectiveness in high-precision applications. A primary concern is the control signal 

discontinuity near the sliding surface, commonly known as chattering, which can trigger 

unmodeled dynamics, cause actuator wear, and diminish overall system efficiency. 

Furthermore, traditional SMC strategies often entail high computational costs, particularly 

when applied to systems with intricate dynamic structures or in real-time control settings 

[122-127]. To ease these limitations, recent efforts have turned to advanced modeling and 

novel control formulations, one of which is the integration of quantum-inspired principles 

into SMC frameworks. 

A significant approach in this evolution involves the development of highly detailed 

kinematic and dynamic models utilizing CAD tools like SolidWorks. This enables the 

precise extraction of physical properties such as mass distribution and inertia. These models 

facilitate the design of refined control algorithms customized for specific robotic 

configurations. Recently, the incorporation of quantum mechanics-inspired features—such 

as quantum superposition and qubit operators, into the formulation of control laws has 
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emerged as a promising strategy to enhance the resilience, adaptability, and energy 

efficiency of robotic systems [5]. 

Recent studies have introduced a new class of controllers known as quantum-inspired 

sliding mode controllers (QSMCs). These controllers aim to maintain the robustness 

characteristic of classical sliding mode control while addressing its inherent weaknesses. 

Typically, these approaches replace discontinuous control laws with smoother alternatives 

or incorporate probabilistic reasoning based on quantum theory to achieve adaptive gains 

and improve chattering suppression. In the broader field of robotics, numerous 

contributions have sought to refine traditional SMC through structural enhancements or 

hybridization with intelligent techniques. Variations such as terminal SMC, integral SMC, 

and adaptive backstepping SMC have been employed to enhance transient performance and 

reduce sensitivity to modeling errors. These methods have demonstrated promising results 

in applications involving low-DOF manipulators, SCARA robots, and mobile systems. 

However, challenges related to real-time implementation and parameter tuning remain to be 

addressed [58, 128-140]. Hybrid controllers integrating neural networks or fuzzy inference 

systems into the SMC framework have also demonstrated improvements in precision and 

learning capabilities, particularly for highly nonlinear systems. 

Quantum-inspired control, while still in its early stages, signifies a substantial 

advancement in addressing the shortcomings of classical controllers. Techniques derived 

from quantum mechanics, such as quantum-behaved particle swarm optimization (Q-PSO), 

quantum fuzzy logic, and entanglement-based computational models, have been effectively 

utilized in robotic systems to enhance learning, adaptability, and energy efficiency. For 

instance, hybrid controllers that integrate Q-PSO within the sliding mode control  
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framework have demonstrated superior performance compared to traditional SMC in terms 

of convergence speed and accuracy when implemented in complex, high-dimensional 

environments [6, 141]. 

Quantum principles have also been applied to kinematic modeling and pose estimation. 

By utilizing quaternion representations, spinor mathematics, and Pauli matrices, researchers 

have developed compact and efficient models for rigid body orientation, suitable for both 

simulation and real-time implementation [142]. These models reduce computational load 

and improve estimation precision, thereby enhancing controller responsiveness. Alongside 

mathematical formulations, quantum algorithms like the Harrow-Hassidim-Lloyd (HHL) 

algorithm have been introduced to resolve state-space equations in control systems with 

greater efficiency than classical methods. The application of these algorithms in control 

design has shown significant reductions in computational complexity, making them 

particularly well-suited for systems that require rapid response times [143]. Furthermore, 

quantum fuzzy neural networks and reinforcement learning-based strategies have proven to 

be powerful tools for adapting controllers and optimizing policies in uncertain 

environments. These models incorporate probabilistic decision-making layers and 

quantum-informed feedback mechanisms that dynamically adjust control parameters, 

ultimately enhancing generalization and robustness in unstructured or dynamic operating 

conditions [144-148]. Other quantum-enhanced strategies focus on integrating quantum 

information theory with conventional control laws. For instance, integrating Q-PSO with 

fast terminal SMC or backstepping techniques has enabled smoother transitions, better 

disturbance rejection, and improved tracking performance in servo systems and helicopter 
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dynamics [148-150]. Such hybrid designs demonstrate the potential for quantum-inspired 

mechanisms to address performance bottlenecks in existing SMC formulations. 

The literature study in this field can introduce a substantial gap persists in the 

application of these sophisticated strategies to full-scale industrial manipulators operating 

under realistic conditions. Current implementations are primarily confined to simulated 

platforms or simplified models featuring only two or three degrees of freedom. 

Furthermore, there is a notable absence of systematic validation regarding QSMC 

performance when subjected to real-world disturbances or high-speed trajectories. To 

address this gap, future research should concentrate on integrating CAD-based physical 

modeling with QSMC architectures and deploying these systems within embedded 

hardware environments. This integration would enable a smoother transition from 

theoretical concepts to practical control systems capable of adaptive real-time operation. 

Additionally, assessing energy consumption, transient stability, and response robustness in 

the context of variable payloads and external forces will lead to a more thorough evaluation 

of performance. 

In conclusion, the incorporation of quantum-inspired strategies into sliding mode 

control frameworks marks a significant advancement towards the development of more 

intelligent, adaptable, and efficient robotic systems. By addressing the shortcomings of 

traditional methods, quantum sliding mode control opens up new possibilities for 

enhancing robotic precision, autonomy, and reliability in uncertain and dynamic 

environments. 
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1.2.6 Literature analyzes and gap investigations  

Upon the previous five subsections of this literature review, which examined the 

intersections of quantum artificial intelligence (QAI), robotic modeling, learning 

architectures, parameter identification, and control strategies, a characteristic set of gaps 

within the existing body of research comes to light. These gaps, both thematic and 

methodological, inform consequential limitations in the current approaches to addressing 

the challenges of precision, scalability, real-time adaptability, and energy efficiency in 

high-dimensional robotic systems. To address these challenges, the dissertation adopts an 

integrated research trajectory structured across five key chapters. Each chapter is thus 

positioned to target a specific knowledge gap, as detailed below: 

Chapter 2 lays the theoretical and methodological foundation by systematically 

reviewing the state-of-the-art in Quantum-AI applications to robotics. Existing studies on 

QML, QNNs, and quantum-inspired algorithms often operate in isolation, lacking a unified 

framework for robotics applications, and this chapter consolidates these areas into a 

cohesive foundation. 

Chapter 3 focuses on evaluating the fidelity-performance trade-off in dynamic 

modeling by investigating the impact of model simplifications. The chapter addresses a 

lack of systematic studies comparing how different levels of model fidelity affect control 

performance and energy consumption by analyzing detailed vs. simplified models. 

Chapter 4 explores the challenge of inverse kinematics by presenting a Quantum Neural 

Network (QNN) framework specifically designed to improve accuracy and robustness in 

the presence of singularities. Classic neural networks used for inverse kinematics often 
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struggle with issues related to generalization and stability, particularly when approaching 

singularities. This chapter highlights the application of QNNs to enhance the precision and 

reliability of inverse kinematics solutions. 

Chapter 5 focuses on developing and comparing methods for parameter identification 

using both classical and quantum swarm optimization strategies to improve the precision of 

dynamic modeling. Traditional identification techniques often face challenges when dealing 

with nonlinear dynamics and high-dimensional spaces. This chapter introduces and 

contrasts Particle Swarm Optimization (PSO) and Quantum-Particle Swarm Optimization 

(Q-PSO) for identifying dynamic parameters in computer-aided design (CAD)-based 

modeling. 

Chapter 6 presents and validates a robust control strategy inspired by quantum 

principles, utilizing Sliding Mode Control (SMC) to enhance energy efficiency, trajectory 

tracking, and resilience against disturbances. While traditional SMC is effective, it faces 

challenges such as chattering and energy inefficiency. This chapter introduces a Quantum-

Inspired Sliding Mode Control strategy aimed at improving robustness and minimizing 

energy consumption. 

Chapter 7 advances the research framework to the actuator-control level by introducing 

a Quantum Sinusoidal Pulse Width Modulation (QSPWM) strategy. This chapter highlights 

the necessity of integrating quantum-enhanced control concepts into motor drive systems, 

which are essential for executing the optimized trajectories generated by the proposed 

methods. The QSPWM technique is employed to control the robot's actuators with 

enhanced precision and energy efficiency. Its objective is to reduce Total Harmonic 
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Distortion (THD) in the motor drives while ensuring the smooth and accurate execution of 

the quantum-optimized trajectory tracking tasks. 

1.3 Thesis Problem Statement and Conceptual Framework 

1.3.1 Thesis Problem Statement  

Robotic systems, especially articulated industrial manipulators, require high precision, 

adaptability, and operational efficiency. However, as these systems become more complex, 

with higher degrees of freedom, tighter tolerance constraints, and real-time energy 

efficiency requirements, their modeling, control, and learning architectures face 

increasingly severe challenges. Classical computational approaches often fall short in 

addressing these challenges, particularly when subjected to nonlinear dynamics, external 

disturbances, and uncertain environments. The limitations are further exacerbated by the 

computational load of accurate dynamic modeling, the instability near singularities in 

inverse kinematics, the sensitivity of parameter estimation to noise, and the energy-

intensive nature of conventional control laws. 

The intersection of quantum computing and artificial intelligence offers a 

transformative way to overcome these limitations. Quantum-inspired algorithms, such as 

Quantum Neural Networks (QNNs), Quantum-behaved Particle Swarm Optimization (Q-

PSO), and Quantum-Inspired Sliding Mode Control (QSMC), provide theoretical 

advantages in computational speed, convergence behavior, and robustness to uncertainty. 

However, despite growing interest, the practical integration of these quantum-based 

methodologies into robotic systems remains fragmented and underexplored. There exists a 

considerable gap in systematically evaluating how these advanced classical methods and 
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quantum-inspired practices can be engaged interdisciplinarity to improve all stages of 

robotic architecture, from modeling and parameter identification to control and decision-

making. 

This thesis addresses that gap by proposing and experimentally evaluating the advanced 

classic method with a unified quantum-enhanced architecture, interdisciplinary for an 

industrial high degree of freedom robotic arm assessments. The focus lies on enhancing the 

modeling accuracy, learning efficiency, and control robustness of a six-degree-of-freedom 

industrial robot (ABB IRB-140) through a modular yet interconnected application of 

classic, standard techniques and quantum-behaved methods. The core research question 

navigating this study is as follows: 

“How can we enhance the kinematic and dynamic modeling, along with the 

identification and control of a high-degree-of-freedom robotic arm using advanced 

classical techniques?  

Furthermore, what would be the effects of systematically integrating quantum-inspired 

artificial intelligence algorithms into a robotic manipulator, particularly in terms of 

improving precision, energy efficiency, and robustness in uncertain conditions?” 

1.3.2 Conceptual Framework  

The conceptual framework guiding this thesis is built on the hypothesis that intelligent 

robotic systems can achieve quite improved performance when their core computational 

modules are restructured using quantum-inspired techniques. These modules span the entire 

control stack, from the modeling of kinematics and dynamics of the robot to parameter 

estimation and trajectory control. Every chapter of this thesis addresses a specific 
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bottleneck or limitation that is known in the field of classical robotic architectures and 

introduces a quantum-enhanced alternative. The framework supports a side-by-side 

evaluation of both classical and quantum methods, establishing performance improvements 

across modeling accuracy, learning efficiency, and control robustness. The Table 1-1 

provides a summary and an outline of the thesis framework as follows and A detailed 

system-layer interpretation of this framework is provided in Appendix1: 

Table 1-1 Comparative Framework of the thesis. 

Framework 

Layer 
Chapter Classical Method 

Quantum 

Innovation 
Objective 

Theoretical 

Foundation and 

Taxonomy 

Chapter 2 
Review of classical AI 

& control methods 

QML QNN, Q-PSO, 

QSMC (Systematic 

Review) 

To categorize and 

benchmark classical 

vs. quantum 

approaches in 

robotics 

Modeling and 

Fidelity Trade-

off Analysis 

Chapter 3 

Detailed vs. Simplified 

Euler Lagrange 

models (CAD-based) 

Providing the 

Benchmark for 

research path 

To quantify trade-offs 

between model detail, 

energy accuracy, and 

computation 

Inverse 

Kinematics 

Resolution 

Chapter 4 

Multi-Layer 

Perceptron (MLP) 

ANN 

Quantum Neural 

Network (QNN) 

To enhance 

singularity avoidance 

and improve inverse 

mapping accuracy 

Dynamic 

Parameter 

Identification 

Chapter 5 

Classical Particle 

Swarm Optimization 

(PSO) 

Quantum-behaved 

Particle Swarm 

Optimization 

To increase accuracy, 

reduce sensitivity to 

noise, and accelerate 

convergence 

Robust 

Trajectory 

Tracking 

Control 

Chapter 6 
Classical Sliding 

Mode Control (SMC) 

Quantum-Inspired 

Sliding Mode 

Control (QSMC) 

To reduce chattering, 

save energy, and 

enhance tracking 

robustness 

Harmonic 

Reduction in 

Motor Drives 

Chapter 7 
Classical Sinusoidal 

PWM (SPWM) 

Quantum Sinusoidal 

PWM (QSPWM) 

To minimize Total 

Harmonic Distortion 

(THD), improve 

power quality, and 

enhance motor 

efficiency 
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1.3.3 Theoretical Integration of the Framework  

The conceptual foundation of this research is constructed upon a rigid synthesis of 

established theories in robotics, system assessments, and quantum computing. Each 

component of the proposed framework is anchored in a particular theoretical domain, 

ensuring methodological coherence and scientific validity across all investigative layers. 

✓ Euler–Lagrange Mechanics provides the core analytical framework for the dynamic 

modeling of the robotic manipulator, enabling the derivation of equations of motion that 

accurately capture the interplay of inertial, Coriolis, and gravitational forces (Chapters 

3, 5, and 6). 

✓ Denavit–Hartenberg (D-H) Kinematic Formalism serves as the geometric backbone for 

representing joint transformations and computing forward and inverse kinematics, 

particularly in high-DOF articulated systems (Chapters 3 and 4). 

✓ Artificial Neural Network Architectures, specifically Multi-Layer Perceptron (MLPs), 

are employed as baseline function approximators for learning-based inverse kinematics. 

These are systematically extended into Quantum Neural Networks (QNNs) to exploit 

quantum-inspired mechanisms such as parallel encoding, entanglement-influenced 

activation functions, and improved generalization (Chapter 4). 

✓ Quantum Computational Principles, including quantum superposition, entanglement, 

and quantum-behaved search heuristics, are operationalized through the integration of 

QNNs, Quantum-behaved Particle Swarm Optimization (Q-PSO), and Quantum-

Inspired Sliding Mode Control (QSMC). These techniques simulate probabilistic 

behaviors and non-classical search spaces to achieve superior convergence, stability, 

and learning adaptability (Chapters 4–6). 
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✓ From a unified mathematical perspective, the quantum-inspired methods proposed in this thesis 

represent distinct realizations of a common computational logic. In each case, a classical robotic 

quantity, such as position and orientation data, dynamic parameters, tracking error, torque-

related information, or modulation signals, is first converted into an enriched representation via 

an encoding stage. This representation is subsequently processed by a quantum-inspired 

transformation stage, which introduces probabilistic structure, parallel state consideration, or 

modified decision behavior, depending on the application. The result is then converted back to a 

classical form through measurement and collapse, enabling its use in prediction, optimization, 

control, or actuation. Within this framework, the quantum-inspired neural network for inverse 

kinematics, quantum-behaved particle swarm optimization for parameter identification, 

quantum-inspired sliding mode control for trajectory tracking, and quantum sinusoidal pulse 

width modulation for motor-drive operation are not isolated developments. Instead, they 

constitute mathematically coherent variations of a unified computational framework applied at 

different layers of the robotic system. Appendix 2 provides a detailed description of this unified 

framework. 

✓ Sliding Mode Control (SMC) Theory is adopted for robust control under model 

uncertainty and external perturbations. It is subsequently enhanced via quantum-

inspired adaptations to mitigate chattering, reduce control energy consumption, and 

improve transient response in nonlinear and uncertain dynamic environments (Chapter 

6). 

✓ Quantum Sinusoidal Pulse Width Modulation (QSPWM) Theory extends the 

framework toward the domain of motor drive control by incorporating quantum 

computational principles into classical modulation schemes. Building on sinusoidal 

PWM fundamentals, QSPWM leverages quantum interference and probabilistic 
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amplitude modulation to minimize Total Harmonic Distortion (THD), enhance voltage 

utilization, and improve overall energy efficiency in three-phase motor drives (Chapter 

7). 

Collectively, these theoretical constructs combine into a readable and innovative 

quantum-AI robotic architecture, whose validity is demonstrated through detailed 

modeling, algorithmic development, and extensive simulation-based benchmarking using 

an industrial-grade manipulator, A structured mapping of these quantum-inspired methods 

across the robotic control stack is provided in Appendix 3. 

1.4 Contribution of the Research 

1.4.1 Motivation for Quantum-AI Integration in Robotics  

Robotic systems, especially those deployed in industrial contexts, are increasingly 

expected to operate with promoted precision, adaptability, and energy efficiency under 

problematic dynamic conditions. Classical control and modeling approaches, while mature, 

encounter substantial limitations when faced with nonlinear dynamics, high-dimensional 

parameter spaces, real-time constraints, and uncertain environments.  

These challenges are particularly critical in articulated robotic manipulators with 

multiple degrees of freedom, where control dedication and dynamic modeling accuracy 

critically impact performance. Against this backdrop, quantum computing, through 

compactional mechanisms such as superposition, entanglement, and probabilistic 

parallelism, offers a transformative framework for reconsidering the core computational 

modules of robotic architectures. The thesis is motivated by the potential of quantum-
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inspired and hybrid quantum-classical methods to overtake the limitations of conventional 

robotics in terms of learning accuracy, modeling efficiency, and control robustness. 

1.4.2 Research Objectives Summary  

The overarching purpose of this dissertation is to enhance the modeling, identification, 

and control capabilities of high-degree-of-freedom industrial robotic manipulators through 

the systematic integration of advanced classical techniques and quantum-inspired 

methodologies, with following detailed objectives include: 

✓ Establishing a comprehensive taxonomy and literature synthesis of quantum-AI 

applications in robotics. 

✓ Quantifying the trade-offs between dynamic model fidelity and computational 

complexity in articulated manipulators. 

✓ Designing quantum-inspired neural networks for high-precision inverse kinematics with 

singularity avoidance. 

✓ Developing accurate, CAD-informed dynamic models enhanced through quantum-

behaved swarm optimization techniques. 

✓ Proposing and validating a quantum-inspired sliding mode control strategy to improve 

trajectory tracking and reduce energy consumption. 

✓ Introducing a quantum-based sinusoidal pulse width modulation (QSPWM) approach to 

reduce Total Harmonic Distortion (THD) and improve power quality and energy 

efficiency in three-phase motor drive control systems. 
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1.4.3 Key Scientific Contributions  

This dissertation presents several key scientific contributions, each corresponding to 

one of the main chapters (Chapters 2 through 6), which are adapted from peer-reviewed 

publications. Together, these contributions enhance the integration of quantum computing 

and artificial intelligence into robotic modeling, optimization, and control. Specifically: 

1. Foundational Synthesis: A systematic review and taxonomy of quantum computing-

based AI methodologies in robotics, organizing 245 peer-reviewed sources across four 

domains, Quantum Machine Learning (QML), Quantum Neural Networks (QNNs), 

Quantum-Inspired Algorithms, and Quantum-Enhanced Control. This contribution 

establishes the intellectual landscape and identifies critical research gaps in real-world 

implementation, scalability, and algorithmic standardization. 

2. Modeling Trade-off Framework: A comprehensive analysis of model simplification in 

robotic dynamics using three SolidWorks-based fidelity levels (detailed, semi-detailed, 

simplified). This study quantifies the trade-off between modeling precision and 

computational efficiency, establishing practical thresholds for energy-aware modeling 

in resource-constrained industrial applications. 

3. Quantum Neural Networks for Inverse Kinematics: The development of a QNN 

framework incorporating quantum-inspired activation functions within a multi-layer 

perceptron architecture. The proposed QNN achieves up to 16.67% lower mean 

absolute error than classical ANNs, with superior performance in singularity avoidance 

and precision under high-dimensional input conditions. 

4. CAD-Based Quantum-Enhanced Parameter Identification: The introduction of a 

quantum-behaved particle swarm optimization (Q-PSO) technique for estimating 
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inertial and mass center parameters from a high-fidelity CAD-derived dynamic model. 

Compared to PSO, Q-PSO demonstrated significantly lower MAPE values (0.76% for 

inertia, 0.43% for mass center), improved convergence, and better performance under 

disturbance conditions when evaluated using a sliding mode control benchmark. 

5. Quantum-Inspired Sliding Mode Control (QSMC): A novel control architecture 

embedding quantum principles via multiple qubit operators into a robust SMC 

framework. The QSMC method achieves enhanced tracking performance and reduces 

energy consumption by approximately 3.79% over its classical counterpart, with 

effective mitigation of chattering and superior disturbance rejection. 

6. Quantum Sinusoidal Pulse Width Modulation (QSPWM): The formulation of a 

quantum-enhanced modulation framework that integrates quantum interference and 

probabilistic amplitude principles into classical sinusoidal PWM. The proposed 

QSPWM method effectively reduces Total Harmonic Distortion (THD) by 35.6%, 

enhances voltage utilization, and improves overall motor drive efficiency compared to 

traditional SPWM, marking a significant advancement in energy-optimized quantum-

based control for industrial actuators. 

1.4.4 Methodological and Practical Contribution  

Introduces a cohesive suite of methodological innovations and practical 

implementations that advance the current capabilities of industrial robotic systems. Each 

innovation is directly validated on the ABB IRB-140 six-DOF industrial manipulator to 

confirm the theoretical development with practical applicability in measurable 
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enhancements in computational efficiency, learning generalization, and energy 

performance. These contributions are synthesized in Table 1-2. 

Introduces innovative hybrid classical–quantum strategies and demonstrates their 

feasibility through comprehensive applications in a standardized industrial context. By 

consistently utilizing a real robot as a case study, we ensure comparability, reproducibility, 

and a practical perspective for evaluating advancements in algorithms and modeling. 

Collectively, our findings establish a novel, multi-layered architecture that employs a 

systematic interdisciplinary approach. This framework is designed to support the 

development of intelligent, quantum-augmented robotic systems, aligning with the goals of 

next-generation automation, sustainability, and adaptive intelligence.  

The proposed contribution structure of this dissertation supports major objectives such 

as adaptive decision-making, real-time learning, sustainable energy consumption, and 

operational resilience in uncertain and dynamically changing environments. More 

importantly, it provides a coherent and scalable foundation for linking these objectives 

across different layers of robotic system design, from modeling and learning to 

optimization, control, and actuation. The dissertation goes beyond reporting isolated 

methodological improvements. Instead, it establishes a structured precedent for the 

systematic integration of quantum technologies into industrial robotics, contributing to the 

advancement of smart manufacturing, intelligent automation, and next-generation quantum-

driven robotic systems. 
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Table 1-2 Summary of Methodological and Practical Contributions of the thesis. 

Chapter Contribution  
Methodological 

Innovation 

Practical 

Implementation 
Impact 

2 
Systematic 

Review 

Developed a four-pillar 

taxonomy (QML, QNNs, 

Q-Inspired Algorithms, Q-

Enhanced Control) based 

on analysis of 245 studies 

Identified gaps in real-

world quantum-Al 

robotic integration 

Established a structured 

foundation for future 

research and unified 

fragmented literature 

3 

Model 

Simplification 

Analysis 

Created and compared 

three CAD-based fidelity 

levels (detailed, semi-

detailed, simplified) for 

dynamic modeling 

Applied to IRB-140 to 

assess energy vs. 

computational trade-

offs 

Demonstrated that 

simplified models 

achieve ~93% accuracy 

with significantly 

reduced computational 

load 

4 

Inverse 

Kinematics via 

NNs 

Designed a QNN using 

quantum-inspired 

activation functions in a 

multi-layer perceptron 

Trained on 167,000 

real motion data 

points; evaluated on 

ABB IRB-140 

Achieved 15.60-16.67% 

lower MAE than ANN; 

enhanced singularity 

avoidance 

5 

Dynamic 

Parameter 

Identification 

Applied Quantum-behaved 

Particle Swarm 

Optimization (Q-PSO) for 

inertial/mass parameter 

estimation 

Integrated CAD-

derived parameters 

into optimization loop 

validated by Simulink 

SMC 

Reduced MAPE to 

0.76% (inertia) and 

0.43% (mass centers); 

improved torque 

smoothness and 

disturbance resilience 

6 

Robust 

Quantum 

Inspired 

Control 

Developed a Quantum-

Inspired Sliding Mode 

Control (QSMC) using 

qubit-based operators and 

exponential reaching law 

Implemented in 

Simulink for trajectory 

tracking under 

disturbances 

Reduced energy 

consumption by 3.79%; 

improved chattering 

rejection and control 

accuracy 

7 

Quantum 

Sinusoidal 

PWM 

(QSPWM) 

Developed a quantum-

based Sinusoidal Pulse 

Width Modulation 

framework integrating 

quantum interference and 

probabilistic amplitude 

modulation into classical 

SPWM. 

Implemented and 

simulated in 

MATLAB/Simulink 

for three-phase motor 

drive control to 

evaluate THD 

reduction and 

efficiency 

improvement. 

Reduced Total 

Harmonic Distortion 

(THD) by 35.6%, 

enhanced voltage 

utilization, and 

improved overall motor-

drive energy efficiency 

compared to classical 

SPWM. 
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1.5 Methodology 

The methodological architecture of this dissertation adopts a modular and 

interdisciplinary approach that integrates classical robotic modeling with quantum-inspired 

computational paradigms. The methodology is structured across five central posts: 

systematic literature analysis, physical system modeling, algorithmic development, 

simulation-based validation, and comparative performance evaluation. Each stage is 

designed to progressively build toward a cooperative framework that enhances the 

modeling, learning, and control of high-degree-of-freedom industrial robotic manipulators, 

using both classical and quantum-enhanced methods. 

1.5.1 Research Design Overview  

This dissertation employs a multi-layered methodology that links analytical modeling, 

quantum-AI algorithm design, and empirical evaluation, which is rooted in both theoretical 

rigor and practical applicability. A detailed kinematic and dynamic model of the ABB IRB-

140 six-joint robotic manipulator is first developed using established mechanical principles 

alongside a thorough CAD design of the robot arm in the initial step. Classical techniques 

are then systematically extended using quantum-inspired computational frameworks, 

namely, Quantum Neural Networks (QNN), Quantum-behaved Particle Swarm 

Optimization (Q-PSO), and Quantum-Inspired Sliding Mode Control (QSMC). Each 

quantum-enhanced technique is evaluated against its classical counterpart, ensuring a 

controlled, side-by-side comparison across learning, identification, and control tasks. 
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1.5.2 System Modeling Framework 

The physical modeling of the robotic platform begins with a comprehensive kinematic 

representation based on the Denavit–Hartenberg (D-H) convention. Forward and 

differential kinematics are established to define the spatial configuration and velocity 

relationships of the end-effector. The dynamic modeling phase is governed by the Euler–

Lagrange formalism, capturing the system’s inertial, Coriolis, and gravitational dynamics. 

Three levels of model fidelity, such as detailed, semi-detailed, and simplified, are 

developed through SolidWorks CAD representations, enabling a controlled study of trade-

offs between computational sophistication and modeling accuracy. Mass properties, 

including inertia matrices and center-of-mass vectors, are extracted directly from the CAD 

environment to ensure physical realism. 

1.5.3 Literature Review Methodology 

The theoretical foundation of this work is established through a systematic literature 

review, structured using the PICO (Population, Intervention, Comparison, Outcome) 

framework. The review spans over 10,000 initial records, from which 245 peer-reviewed 

studies are selected following strict inclusion and exclusion criteria. Searches were 

conducted across major scientific databases. The literature is organized into four thematic 

disciplines: Quantum Machine Learning (QML), Quantum Neural Networks (QNNs), 

Quantum-Inspired Algorithms, and Quantum-Enhanced Control Strategies, forming the 

abstract taxonomy that conducts the thesis. 

This review focuses on quantum-inspired and quantum-enhanced approaches in 

robotics, as its primary purpose is to establish the conceptual and methodological 
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foundation for the research presented in subsequent chapters. Traditional robotics, control, 

and identification methods are included only where necessary to provide context, 

comparison, and baseline interpretation. The review does not aim to offer a comprehensive 

survey of conventional robotic methodologies. Instead, it clarifies the positioning of 

quantum-inspired computational strategies within robotics and explains how these 

approaches motivate the specific framework proposed in this thesis. 

1.5.4 Quantum and Classical Algorithm Design 

To examine the computational benefits of quantum-enhanced approaches, classical 

baseline algorithms are precisely developed and then expanded with quantum principles. 

For inverse kinematics, a Multi-Layer Perceptron (MLP) architecture is trained and 

evaluated alongside a QNN with quantum-inspired activation functions. In the domain of 

dynamic parameter identification, classical Particle Swarm Optimization (PSO) is 

compared with Q-PSO, which introduces probabilistic position encoding based on quantum 

mechanics. For trajectory tracking control, classical Sliding Mode Control (SMC) is re-

engineered into a Quantum-Inspired Sliding Mode Control (QSMC) architecture employing 

exponential reaching laws and qubit-based operators. These parallel implementations 

enable straightforward benchmarking across performance, robustness, reliability, and 

efficiency comparisons of the techniques. 

1.5.5 Simulation and Validation 

All models and algorithms are validated through high-fidelity simulations implemented 

in MATLAB and Simulink, and Simscape Multibody. A wide dataset comprising over 

170,000 joint-space and end-effector trajectories is collected using the ABB IRB-140 robot 
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under various path-planning scenarios, including elliptical, polygonal, and random 

trajectories. The dataset is used to train, test, and evaluate the learning-based models and 

control strategies. Performance metrics include Mean Absolute Error (MAE), Mean 

Absolute Percentage Error (MAPE), tracking error, control smoothness, energy 

consumption, and resilience to disturbances. Real-world disturbances and perturbation 

scenarios are explicitly simulated to assess the performance and robustness of the robot's 

character through various validation methods. 

1.5.6 Evaluation and Benchmarking 

To facilitate a comprehensive and rigorous evaluation, the proposed methods are 

assessed using a multi-criterion benchmarking strategy that spans all system layers. The 

evaluation framework incorporates multiple performance indicators, including predictive 

accuracy, learning generalization, convergence behavior, disturbance robustness, transient 

and steady-state performance, control smoothness, computational efficiency, and spectral 

quality. The specific assessment criteria applied throughout this thesis comprise torque 

profiles, energy consumption, computational demand, Mean Absolute Error, Mean 

Absolute Percentage Error, position error, orientation error, singularity-related loss, 

convergence curves, final fitness across repeated runs, tracking error, rise time, settling 

time, overshoot, steady-state error, chattering attenuation, Root Mean Square Error, speed 

ripple, Total Harmonic Distortion, voltage utilization, torque ripple, and frequency-domain 

spectral distribution. The integration of these complementary indicators establishes a robust 

and wide-ranging basis for comparing the developed algorithms in terms of accuracy, 

robustness, convergence, efficiency, and practical control relevance. 
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Beyond core performance metrics, the evaluation strategy incorporates practical 

indicators of robustness and sensitivity tailored to each subsystem. These indicators include 

repeated-run comparisons for optimization performance, analysis of final fitness 

distributions and variance, assessment of training-versus-validation consistency for learning 

models, and systematic hyperparameter exploration for neural architectures by varying 

layers, nodes, learning rates, and batch sizes. In optimization studies, multiple independent 

runs mitigate sensitivity to random initialization and enable assessment of convergence 

consistency. In learning studies, comparisons between training and validation losses, as 

well as activation-function and architecture tuning, facilitate examination of generalization 

and model stability. Collectively, these elements provide an empirical robustness 

assessment that complements comparative evaluations of accuracy, convergence, control 

behavior, and efficiency across the proposed methods. 

A structured benchmarking protocol is employed to compare classical and quantumized 

approaches across modeling, learning, and control tasks. Each quantum-inspired method is 

evaluated against its classical counterpart using the same kinematic and dynamic models, 

initial conditions, and performance metrics. Graphical analyses, including convergence 

curves, error distributions, and control signal profiles, are introduced to visualize relative 

performance. Statistical measures are computed across multiple trials to ensure 

reproducibility and robustness. The comparative framework underlines not only absolute 

gains in accuracy or efficiency but also the computational trade-offs introduced by quantum 

interpretation methods. 

This comparative design is intentionally pairwise, so that the contribution of each 

quantum-inspired modification can be isolated under matched modeling, training, and 
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evaluation conditions. Broader benchmarking against other classical algorithmic families is 

important for future studies, but it lies outside the primary scope of the present dissertation. 

1.6 Thesis structure 

The dissertation is systematized into nine chapters, each corresponding to a different 

layer in the modeling, learning, and control architecture of a high-degree-of-freedom 

industrial robotic manipulator, and also introduction, conclusion, and appendices. The 

submitted structure reflects a refined integration of classical methods and quantum 

techniques: 

✓ Chapter 1: Introduction: Presents the research motivation, literature background, 

problem statement, conceptual framework, contributions, and methodological 

foundation. 

✓ Chapter 2: Advancements in Quantum Computing-based AI for Robotics: Provides a 

systematic review of literature across four domains: Quantum Machine Learning 

(QML), Quantum Neural Networks (QNNs), Quantum-Inspired Algorithms, and 

Quantum-Enhanced Control Strategies, establishing a foundation for quantum-AI 

integration in robotics. 

✓ Chapter 3: The Impact of Simplifications: Investigates how varying levels of dynamic 

model fidelity (detailed, semi-detailed, simplified) influence torque estimation and 

energy consumption, highlighting the trade-offs between computational efficiency and 

physical accuracy. 

✓ Chapter 4: Quantum Neural Networks for Inverse Kinematics: Proposes a QNN 

architecture using quantum-inspired activation functions to solve inverse kinematics 
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problems with improved accuracy and singularity avoidance, compared to classical 

MLP-based ANNs. 

✓ Chapter 5: Dynamic Model Parameter Identification: Develops a CAD-derived 

dynamic model and compares classical PSO with Quantum-behaved PSO (Q-PSO) for 

accurate identification of mass center and inertia matrix elements, demonstrating 

improved convergence and robustness. 

✓ Chapter 6: Quantum-Inspired Sliding Mode Control: Introduces a quantum-inspired 

enhancement of the Sliding Mode Control (SMC) technique. The QSMC design 

improves tracking performance and energy efficiency while reducing chattering under 

nominal and disturbed conditions. 

✓ Chapter 7: Quantum Sinusoidal Pulse Width Modulation (QSPWM): Presents a 

quantum-enhanced modulation strategy that integrates quantum interference and 

probabilistic amplitude modulation principles into classical SPWM to reduce Total 

Harmonic Distortion (THD), enhance voltage utilization, and improve overall energy 

efficiency in three-phase motor drive systems. 

✓ Chapter 8: General Conclusion: Summarizes key findings, discusses limitations, and 

outlines future research directions focused on expanding quantum-AI methods in 

robotics. 

✓ Chapter 9: Appendices: Presents the supplementary materials supporting the 

dissertation, including the integrated system-layer framework, the unified quantum-

inspired computational framework, the mapping of quantum-inspired methods across 

the robotic control stack, and the quantitative summary of the thesis contributions. 
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Chapter 2 - Advancements in Quantum 

Computing based AI for 

Robotics  

2.1 Chapter Overview  

The intersection of quantum computing and artificial intelligence (AI) marks a 

considerable shift in computational science, with substantial potential for advancing next-

generation robotic systems. This systematic review examines the literature at this 

intersection, proposing an in-depth analysis of how quantum technologies are transforming 

AI-driven robotics. As data-intensive operations and increasingly intricate robotic functions 

proliferate, conventional AI techniques often encounter limitations in scalability, 

responsiveness, and energy consumption. Quantum computing is an effective alternative, 

utilizing principles such as superposition, entanglement, and quantum parallelism to 

enhance algorithmic efficiency, decision throughput, and adaptability in robotic platforms. 

The review organizes recent developments into four primary categories: Quantum 

Machine Learning (QML), Quantum Neural Networks (QNNs), Quantum-Inspired 

Algorithms, and Quantum-Enhanced Control Mechanisms. Each classification addresses 

unique challenges in robotics, including perception, localization, motion planning, and 

autonomous control. Quantum-driven learning models and optimization methods have 

demonstrated enhanced capabilities in dynamic and uncertain settings, leading to faster 

convergence, higher precision, and improved resilience. The review further underscores 

notable progress in secure quantum communication protocols for robotic networks, as well 
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as the deployment of quantum models in domains such as swarm coordination, prosthetic 

robotics, and nanorobotic systems. 

Nevertheless, critical obstacles remain, particularly those related to the developing state 

of quantum hardware, susceptibility to decoherence, and the theoretical complexity of 

many quantum algorithms. Additionally, the lack of collaborative disciplines and 

standardized evaluation metrics makes it challenging to benchmark quantum AI against 

classical AI in robotic applications. Overcoming these challenges requires integrated efforts 

across quantum science, systems engineering, computer science, and cognitive modeling. 

The purpose of the review is to make a coherent foundation for future inquiry by 

integrating foundational theory, real-world applications, and emerging directions in 

quantum-AI robotics. It offers targeted guidance for scholars and practitioners, presenting 

quantum-augmented intelligence as a promising route toward more capable, autonomous, 

and efficient robotic technologies. The flowchart content of this research is explained in 

Figure 2-1, outlining key areas such as quantum machine learning, neural networks, 

algorithms, and robust control in robotics, along with the study’s methodology, 

applications, and concluding insights. Each main section is divided into focused 

subsections that highlight advancements in control, optimization, and decision-making. 

This structured layout provides a clear overview of how quantum technologies are 

integrated across various robotic domains. 
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Figure 2-1 The flowchart content of this research. 
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2.2 Paper 1: Quantum Computing-Based Artificial Intelligence for Robotics: A 

Systematic Review of Theoretical Foundations, Practical Applications, and 

Future Trends. 

Authors : Mehdi Fazilat, Nadjet Zioui. 

Journal: Journal of King Saud University – Engineering Sciences. 

Submission date and status: 21/Nov/2025 - Under Review. 

2.2.1 Methodology 

This systematic review, conducted with the utmost methodological rigor, examines the 

influence of quantum computing-driven artificial intelligence (AI) algorithms on the 

development and operational efficiency of robotic systems. The structured methodology, 

based on the PICO framework, ensures clarity and replicability in the selection and 

evaluation of relevant studies, providing a solid foundation for our research. 

2.2.2 PICO Framework 

Population (P): A variety of robotic platforms, including autonomous systems, mobile 

robots, humanoid robots, articulated robotic arms, and unmanned vehicles. 

Intervention (I): AI algorithms enhanced by quantum computing, featuring quantum 

machine learning, quantum-enhanced control schemes, quantum-inspired optimization, and 

decision-support mechanisms. 

Comparison (C): Traditional AI or robotics approaches that rely on classical computational 

paradigms, such as rule-based systems, neural networks, or classical optimization 

algorithms. 
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Outcome (O): The practical implications of this research are significant. We assess the 

performance improvement, adaptability, computational efficiency, and potential 

applications of quantum computing-driven AI algorithms in robotic systems, providing 

valuable insights for future developments in these fields. 

2.2.3 Literature Search Strategy  

The search encompassed both open-access and subscription-based scholarly sources. 

Primary databases consulted included IEEE Xplore, Scopus, SpringerLink, Web of Science, 

ScienceDirect, PubMed, and the ACM Digital Library. The institutional search engine, 

Sofia, supplemented the search for broader access to restricted content. 

2.2.4 Search Terms and Boolean Logic  

Keywords were categorized into three thematic areas: Robotics, Quantum Computing, 

and Artificial Intelligence, and optimized using Boolean logic (AND, OR, NOT). Key 

terms comprised “Quantum computing,” “Quantum algorithms,” “Quantum machine 

learning,” “Quantum-enhanced,” “Robotic control,” “Autonomous robots,” “AI,” and 

“Neural networks,” among others. 

2.2.5 Inclusion and Exclusion Criteria 

Studies were considered eligible if they explicitly examined the convergence of 

quantum computing and AI within robotic domains, were published in English between 

2008 and 2025, and were available in full text. Eligible sources included peer-reviewed 

journal articles, conference proceedings, and comprehensive reviews. Excluded were 
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publications lacking direct relevance to robotics, non-peer-reviewed documents, abstracts 

without accompanying full texts, and redundant entries. 

2.2.6 Selection Process and Results 

From an initial pool of 10,361 records, 193 duplicates were removed. After a thorough 

review of titles, abstracts, and full texts, 245 studies met the inclusion criteria, comprising 

239 from the primary selection and six identified in a subsequent review cycle. Figure 2-2 

depicts the selection workflow. 

 

Figure 2-2 Flowchart of the selection process. 
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Figure 2-3 and Figure 2-4 provide insights into the distribution of the studies, 

presenting a graphical representation of various types of selected documents, and 

illustrating the reference distributions across the four main categories analyzed in this 

study. 

 

Figure 2-3 Graphical representation of various types of the selected documents. 

 

Figure 2-4 Selected reference distributions of the four main categories in the present study. 
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2.2.7 Data Extraction and Analysis 

A standardized extraction template captured key elements, including citation details, 

research objectives, methodologies, contributions, limitations, and quantitative metrics. 

Both thematic qualitative analysis and quantitative synthesis were conducted to identify 

prevailing patterns, key challenges, and comparative outcomes. Findings were grouped into 

four principal domains: Quantum Machine Learning, Quantum Neural Networks, Quantum 

Algorithms, and Quantum-Based Control Strategies. 
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2.2.8 Summary of the Results Analysis 

2.2.8.1 Quantum Machine Learning (QML) 

Numerous studies have shown that Quantum Machine Learning can enable exponential 

or quadratic speedups in learning algorithms. Specifically, Quantum Reinforcement 

Learning (QRL) and Quantum Support Vector Machines (QSVM) have demonstrated 

enhanced performance in areas such as robotic navigation, task execution, and 

cybersecurity applications. Notably, real-world implementations of these quantum-

enhanced models have achieved over 99% accuracy in detecting cyberattacks and exhibit 

faster convergence during training episodes for robots. 

2.2.8.2 Quantum Neural Networks (QNNs) 

Quantum Neural Networks, leveraging the principles of quantum superposition and 

entanglement, have demonstrated enhanced training efficiency and greater accuracy in 

various applications, including pattern recognition, path planning, and control systems. 

When implemented in robotic manipulators, QNNs achieved superior trajectory tracking 

and faster convergence compared to traditional models. Research has also examined 

quaternion-based and complex-valued neural architectures, which have significantly 

boosted motion control and classification accuracy. Evidence of real-world applicability 

can be seen in fields such as inverse kinematics, electroencephalography-based control, and 

multi-robot systems. 
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2.2.8.3 Quantum-Based Algorithms 

Quantum-inspired algorithms, such as Quantum-behaved Particle Swarm Optimization 

(Q-PSO) and Quantum-Inspired Ant Colony Optimization (QACO), as well as hybrid 

quantum-classical approaches, have been successfully applied to various domains, 

including robotic path planning, swarm behavior, and assembly optimization. Research has 

demonstrated significant reductions in computation times, enhanced convergence rates, and 

improved resilience in multi-agent systems. Additionally, quantum kinematic models for 

robotic arms have been shown to minimize processing overhead by utilizing single-qubit 

representations. 

2.2.8.4 Quantum-Based Control Strategies 

Quantum-enhanced control frameworks have played a crucial role in enhancing system 

robustness, adaptability, and precision. This encompasses the utilization of Quantum Fuzzy 

Inference (QFI), Quantum Genetic Algorithms (QGA), and quantum decision-making 

models for real-time robotic control. These methodologies are applied in various fields, 

including humanoid robotics, prosthetic devices, autonomous vehicles, and medical 

robotics. Empirical evidence demonstrates improved stability and tracking accuracy, even 

under uncertain conditions. 

2.3 Concluding Remarks 

Quantum computing presents substantial advantages in processing speed, learning 

convergence, adaptability to uncertainty, and optimization capabilities. Quantum Machine 

Learning (QML) models have achieved remarkable success in areas such as robotic 



125 

 

navigation and cybersecurity, while Quantum Neural Networks (QNNs) enhance accuracy 

and efficiency in real-time control and object recognition. Additionally, quantum-inspired 

optimization algorithms, such as Quantum Particle Swarm Optimization (Q-PSO) and 

Quantum Ant Colony Optimization (QACO), have surpassed classical methods in tasks 

including path planning, swarm coordination, and multi-robot systems. Furthermore, 

quantum-enhanced control strategies, ranging from fuzzy inference systems to quantum 

Lyapunov controllers, have been proposed to enhance stability and adaptability under 

dynamic and uncertain conditions. 

However, despite these promising advancements, several significant challenges impede 

widespread adoption. Limitations in quantum hardware, including qubit coherence, gate 

fidelity, and sensitivity to noise, remain formidable barriers. Moreover, the abstract nature 

of many quantum algorithms, coupled with a lack of standardized benchmarking, 

complicates the evaluation of their effectiveness in comparison to classical alternatives. 

Interdisciplinary fragmentation and insufficient real-world validation further hinder 

practical integration. 

To address these challenges, future research should prioritize the development of 

scalable hybrid quantum-classical frameworks, the enhancement of quantum error 

correction techniques, and the design of robust experimental validation methods across 

various robotic platforms. Additionally, it is essential to investigate the ethical and societal 

implications, including issues of autonomy, surveillance, and workforce displacement, as 

quantum-enhanced robotic systems become increasingly advanced. 
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In conclusion, the early stages of quantum AI in robotics are not a limitation, but a 

promise of transformation. This review, with its well-structured foundation, is a source of 

excitement and anticipation for future innovations. By integrating theoretical 

advancements, empirical data, and challenges in implementation, we are paving the way for 

a new era of intelligent, adaptive, and efficient autonomous systems. These systems, 

enhanced by quantum technology, have the potential to revolutionize various sectors, 

including healthcare, manufacturing, space exploration, and cyber-physical infrastructure. 

The theoretical advantages of quantum-enhanced AI for robotics are indeed compelling; 

however, their practical integration necessitates a deeper understanding of the foundational 

robotic models they pursue to extend. Accurate dynamic modeling is crucial for achieving 

precise control; however, high-fidelity representations can be computationally demanding 

and often impractical for real-time applications. This challenge highlights the need to 

explore model simplification strategies that strike a balance between precision and 

efficiency. Chapter 3 directly addresses this necessity by examining the effects of various 

abstraction levels in the dynamic modeling of a six-jointed industrial robotic arm. Using the 

ABB IRB140 as a case study, it assesses how different CAD-derived model fidelities 

influence torque prediction and energy consumption. These findings not only guide the 

selection of appropriate modeling approaches for integration with quantum-AI methods but 

also establish the baseline dynamics required for the subsequent optimization and control 

experiments in the thesis. 
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Chapter 3 - The Impact of Model 

Simplification on the Dynamic 

Performance of a Robotic Arm  

3.1 Chapter Overview 

Robotic arms are increasingly utilized in the dynamic domain of industrial automation, 

especially enhancing precision, throughput, and flexibility across a wide range of 

applications. One essential aspect necessary for the effective and efficient control of these 

robot manipulators is the accurate determination of their dynamic models. Such models are 

essential for evaluating joint torques and energy consumption under various working 

conditions. Nonetheless, developing detailed dynamic models can be computationally 

demanding and requires precise information regarding system parameters, including link 

masses, centers of mass, and rotational inertia tensors. The challenge of balancing model 

expressiveness with simulation speed has emerged as an important consideration in the 

design and simulation of robotic systems. 

This article concerns the impact of dynamic model reduction on the motion accuracy of 

a six-degree-of-freedom ABB IRB 140 industrial robot. It aims to compare the prediction 

ability of the model regarding the torque demand and the energy consumption by using 

different details (in geometric and inertial assumptions). Three SolidWorks models were 

used: a highly detailed model that closely represented the robot's mechanical construction, a 

semi-detailed model employing geometric simplification with parallelepipeds, and a 

simplified model based on rod solutions found in the literature. The dynamic equations 

were derived from the Euler–Lagrange formulation, and the forward and inverse kinematics 
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were developed using the Denavit–Hartenberg convention and a fifth-order polynomial 

trajectory. 

The current study quantitatively characterizes this performance difference through 

extensive MATLAB simulations under an identical and standard predefined task. The 

findings suggest that the detailed model is most accurate, but that the simplified models are 

computationally much more efficient with relatively little loss in accuracy. The conclusions 

highlight the industrial-robotic-related implications of model selection, indicating how to 

design for optimal system performance according to specific task requirements and 

available computational capacity, which involves making a trade-off between model 

accuracy and computational efficiency in the dynamic modeling of robot arms. 

 

3.2 Paper 2: The impact of simplifications of the dynamic model on the motion 

of a six-jointed industrial articulated robotic arm movement. 

Authors Mehdi Fazilat, Nadjet Zioui. 

Journal: Journal of Robotics and Control (JRC). 

Publication status: 24/January/2024. 

3.2.1 Methodology 

The methodological approach employed in this study involves modeling and simulating 

a comprehensive experiment using an industrial six-degree-of-freedom ABB IRB 140 

articulated robotic arm. The procedure applies trajectory generation, which provides the 

joint space input data necessary for conducting kinematic and dynamic analyses. The 
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forward kinematics of the manipulator are established using Denavit-Hartenberg 

parameters to define the spatial orientation and position of the end effector. Each joint 

trajectory is parameterized using fifth-order polynomial equations and homogeneous 

transformation matrices presented in relations 3-1 to 3-3 according to the frame 

assignments shown in, ensuring that the trajectory is characterized as both continuous and 

differentiable. 

Ti
i-1 =Rot(xi - 1,αi - 1)Trans(xi - 1,ai - 1)Rot(zi ,θi )Trans(0,0,di) (3-1) 

Where Ti
i-1  is the homogeneous transformation matrix, Rot (xi-1,αi-1) is the rotation around 

an axis xi-1 by an angle αi-1 , Trans (xi-1,ai-1) is the transfer along axis xi-1 to the value ai-1, 

Rot (zi,θi) is the rotation around axis zi by an angle θi, and Trans (0,0,di) is the transfer 

along axis z to the value d. 

  

                  (a)                                                                                                   (b) 

Figure 3-1 ABB IRB 140 frame assignments: (a) Frames represented on the real robot, (b) Frames 

symbolized using DH representation. 
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Ti
i-1 = (

CθI -S𝐼 0
SIi Cαi-1 CI -Sαi-1

SθiSαi-1

0
Cθi Sαi-1

0
Cαi-1

0

     

ai-1

-diSαi-1

diCαi-1

1

) (3-2) 

Where C and S denote the cosine and sine of an angle, respectively. 
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So that: 

r11=-S6(S4C1C
2'3
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2'3

)+S5C1C
2'3
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2'3
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Ci and Si denote the cosine and sine of the joint angle qi 

Cij and Sij denote the cosine and sine of qi+qj 

Notation 2
'
 refers to q

2
' =q

2
+π/2 



131 

 

The X, Y, and Z position coordinates of the IRB140 robot relative to the base frame are 

computed by relation 3-4 to 3-6 as follows: 

X=C1a1+d6(C5C1S2'3-S5(S1S4-C4C1C2'3))+d4C1S2'3-C1C2a2  (3-4) 

Y=S1a1+d6(C5S1S2'3-S5(C4S1C2'3+C1S4))+d4S1S2'3-C2S1a2 (3-5) 

Z=d1+d4C2'3+a2S2+d6(C5C2'3-C4S5S2'3) 

 
(3-6) 

The differential kinematics are derived from a Jacobian matrix that relates joint 

velocities to the linear and angular velocities of the end effector, as illustrated in Equations 

3-7 to 3-10. This framework enables a comprehensive analysis of manipulator singularity, 

redundancy, and motion planning. The kinematic outputs, such as position, velocity, and 

acceleration, serve as critical inputs for the dynamic model. 

Ṗe=Jp(q)q̇ (3-7) 

ωe=Jo(q)q̇ (3-8) 

Ve= (
Ṗe

ωe
) =J(q)q̇ (3-9) 

q̇=J-1Ve (3-10) 

Considering the end-effector linear velocity vector 𝑝̇𝑒, the angular velocity vector ωe, and 

the joint velocity vector q̇, Jp is the (3 × n) matrix that links the linear velocity vector to the 

joint speed vector. Jo is the (3 × n) matrix that links the angular velocity vector to the joint 

speed vector, Ve is the end-effector velocity and J= (
Jp

Jo

) is the Jacobian matrix, and J-1 is 

the inverse of the Jacobian matrix. 
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The dynamic model is grounded in the Euler–Lagrange formulation outlined in relation 

3-11, which incorporates joint torques influenced by intrinsic inertia, Coriolis, centrifugal, 

and gravitational forces.  

∑ Mijq̈+Vi+Gi=τi

n

j=1

,   i=1,2,…,  (3-11) 

Where 𝑞̈ is the joint acceleration vector, Mij represents the inertial forces, Vi represents the 

centrifugal and Coriolis forces, and Gi indicates the gravitational forces. This equation can 

also be used to determine the joints’ acceleration values. 

Subsequently, the energy consumption for each joint is assessed using Equation 3-12, 

which considers torque and angular velocity over time. 

Ei= ∫ τi

tf

t0

(t).qi̇ (t) dt (3-12) 

Three models of the ABB IRB 140 robot were developed in SolidWorks to serve as 

physical representations for estimating mass and inertial properties. These include a high-

detail model featuring intricate geometry, a semi-detailed rectangular (parallelepiped) 

model, and a simplified rod-like model, offered in Figure 3-2.  

   

             (A)                                                     (B)                                                 (C) 

Figure 3-2 Detailed SolidWorks model, (B) Semi-detailed rectangular SolidWorks model, (C) 

Simplified SolidWorks model. 
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In each case, the material is assumed to have a uniform and constant density throughout 

its entire volume. The mass centers and inertia matrices for the three proximal links were 

extracted using the mass properties tool in SolidWorks, as presented in Table 3-1. 

Table 3-1 Mass property results of each model calculated using SolidWorks software. 

Link parameter(unit) Detailed model 
Semi-detailed 

model 
Simplified model 

1 

Weight (kg) 35 35 35 

Xc (mm) 277.87 17.87 0 

Yc 373.12 103.12 181.37 

Zc -199.03 -79.03 0 

Ixx (kg.m2) 6.5 1.5 1.1 

Ixy 1.1 0.1 0 

Ixz 3.05 0.05 0 

Iyy 2.02 0.002 0 

Iyz 5.07 0.07 0.1e-5 

Izz 1.4 0.04 1.1 

Weight (kg) 35 35 35 

2 

Weight (kg) 25 25 25 

Xc (mm) 218.29 178.29 0 

Yc 229.73 9.73 255.24 

Zc 112.43 72.43 0 

Ixx (kg.m2) 0.9 0.1 1.6 

Ixy -0.03 -0.03 0.1e-5 

Ixz 0.1 0.01 0 

Iyy 1.3 0.03 0 

Iyz -0.01 -0.01 0 

Izz 0.95 0.05 1.6 

Weight (kg) 25 25 25 

3 

Weight (kg) 18 18 18 

Xc (mm) -24.56 14.56 0 

Yc -219.9 -199.96 195.69 

Zc -25.86 -15.86 0 

Ixx(kg.m2) 2.5 1.5 0.6 

Ixy -0.001 -0.001 0.3e-5 

Ixz 0.09 0.09 0 

Iyy 2.7 0.7 0 

Iyz -0.8 -0.02 0 

Izz 0.5 0.2 0.6 

Weight (kg) 18 18 18 
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To standardize the simulated environment, all models utilize the same trajectory, an 

identical time step, and a same robot configuration and motion planning without any 

payload. The computed dynamic parameters were imported into MATLAB to generate 

profiles for joint torque, velocity, acceleration, and motion, Figure 3-3 illustrates the 

modeling flow. 

 

Figure 3-3 The flowchart for the methodological steps. 
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3.2.2 Summary of the Results Analysis 

Evaluates the performance of three dynamic models, detailed, semi-detailed, and 

simplified, of the ABB IRB 140, an articulated industrial robotic arm, by comparing torque 

profiles and energy consumption across the first three proximal joints. All models were 

developed in SolidWorks and analyzed in MATLAB using the same trajectory and 

simulation time frame. Joint motion profiles, derived using fifth-order polynomial 

trajectories, were utilized to generate velocity and acceleration curves. 

The torque profiles across the joints revealed consistent trends among the three models, 

with noticeable differences in magnitude. Figure 3-4 depict torque variations for joints 1.  

 

 

Figure 3-4 Torque variations for the first proximal joint of the IRB 140 robotic arm. 
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Figure 3-5 Torque variations for the second proximal joint of the IRB 140 robotic arm. 

 

 

Figure 3-6 Torque variations for the third proximal joint of the IRB 140 robotic arm. 
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The detailed model consistently demonstrated higher torque, particularly in joint 3, a 

testament to its precise representation of inertia tensors and mass centers, as presented in 

Table 3-1 Mass property results of each model calculated using SolidWorks software.. In joint 1, the 

torque starts at zero, rises rapidly, and then returns to zero, a pattern consistent across all 

models due to its limited gravitational influence. Joint 2 experienced the highest torque 

overall, as it supports both its link and the weight of the subsequent links. The semi-

detailed and simplified models mirrored the general trend of the detailed model but with 

varying fidelity. 

The overall energy consumption patterns, as revealed by the energy calculations 

presented in Figures 3-7, provide valuable insights into the performance of the models. For 

The semi-detailed model showed the highest energy usage, indicating that its additional 

details come at the cost of increased energy consumption. In contrast, the simplified model 

demonstrated a reduction of approximately 6.8%, and the detailed model achieved a 

marginal 0.53% reduction relative to the semi-detailed version.  

 

Figure 3-7 Energy variations for the third proximal joint of the IRB 140 robotic arm. 
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This suggests that while the simplified model may not be as accurate as the detailed 

model, it can still be a more energy-efficient option. The differences in energy usage and 

torque can be attributed to each model's treatment of mass distribution and inertial 

properties. Although all models assume uniform link weights, discrepancies arise from their 

differing geometric assumptions. The simplified model, by treating links as rods, introduces 

errors in center-of-mass location and inertia estimation. These differences affect torque 

requirements, particularly during changes in acceleration or direction of motion. 

Due to all these differences, all three models exhibited acceptable predictive accuracy 

for typical industrial applications, particularly when energy efficiency and computational 

resources are key considerations. This confirms that simplified models, while less precise, 

can still provide valuable insight with significantly reduced computational demands. Thus, 

this study highlights the importance of aligning model complexity with application-specific 

performance requirements, providing the audience with a clear guide for informed decision-

making. 

3.3 Concluding Remarks 

The results obviously indicate that the model's level of detail has an effective influence 

on its dynamic responses. The detailed model, offering high accuracy in torque prediction 

and energy estimation, is best suited for precision-critical applications. However, it also 

demands substantially more computational resources, as evidenced by simulation time 

comparisons. The semi-detailed and simplified models, although approximative, tracked the 

detailed model's behavior closely in many instances. The simplified model, in particular, 

delivered excellent computational efficiency with only a marginal loss in energy prediction 
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accuracy, showing a 6.8% reduction in energy consumption compared to the semi-detailed 

version. 

One of the key takeaways from this study is that simplified models can be confidently 

used in industrial scenarios where rapid simulation and design iteration are more important 

than absolute precision. Conversely, detailed models are crucial for tasks that require high-

fidelity control and fine torque regulation. Therefore, the choice of model complexity 

should be based on the specific performance requirements of the application and the 

available computational resources, guiding the design and simulation of robotic systems. 

This study fills an important gap in the literature by quantifying the impact of dynamic 

model simplification on torque and energy metrics. It highlights the practical trade-offs 

engineers face when balancing accuracy and computational cost. However, it also points to 

a promising future, where these models could be improved by incorporating joint friction, 

variable material densities, and more advanced parameter identification techniques, 

potentially using quantum-inspired optimization methods. This research provides a 

methodological and practical foundation for informed model selection in the design and 

simulation of robotic systems. 

The trade-offs between computational efficiency and physical accuracy in dynamic 

modeling show the inherent limitations of relying solely on simplified or even semi-

detailed models for high-precision tasks, which is particularly evident in applications where 

accurate prediction of joint behavior is crucial, such as in inverse kinematics, where the 

fidelity of the system representation plays a pivotal role. These insights emphasize the 

necessity for data-driven learning models that can account for modeling abstractions while 
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preserving generalization across various configurations. This drives the shift toward 

intelligent approximation techniques, notably those based on neural networks, which are 

capable of learning complex mappings between task space and joint space. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



155 

 

Chapter 4 - Quantum Neural Networks for 

an Industrial Robot Arm  

4.1 Chapter Overview 

The inverse kinematics (IK) problem is fundamental to robotic control, as it involves 

determining the joint configurations necessary to achieve a desired position and orientation 

of the end effector. As industrial robots become more refined and possess higher degrees of 

freedom, solving the IK problem becomes increasingly complex due to challenges such as 

non-unique solutions, computational demands, and the occurrence of singularities. Classic 

analytical methods often struggle to address these issues effectively, particularly in real-

time industrial applications. As an alternative, Artificial Neural Networks (ANNs) have 

been investigated for their capability to model non-linear relationships and generalize from 

data. However, classical ANNs still encounter limitations regarding learning efficiency, 

accuracy, and robustness, especially in proximity to singular configurations. 

A novel approach has been developed that integrates principles of quantum computing 

into neural network models, introducing a Quantum Neural Network (QNN) that employs a 

quantum-inspired activation function. This method is applied to the six-degree-of-freedom 

ABB IRB140 robotic manipulator. The proposed QNN model enhances classical Multi-

Layered Perceptron (MLP) architectures by incorporating quantum mechanisms within the 

activation function. To ensure both relevance and practicality, a robust dataset derived from 

real-world trajectories executed by the actual robot was utilized for training. 
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Moreover, the study incorporates singularity avoidance by applying a loss function 

penalization based on the condition number of the Jacobian matrix. The Quantum Neural 

Network model showed exceptional performance compared to classic Artificial Neural 

Networks, achieving considerably improved accuracy in terms of lower mean absolute 

errors, enhanced positional and orientational accuracy, and superior generalization 

capabilities. Notably, QNNs achieved up to a 16.67% reduction in MAE and exhibited 

orientation errors as minimal as 0.00179 radians, even in scenarios designed to avoid 

singularities. These findings highlight the confidence-inspiring accuracy of quantum-

inspired neural networks in addressing complex kinematic challenges and present 

promising opportunities for advancements in industrial robotics.  

4.2  Paper 3: Quantum neural network-based inverse kinematics of a six-jointed 

Industrial robotic arm. 

Authors : Mehdi Fazilat, Nadjet Zioui. 

Journal: Robotics and Autonomous Systems. 

Publication date: 6/July/2025. 

4.2.1 Methodology 

The proposed methodology employs a hybrid approach that integrates classical neural 

networks with quantum computing principles to address the inverse kinematics of the 6-

degree-of-freedom articulated robotic arm. This method focuses on enhancing a Multi-

Layer Perceptron neural network by incorporating a quantum-inspired activation function 

to develop a Quantum Neural Network. The framework consists of five key components: 
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modeling the robot's kinematics, designing the MLP, generating the dataset, implementing 

singularity avoidance strategies, evaluating performance, and integrating quantum 

computational foundations. 

Initially, the kinematic model of the six-jointed ABB IRB 140 robot is developed, and 

the spatial parameters of each joint are converted into a series of homogeneous 

transformation matrices, which collectively constitute the forward kinematics model, as 

shown in Equation 4-1. These parameters define the homogeneous transformation matrix 

𝑇𝑖−1
𝑖  between two successive frames. Consequently, the kinematic model 𝑇0

𝑛 for a robotic 

arm with 𝑛 joints is obtained by the product of these transformation matrices ∏𝑖=1
𝑛  𝑇𝑖−1

𝑖 . 

𝑇𝑖−1
𝑖 = [ 𝑅 𝑃

0 0 0 1

 ] = [

𝐶𝜃𝑖 −𝐶𝛼𝑖𝑆𝜃𝑖 𝑆𝛼𝑖𝑆𝜃𝑖

𝑆𝜃𝑖 𝐶𝛼𝑖𝐶𝜃𝑖 −𝑆𝛼𝑖𝐶𝜃𝑖

0
0

𝑆𝛼𝑖

0
𝐶𝛼𝑖

0

    

 𝑎𝑖𝐶𝜃𝑖

𝑎𝑖𝑆𝜃𝑖

𝑑𝑖

1

] (4-1) 

To capture the relationship between joint velocities and end-effector motion, the 

Jacobian matrix is derived by Equation 4-2, with its subcomponents defined in Equation 4-

3. The Jacobian matrix can be rotated into two sub-matrices: 𝐽𝑃 for translational velocity 

and 𝐽𝑂 for rotational velocity. 

𝑥̇ = 𝐽𝑞̇ (4-2) 

[
𝐽𝑃𝑖

𝐽𝑂𝑖

] = [
𝑍𝑖−1 × (𝑃𝑒 − 𝑃𝑖−1)

𝑍𝑖−1
] (4-3) 

𝑃𝑒 is the end-effector position, taken from the first three elements of the fourth column of 

𝑇0
𝑛. Similarly, 𝑃𝑖−1 comes from 𝑇𝑖−1

0 , and 𝑍𝑖−1 is the third column of the rotation matrix 
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𝑅𝑖−1
0 , which defines the orientation of link 𝑖 − 1 relative to the base and transforms vectors 

to the base frame. 

Singularities are recognized when the determinant of the Jacobian approaches zero, as 

shown in Equation 4-4, and orientation is calculated using quaternion-based 

transformations considered in Equations 4-5 to 4-8. 

𝑑𝑒𝑡 𝐽(𝑞) = 0 (4-4) 

𝑅(𝑛̂, 𝜃) = [

𝑐 + 𝑛𝑥
2(1 − 𝑐) 𝑛𝑧𝑛𝑦(1 − 𝑐) + 𝑛𝑥𝑠 𝑛𝑥𝑛𝑥(1 − 𝑐) − 𝑛𝑦𝑠

𝑛𝑥𝑛𝑦(1 − 𝑐) − 𝑛𝑥𝑠 𝑐 + 𝑛𝑦
2(1 − 𝑐) 𝑛𝑦𝑛𝑥(1 − 𝑐) + 𝑛𝑥𝑠

𝑛𝑥𝑛𝑧(1 − 𝑐) + 𝑛𝑦𝑠 𝑛𝑦𝑛𝑧(1 − 𝑐) − 𝑛𝑥𝑠 𝑐 + 𝑛𝑥
2(1 − 𝑐)

] (4-5) 

𝑅(𝑞)

=
1

𝑞0
2 + 𝑞1

2 + 𝑞2
2 + 𝑞3

2 [

𝑞0
2 + 𝑞1

2 − 𝑞2
2 − 𝑞3

2 2(𝑞1𝑞2 + 𝑞0𝑞3) 2(𝑞1𝑞3 − 𝑞0𝑞2)

2(𝑞1𝑞2 − 𝑞0𝑞3) 𝑞0
2 − 𝑞1

2 + 𝑞3
2 − 𝑞2

2 2(𝑞2𝑞3 + 𝑞0𝑞1)

2(𝑞1𝑞3 + 𝑞0𝑞2) 2(𝑞2𝑞3 − 𝑞0𝑞1) 𝑞0
2 − 𝑞1

2 − 𝑞2
2 + 𝑞3

2

] 
(4-6) 

𝑈

=
1

4
[

𝑟11 + 𝑟22 + 𝑟33 + 1 𝑟32 − 𝑟23 𝑟13 − 𝑟31 𝑟21 − 𝑟12

𝑟32 − 𝑟23 𝑟11 − 𝑟22 − 𝑟33 + 1 𝑟21 + 𝑟12 𝑟31 + 𝑟13

𝑟13 − 𝑟31 𝑟21 + 𝑟12 𝑟22 − 𝑟11 − 𝑟33 + 1 𝑟32 + 𝑟23

𝑟21 − 𝑟12 𝑟31 + 𝑟13 𝑟32 + 𝑟23 𝑟33 − 𝑟11 − 𝑟22 + 1

] 
(4-7) 

𝑞̂ = ∑  

4

𝑖=1

𝑠𝑖𝑔𝑛 (𝑢𝑗 ⋅ 𝑢𝑖)𝑢𝑖 (4-8) 

' 𝐶 ' and ' 𝑆 ' denote cosine and sine of an angle. Given a non-zero real number 𝑘 and 

quaternion components 𝑞0, 𝑞1, 𝑞2, 𝑞3, the rotation matrix can be derived. The dominant 

eigenvector of a symmetric matrix 𝑈, built from the diagonal ( 𝑟11, 𝑟22, 𝑟33 ) and off-

diagonal ( 𝑟32, 𝑟23, etc.) elements of rotation matrix 𝑅,yields the quaternion representing the 

same rotation. 
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The inverse kinematics problem is reformulated as a regression task suitable for neural 

networks, where the model maps end-effector position and orientation to the corresponding 

joint angles. The multi-layer perceptron takes up to seven input features, three for position 

and four for orientation, and produces six joint angle outputs. To enhance robustness and 

generalization, the dataset comprises over 167,000 real-world data points, collected by 

executing a variety of trajectories with the actual ABB IRB140 robot, as shown in Figure 

4-1. 

 

Figure 4-1 IRB 140 ABB Robot manipulator arm during executing assigned tasks. 

Preprocessing involved a two-step normalization process and the addition of Gaussian 

noise, which involved normalizing the range to -1 and +1 and applying a Gaussian signal 

for a normal distribution. Additionally, we added Gaussian noise with a standard deviation 

of 0.002 to the data. 
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Figure 4-2 presents the proposed ANN architecture for accurately computing joint 

angles corresponding to target robot poses. 

 

Figure 4-2 Neural Network Architecture. 

Hyperparameter tuning was precisely conducted across various layers, nodes, learning 

rates, and batch sizes. This process resulted in a robust Quantum Neural Network 

architecture optimized for inverse kinematic prediction, as presented in Figure 4-3 , Figure 

4-4 and, Figure 4-5. The practise outlined in Table 4-1 demonstrates how the approach 

ensures robustness in solving complex robotic kinematics through the use of the best 

activation function. 

 

Figure 4-3 Loss-Nodes. 
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Figure 4-4 Loss-Layers. 

 

Figure 4-5 Loss-Learning Rate. 

Table 4-1 Performance comparison of the various activation functions. 

Function ReLU Swish Hardlims Satlins Radbas 

Epoch 287 300 83 47 221 

Time 00:52 00:14 01:00 00:33 01:14 

Performance 0.305 0.306 32.4 0.694 0.294 

Gradient 0.168 0.324 3.30e − 11 0.0735 0.214 

Regression 0.99981 0.99981 0.97946 0.99957 0.99979 

Validation Check 0 0 4 12 12 

Max Error 0.08051 0.02943 1.069 0.03508 0.09044 
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A newly proposed loss function, Equation 4-9, combines Mean Absolute Error with a 

penalization term for high Jacobian condition numbers, thereby improving the avoidance of 

singularities.  

Loss Function = 𝑀𝐴𝐸 (𝑃Target , 𝑃Calc ) + 𝑓( Activation Function, 𝜅( Jacobian )) (4-9) 

To compute orientation and position errors, several metrics are employed, including the 

Euclidean distance, as presented in Equation 4-10.  

𝑑 = √(𝑋 − 𝑋′)2 + (𝑌 − 𝑌′)2 + (𝑍 − 𝑍′)2 (4-10) 

where 𝑃 = [𝑋, 𝑌, 𝑍] and 𝑃′ = [𝑋′, 𝑌′, 𝑍′] are the calculated and target positions. 

The proposed quantum activation function comprises two key components: initial state 

preparation via phase rotation, as described in Equations 4-11, and 4–12.  

|𝜓(𝑥)⟩ = ∏𝑗=1
𝑁  𝑈(𝑥̃𝑗)|0⟩ (4-11) 

|𝜓(𝑥)⟩ = ∏𝑗=1
𝑁   𝑒𝑖𝜎𝑦𝑥𝑗 . 𝑆𝑞𝑟𝑡 (𝑌)𝑗 . |0⟩ (4-12) 

Additionally, a transformation operator based on SU(2) rotations, as shown in 

Equations 4-13 and 4-14. This structure incorporates quantum behavior into the classical 

neural network architecture, thereby enhancing its learning capacity. 

𝑈(𝜃, 𝜙, 𝜆) =   𝑒−
𝑖𝜙𝜎𝑧

2 𝑒−
𝑖𝜃𝜎𝑦

2 𝑒−
𝑖𝜆𝜎𝑧

2  
(4-13) 

|𝜓̌(𝑥)⟩  = ∏𝑗=1
𝑁   𝑒−

𝑖𝜙𝜎𝑧
2 𝑒−

𝑖𝜃𝜎𝑦

2 𝑒−
𝑖𝜆𝜎𝑧

2 .  |𝜓(𝑥)⟩ (4-14) 

𝑈(𝑥̃𝑗) denotes a general quantum operation applied to each qubit, encoding input data and 

creating superposition. Here, 𝜃 is the rotation angle around the 𝑦-axis, 𝜙 and 𝜆 are phase 
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rotations around the 𝑧-axis, and 𝜎𝑥, 𝜎𝑦 , 𝜎𝑧 are the Pauli matrices representing rotations on 

the Bloch sphere axes. 
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4.2.2 Summary of the Results Analysis 

The ANN model, which employed the Swish activation function, confirmed rapid 

convergence and stable learning characteristics. The training Mean Absolute Error (MAE) 

achieved a value of 0.0098, while the validation MAE experienced a slight increase to 

0.0109, indicating minimal overfitting. Position and orientation errors are displayed in 

Figure 4-6. and Figure 4-7, respectively. The final position errors were recorded at 2.3 mm 

for training and 2.71 mm for validation, while the orientation errors reached 0.0198 radians 

and 0.021 radians, demonstrating a solid baseline performance. 

 

Figure 4-6 Position Error of ANN. 

In contrast, the QNN introduced by a quantum-inspired activation function 

demonstrated greatly better performance. The QNN's mean absolute error converged to 

0.0065 during training and 0.0072 during validation. Position errors improved to 1.76 mm 

in training and 1.79 mm in validation, while orientation errors decreased markedly to 

0.00176 and 0.00179 radians, as displayed in Figure 4-8 and Figure 4-9,  , respectively.  
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Figure 4-7 Orientation Error of ANN. 

 

Figure 4-8 Position Error of QNN. 
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Figure 4-9 Orientation Error of QNN. 

In terms of singularity avoidance, the ANN model, illustrated in Figure 4-10, achieved 

a training loss of 0.005 and a validation loss of 0.006; however, minor overfitting was 

observed.  

In contrast, the QNN model depicted in Figure 4-11 demonstrated better alignment 

between training and validation losses, yielding values of 0.004 and 0.005, respectively, 

indicating enhanced stability and robustness.  

Additionally, the position errors associated with singularity avoidance also showed 

improvement, with the QNN attaining 1.37 mm (training) and 1.64 mm (validation), 

surpassing the ANN's results of 1.72 mm and 1.97 mm. 
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Figure 4-10 Loss of ANN for singularity avoidance. 

 

Figure 4-11 Loss of QNN for singularity avoidance. 
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All key metrics are recapped in Table 4-2. The Quantum Neural Network reduced 

Mean Absolute Error by 15.60% and improved positional accuracy by 0.92 mm under 

standard conditions. In singularity-avoidance scenarios, it achieved a 16.67% lower 

Jacobian-based error and a 0.33 mm gain in accuracy compared to the ANN. 

Table 4-2 Comparative Analysis of ANN and QNN Performance Metrics. 

Model Evaluation Metric Loss (MAE)  

(Training/ Validation) 

Position Error (mm) 

(Training/ Validation) 

Orientation Error 

(radians)  

(Training/ Validation) 

ANN MAE 0.0098 / 0.0109 - - 

QNN MAE 0.0065 / 0.0072 - - 

ANN Position Metrics - 2.3 / 2.71 - 

QNN Position Metrics - 1.76 / 1.79 - 

ANN Orientation Metrics - - 0.0198 / 0.021 

QNN Orientation Metrics - - 0.00176 / 0.00179 

ANN 

Singularity 

Avoidance MAE 

0.005 / 0.006 - - 

QNN 

Singularity 

Avoidance MAE 

0.004 / 0.005 - - 

ANN Position Metrics - 1.72 / 1.97 - 

QNN Position Metrics - 1.37 / 1.64 - 
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Overall, the experimental outcomes validate the effectiveness of the quantum-inspired 

approach. The incorporation of quantum activation functions not only enhances precision 

and generalization but also improves resilience to singular configurations. These findings 

highlight the potential of QNNs for advanced robotic applications, especially in situations 

that demand high-accuracy kinematic solutions and robustness against singularities. 

4.3 Concluding Remarks 

By integrating a quantum-inspired activation function into a Multi-Layer Perceptron 

neural network, this study harnesses fundamental principles of quantum computing to 

improve learning capabilities and computational efficiency. The performance of the 

proposed Quantum Neural Network is rigorously assessed against a classical Artificial 

Neural Network baseline under the same training conditions, which include the utilization 

of a large, real-world dataset and strategies for hyperparameter tuning. 

The results consistently confirm that QNNs outperform ANNs across all primary 

performance metrics. QNNs achieved significantly lower mean absolute error, improved 

positional and orientation accuracy, and superior generalization to unseen data. 

Furthermore, the QNN exhibited enhanced robustness in scenarios involving singularities, 

achieving up to 16.67% improvement in MAE and reducing position error to as low as 1.64 

mm and orientation error to 0.00179 radians. These improvements highlight the 

effectiveness of the quantum activation function in enabling the network to learn more 

complex mappings with greater precision. From a practical perspective, the implementation 

of QNNs for inverse kinematics offers valuable benefits for industrial applications that 

require high accuracy and reliability. The ability to avoid singularities and maintain 



185 

 

smooth, precise motion trajectories further solidifies the method's applicability in real-

world environments. 

Notably, this study also lays a foundation for future research at the intersection of 

quantum computing and robotics, utilizing optimization algorithms to enhance performance 

further and evaluate the results by studying and focusing on advanced control strategies. 

The methodology of embedding quantum behavior into classical neural networks through 

activation functions opens new pathways for developing hybrid learning systems. Future 

research should focus on enhancing the quantum-inspired activation function, broadening 

the approach to encompass various robotic configurations, and investigating full-scale 

integration with emerging quantum hardware platforms. 

The effectiveness of quantum neural networks in addressing the inverse kinematics 

problem for a six-jointed industrial robotic arm significantly improves prediction accuracy. 

It enhances robustness against singularities when compared to classical neural 

architectures. While these outcomes demonstrate the computational advantages of 

quantum-inspired learning in motion planning, the successful deployment of such models 

hinges on the accuracy of the underlying dynamic parameters. Inaccurate mass properties 

and inertia matrices can lead to critical errors in control execution, irrespective of the 

precision of the learning model.  

The comparative scope of this chapter is deliberately restricted to the direct neural 

counterpart to enable evaluation of the quantum-inspired activation mechanism under 

identical data, tuning, and training conditions. Broader comparisons with other classical 

inverse-kinematics solvers represent a pertinent direction for future benchmarking studies. 
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Therefore, accurate parameter identification is crucial to ensure that model predictions 

accurately translate into real-world robotic performance. This critical need sets the stage for 

the next chapter, which delves into the application of swarm optimization, both classical 

and quantum-inspired, to estimate the dynamic parameters of the robotic system. By 

tackling this foundational challenge, the next step in the current research will aim further to 

enhance the robustness and responsiveness of intelligent robotic control. 
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Chapter 5 - Dynamic Model Parameter 

Identification of an Industrial 

Robotic Arm  

5.1 Chapter Overview 

Accurate parameter identification in the dynamic modeling of robotic systems is 

essential for achieving high-performance control, reliability, and energy efficiency, 

particularly in industrial environments. Robotic arms, with their elaborate kinematics and 

nonlinear dynamics, necessitate precise modeling of inertia matrices and mass center 

positions to ensure smooth operation and robustness in real-world conditions. Classic 

identification methods, such as the Least Squares (LS) and Recursive Least Squares (RLS) 

algorithms, as well as the Newton-Raphson algorithm, often encounter challenges in the 

nonlinear, high-dimensional contexts typical of industrial robotics. These conventional 

approaches may have limitations, including convergence issues, sensitivity to noise, and an 

inability to manage dynamic uncertainties effectively. 

In order to address these limitations, this investigation conducts a comparative 

evaluation of two advanced optimization methodologies: Particle Swarm Optimization 

(PSO) and Quantum-behaved Particle Swarm Optimization (Q-PSO). The research focuses 

explicitly on estimating critical dynamic parameters for an articulated industrial robotic 

arm, using a realistic model developed through Computer-Aided Optimization (CAO) in 

SolidWorks. Furthermore, a multilayer perceptron (MLP) neural network has been 

employed to validate the kinematic accuracy of the robotic arm against empirical motion 

data, to enhance the credibility of the dynamic analysis. 
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Investigation highlights notable enhancements in parameter estimation accuracy and 

model robustness when utilizing Quantum-inspired Particle Swarm Optimization compared 

to traditional Particle Swarm Optimization. The findings demonstrate superior performance 

in areas such as Mean Absolute Percentage Error, torque regulation, energy efficiency, and 

resilience to external disturbances. Ultimately, this study provides a solid foundation for 

applying quantum-inspired optimization techniques to enhance industrial robotic systems, 

thereby fostering increased precision and operational reliability. 

5.2 Paper 4: Dynamic Model Parameter Identification of an Industrial Robot: A 

Comparative Study of Quantum and Classical Swarm Optimization. 

Authors : Mehdi Fazilat, Nadjet Zioui. 

Journal: Mathematics. 

Publication status: Published. 

5.2.1 Methodology 

By employing a multi-stage methodology to identify the dynamic parameters of the 

ABB IRB 140 industrial robotic arm, utilizing both classical Particle Swarm Optimization 

and Quantum-behaved PSO algorithms. The methodological framework combines physical 

modeling, machine learning validation, CAD-based mass extraction, and swarm-based 

optimization, ultimately culminating in performance validation through Sliding Mode 

Control (SMC). The methodological framework of the study is given in Figure 5-1. 
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Figure 5-1 The flowchart for the methodological steps. 

Dynamic modeling is performed using the Euler–Lagrange formulation, which 

effectively captures inertia, Coriolis, and gravitational effects as delineated as follows: 

∑ Mijq̈+Vi+Gi=τi

n

j=1

,   i=1,2,…, (5-1) 

Mij illustrates the inertial forces, Vi denotes the centrifugal and Coriolis forces, and Gi 

demonstrates the gravitational forces. 
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The inertia matrices and mass centers of the first three proximal links are obtained from 

detailed CAD modeling conducted in SolidWorks, Solid Edge ST4, and CATIA, as shown 

in Figure 5-2 and Table 5-1. This process ensures the extraction of physically accurate, 

high-resolution parameters with error margins of less than 1%. 

 

Figure 5-2 Detailed CAD model of the ABB IRB 140 robotic arm. 

 

Table 5-1 Mass Property Results of the Robot Calculated by CAD Software. 

ABB IRB 140 Parameters (unit) Link 1 Link 2 Link 3 

 

M
a

ss
 P

ro
p

er
ti

es
 

 

Weight (kg) 35 25 18 

Xc (mm) 277.87 218.29 -24.56 

Yc 373.12 229.73 -219.9 

Zc -199.03 112.43 -25.86 

Ixx (kg.m2) 6.5 0.9 2.5 

Ixy 1.1 -0.03 -0.001 

Ixz 3.05 0.1 0.09 

Iyy 2.02 1.3 2.7 

Iyz 5.07 -0.01 -0.8 

Izz 1.4 0.95 0.5 
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To optimize the process, both the PSO and Q-PSO algorithms are employed 

independently to refine the parameters derived from CAD. The PSO algorithm updates 

particles by utilizing velocity and position update relations, as outlined in Equations 5-2 to 

5-4, which are governed by dynamic inertia weights, as offered in Equation 5-3.  

𝑣⃗𝑖(𝑛 + 1) = 𝜔𝑣⃗𝑖(𝑛) + 𝑐1𝑟1(𝑝⃗𝑖 − 𝑥⃗𝑖(𝑛)) + 𝑐2𝑟2(𝑔⃗ − 𝑥⃗𝑖(𝑛)) (5-2) 

𝜔 = 𝜔𝑚𝑎𝑥 − (
𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛

 iter 𝑚𝑎𝑥
) ×  iter (5-3) 

𝑥⃗𝑖(𝑛 + 1) = 𝑥⃗𝑖(𝑛) + 𝑣⃗𝑖(𝑛 + 1) (5-4) 

In Particle Swarm Optimization (PSO), the velocity of each particle 𝑣⃗𝑖(𝑛 + 1) is 

updated based on three components: inertia 𝜔𝑣⃗𝑖(𝑛), which retains part of the previous 

velocity; the cognitive component 𝑐1𝑟1(𝑝⃗𝑖 − 𝑥⃗𝑖(𝑛)), which pulls the particle toward its own 

best-known position 𝑝⃗𝑖; and the social component 𝑐2𝑟2(𝑔⃗ − 𝑥⃗𝑖(𝑛)), which attracts the 

particle toward the global best position 𝑔⃗, with 𝑐1 and 𝑐2 being acceleration constants and 

𝑟1, 𝑟2 being random numbers in [0,1] to introduce stochasticity. The inertia weight 𝜔 

gradually decreases from 𝜔max to 𝜔min over iterations to balance exploration and 

exploitation, calculated as 𝜔 = 𝜔max − ((𝜔max − 𝜔min)/ iter  max) × iter, where iter is the 

current iteration and iter  max  is the total number of iterations. Finally, the particle's new 

position is updated as 𝑥⃗𝑖(𝑛 + 1) = 𝑥⃗𝑖(𝑛) + 𝑣⃗𝑖(𝑛 + 1), using the newly computed velocity. 

It aims to minimize an objective function based on the Euclidean distance from the 

CAD references, as depicted in Equation 5-5.  

𝑓(𝑜) = ∑  

𝑁

𝑖=1

‖𝑝sim ,𝑖(𝑜) − 𝑝ref ,𝑖‖
2

+ 𝜆 ⋅  Penalty (𝑜) (5-5) 
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Here, 𝑜 is the candidate solution, 𝑝sim ,𝑖(𝑜) are the simulated parameters of link 𝑖, and 

𝑝ref ,𝑖 are the corresponding CAD-based reference values and 𝜆 is the Regularization weight 

for the penalty term, which is adaptively updated as a function of the iteration index, 

progressively increasing to strengthen constraint enforcement as the optimization advances. 

In contrast, Q-PSO incorporates quantum angle encoding and probabilistic state 

measurement shown in Equations 5-6 and 5-7.  

𝑣𝑖𝑗
𝑡+1 = 𝜔𝑣𝑖𝑗

𝑡 + 𝑐1𝑟1[ 𝜃𝑖𝑗
𝑡  ( 𝑝best  ) − 𝜃𝑖𝑗

𝑡 ] + 𝑐2𝑟2[ 𝜃𝑖𝑗
𝑡  ( 𝑔best  ) − 𝜃𝑖𝑗

𝑡 ]  (5-6) 

𝜃𝑖𝑗
𝑡+1 = 𝜃𝑖𝑗

𝑡 + 𝑣𝑖𝑗
𝑡+1 (5-7) 

In this variant of Particle Swarm Optimization, the velocity of particle 𝑖 in dimension 𝑗 

at iteration 𝑡 + 1, denoted 𝑣𝑖𝑗
(𝑡+1)

, is computed as a combination of three terms: the inertia 

term 𝜔𝑣𝑖𝑗
(𝑡)

, which retains a portion of the previous velocity; the cognitive component 

𝑐1𝑟1[𝜃𝑖𝑗
(𝑡)(𝑝best ) − 𝜃𝑖𝑗

(𝑡)
], which guides the particle toward its own best-known personal 

position; and the social component 𝑐2𝑟2[𝜃𝑖𝑗
(𝑡)(𝑔best ) − 𝜃𝑖𝑗

(𝑡)
], which pulls the particle toward 

the global best position found by the swarm. Here, 𝜃𝑖𝑗
(𝑡)

 represents the current position (or 

parameter, such as an angle or decision variable), while 𝑝best  and 𝑔best  refer to the personal 

and global bests, respectively. 𝑟1 and 𝑟2 are uniformly distributed random numbers in [0,1], 

and 𝑐1, 𝑐2 are acceleration coefficients. The position update equation 𝜃𝑖𝑗
(𝑡+1)

= 𝜃𝑖𝑗
(𝑡)

+ 𝑣𝑖𝑗
(𝑡+1)

 

simply adds the updated velocity to the current position, driving the particle toward 

promising regions of the search space. Each algorithm adheres to structured routines, as 

outlined in Algorithm 1 (PSO) and Algorithm 2 (Q-PSO). 
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Algorithm 1: PSO algorithm for Dynamics Parameter Identification of the Robotic Arm. 

Notation: 

• 𝑁 : Number of particles 

• MaxIter: Maximum number of iterations 

• 𝑥𝑖𝑗
𝑡  : Position of particle i in dimension j at iteration t 

• 𝑝best  𝑗
𝑡: Personal best angle of particle 𝑖 

• 𝑔best  𝑗
𝑡  : Global best angle in dimension 𝑗 

• 𝑣𝑖𝑗
𝑡  : Velocity of particle 𝑖 

• 𝜔 : Inertia weight 

• 𝑐1, 𝑐2 : Learning coefficients 

• 𝑟1, 𝑟2 : Uniformly distributed random numbers in (0,1) 

• 𝑓: Objective function  

• 𝜔 : Penalized objective function 

𝑥∗ : Optimal identified parameter set 

 

 

1: Initialize population of 𝑁 particles with random positions 𝑥𝑖𝑗
0  and velocities 𝑣𝑖𝑗

0  

2: Evaluate initial fitness 𝑓(𝑥𝑖
0) for all particles 

3: Set 𝑝best ,𝑖 ← 𝑥𝑖
0, and identify 𝑔best ,𝑗 

4: for 𝑡 = 1 to Maxiter do 

5:   for each particle 𝑖 do 

6: Update velocity: 

𝑣𝑖𝑗
𝑡 = 𝜔𝑣𝑖𝑗

𝑡−1 + 𝑐1𝑟1(𝑝best ,𝑖𝑗
𝑡−1 − 𝑥𝑖𝑗

𝑡−1) + 𝑐2𝑟2(𝑔best ,𝑗
𝑡−1 − 𝑥𝑖𝑗

𝑡−1) 

7: Update position: 

𝑥𝑖𝑗
𝑡 = 𝑥𝑖𝑗

𝑡−1 + 𝑣𝑖𝑗
𝑡  

8: end for 

9:   Evaluate fitness 𝑓(𝑥𝑖
𝑡) 

10:   Update 𝑝best ,𝑖 ← 𝑥𝑖
𝑡 if improved 

11: Update 𝑔best ,𝑗 if improved 

12: Return 𝑥∗ ← 𝑔best ,𝑗 as the optimal identified parameters  
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Algorithm 2: Q-PSO algorithm for Dynamics Parameter Identification of the Robotic Arm 

Notation: 

• 𝑁 : Number of particles 

• MaxIter: Maximum number of iterations 

• 𝜃𝑖𝑗
𝑡  : Current quantum angle of particle 𝑖 in dimension 𝑗 at iteration 𝑡 

• 𝑝best  𝑗
𝑡: Personal best angle of particle 𝑖 

• 𝑔best  𝑗
𝑡  : Global best angle in dimension 𝑗 

• 𝑣𝑖𝑗
𝑡  : Angular velocity of particle 𝑖 

• 𝜔 : Inertia weight 

• 𝑐1, 𝑐2 : Learning coefficients 

• 𝑟1, 𝑟2 : Uniformly distributed random numbers in (0,1) 

• 𝑓: objective function  

• 𝜔 : Penalized objective function 

• 𝜃∗ : Optimal quantum angle solution 

 

1: Initialize population of 𝑵 particles with quantum angles 𝜽𝒊𝒋
𝟎  

2: Evaluate initial fitness 𝒇(𝜽𝒊
𝟎) for all particles 

3: Set 𝑝best  𝑖𝑗
0 ← 𝜃𝑖𝑗

0 , and identify 𝑔best  𝑖𝑗
0  

4: for 𝑡 = 1 to MaxIter do 

5: for each particle 𝑖 do 

6: Update velocity: 

𝑣𝑖𝑗
𝑡 = 𝜔𝑣𝑖𝑗

𝑡−1 + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡𝑖𝑗
𝑡−1 − 𝜃𝑖𝑗

𝑡−1) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡𝑗
𝑡−1 − 𝜃𝑖𝑗

𝑡−1) 

7: Update position: 

𝜃𝑖𝑗
𝑡 = 𝜃𝑖𝑗

𝑡−1 + 𝑣𝑖𝑗
𝑡  

8:        end for 

9:  Evaluate new fitness 𝒇(𝜽𝒊
𝒕) 

10: Update 𝑝best  𝑖𝑗
t   if 𝒇(𝜽𝒊

𝒕) improves 

11: Update 𝑔best  𝑖𝑗
𝑡   if global best improves 

12: If no improvement in 𝑔best   for a defined iteration, apply perturbation 

13:          end for 

14: Return 𝜃∗ ← 𝑔best  j  
 as optimal solution set 
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A high-accuracy Multilayer Perceptron (MLP) neural network with 488 neurons across 

four hidden layers validates the kinematic model using over 40,000 motion samples. This 

ensures confidence in dynamic parameter estimation. Finally, the optimized models are 

embedded into a Simulink-based SMC framework, as displayed in Figure 5-3, which tracks 

a circular trajectory over 30 seconds.  

 

Figure 5-3 Simulink block diagram of the SMC-based circular trajectory. 
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5.2.2 Summary of the Results Analysis 

The comparative performance of the classical PSO and the Quantum-behaved PSO 

algorithms was evaluated through a series of simulations concentrating on parameter 

accuracy, control smoothness, and system robustness. The optimization involved 120 

particles over 150 iterations, with results averaged across 30 independent runs to ensure 

statistical reliability. The inertia weight and acceleration coefficients were empirically 

adjusted to achieve optimal convergence performance. 

Figure 5-4 and Figure 5-5 presents the extracted dynamic parameters, mass center 

coordinates, and inertia matrix elements of the ABB IRB 140 robotic arm. Q-PSO 

consistently achieved values closer to the CAD-derived references, outperforming classical 

PSO in both diagonal and off-diagonal inertia elements. This superiority is further 

illustrated in Table 5-2, where Q-PSO exhibits lower deviations from the reference model for 

both inertia tensors and mass center positions.  

Q-PSO exhibits enhanced sensitivity in identifying the off-diagonal elements of the 

inertia matrix, effectively capturing the inertial coupling effects between axes. This leads to 

a more coherent representation of mass distribution and inter-axial dynamics compared to 

conventional methods. Q-PSO also maintains a better balance between exploration and 

exploitation, reducing the risk of premature convergence and achieving closer alignment 

with reference models. Its superior global search capability improves the accuracy of 

parameter estimation, resulting in more reliable system modeling and enhanced 

performance in applications such as precision control and dynamic simulation. 

 



225 

 

 

Figure 5-4 Bar chart Real vs Optimized Inertia Matrix Elements. 

 

Figure 5-5 Bar chart Real vs Optimized Mass centers position. 
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Table 5-2 Mass properties of real model, PSO and Q-PSO. 

Links Parameters Real Model Q-PSO PSO 

1 

Weight (kg) 35 35 35 

Xc (m) 0.27787 0.27939 0.28513 

Yc 0.37312 0.3742 0.37757 

Zc -0.19903 -0.19905 -0.205 

Ixx (Kg.m2) 6.5 6.5236 6.5701 

Ixy 1.1 1.1101 1.0255 

Ixz 3.05 3.0539 3.1819 

Iyy 2.02 2.056 2.0662 

Iyz 5.07 5.1022 5.1781 

Izz 1.4 1.4127 1.2907 

2 

Weight (kg) 25 25 25 

Xc (m) 0.21829 0.21953 0.23221 

Yc 0.22973 0.23236 0.23766 

Zc 0.11243 0.11284 0.10949 

Ixx (Kg.m2) 0.9 0.90239 0.84598 

Ixy -0.03 -0.03039 -0.02873 

Ixz 0.1 0.10049 0.099257 

Iyy 1.3 1.3105 1.2213 

Iyz -0.01 -0.01000 -0.01079 

Izz 0.95 0.9605 0.9994 

3 

Weight (kg) 18 18 18 

Xc (m) -0.02456 -0.02462 -0.02581 

Yc -0.21996 -0.22108 -0.21592 

Zc -0.02586 -0.02593 -0.02729 

Ixx (Kg.m2) 2.5 2.5213 2.5711 

Ixy -0.001 -0.00100 -0.00092 

Ixz 0.09 0.09162 0.09525 

Iyy 2.7 2.7082 2.7503 

Iyz -0.8 -0.80558 -0.75339 

Izz 0.5 0.50243 0.49506 

 

To quantify the accuracy, Mean Absolute Percentage Errors were calculated using 

Equation 5-8.  

𝑀𝐴𝑃𝐸 =
1

𝑁
∑  

𝑁

𝑖=1

|
𝑝𝑖

est − 𝑝𝑖
ref 

𝑝𝑖
ref 

| × 100 (5-8) 

So that, 𝑝𝑖
est  represents the 𝑖th  parameter estimated by the algorithms, 𝑝𝑖

ref  is the 

corresponding reference value, and 𝑁 denotes the total number of parameters within the 
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group 9 for mass center coordinates and 18 for inertia matrix. Q-PSO achieved MAPE 

values of 0.43% and 0.76% for mass center coordinates and inertia matrices, respectively. 

In contrast, PSO recorded significantly higher errors at 2.94% and 4.66%, respectively, 

confirming the enhanced precision of Q-PSO. 

Figure 5-6 and Figure 5-7 highlight the convergence behavior and global best fitness 

distributions. While both algorithms displayed a rapid initial descent, PSO exhibited early 

stagnation near iteration 27, indicating entrapment in a local minimum. Q-PSO maintained 

gradual and consistent convergence toward lower fitness values, and its global best scores 

showed tighter distributions with reduced variance, indicating better stability and search 

reliability. 

 

Figure 5-6 Convergence behavior of PSO and Q-PSO algorithms. 



228 

 

 

Figure 5-7 Final fitness values for PSO and Q-PSO over 30 runs. 

Kinematic model validation, achieved through a Multilayer Perceptron neural network, 

confirmed high positional accuracy with training and validation errors of 0.48 mm and 0.61 

mm, respectively. This validated framework was then used to evaluate three dynamic 

models: Real (CAD-driven as the reference), PSO-optimized, and Q-PSO-optimized, 

through circular trajectory tracking using a robust Sliding Mode Controller.  

Table 5-3 summarizes performance metrics, including rise time, settling time, 

overshoot, and steady-state error, for the third joint under both nominal and disturbed 

conditions. While the PSO model had the fastest response in nominal scenarios, the Q-PSO 

model maintained more stable and consistent performance under a 40% sinusoidal 

disturbance. 
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Table 5-3 Performance of Angular Position for the Different Models Under Disturbance. 

 

Figure 5-8 and Figure 5-9 show torque profiles under nominal and perturbed 

conditions. The Q-PSO model yielded smoother torque transitions with fewer oscillations 

compared to the PSO model, aligning closely with the reference model.  

 

Figure 5-8 Torque profiles comparison under nominal conditions for three dynamic models. 

Performances Rising Time (s) Settling Time (s) Overshoot (%) 
Steady State 

Error (%) 

Arm 3 (End-effector) - Nominal scenario 

Real Model 0.577 0.599 1.85 0.0899 

PSO Model 0.462 0.499 1.69 0.0607 

Q-PSO Model 0.515 0.531 1.77 0.0799 

Arm 3 (End-effector) - Disturbed scenario 

Real Model 0.654 0.791 1.99 0.0985 

PSO Model 0.589 0.699 1.91 0.0851 

Q-PSO Model 0.613 0.713 1.92 0.0910 
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Figure 5-9 Torque profiles comparison under disturbed conditions for three dynamic models. 

Energy consumption trends in Figure 5-10 further reinforce this observation. Q-PSO 

closely mirrored the Real model, whereas PSO incurred higher energy demands, especially 

during the initial motion phases.  

 

Figure 5-10 Energy consumption profiles for the three models. 
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5.3 Concluding Remarks 

Through rigid modeling and simulation, both PSO and Q-PSO algorithms demonstrated 

competency in identifying dynamic parameters. However, Q-PSO consistently 

outperformed classical PSO in terms of estimation accuracy, convergence behavior, and 

control performance. Specifically, Q-PSO achieved lower Mean Absolute Percentage 

Errors (0.76% for inertia and 0.43% for mass centers), smoother torque transitions, and a 

more similar actuation pattern to the referenced model compared to its classical 

counterpart. The results under disturbance conditions further validated Q-PSO’s robustness, 

maintaining better stability and consistent tracking performance despite external 

perturbations. 

The study’s novelty lies in its integration of high-fidelity CAD-based modeling with 

advanced optimization and machine learning-based kinematic validation using a multilayer 

perceptron network. Unlike prior works that rely on simplified models or assess 

identification algorithms in isolation, this work incorporates the optimized parameters into 

a robust Sliding Mode Control strategy. It evaluates real-world performance through 

trajectory tracking, energy consumption, and control torque smoothness. 

Nonetheless, several limitations remain. The study was limited to a single robot model 

and motion profile, and the objective function focused solely on parameter deviation rather 

than performance-driven criteria, such as torque minimization or tracking error. The entire 

evaluation was performed in simulation, not accounting for real-time constraints, sensor 

noise, or embedded hardware limitations. 
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Future work should explore the integration of control-aware objective functions into the 

optimization loop, generalizing across diverse robots and motion tasks, and deploying real-

time implementations on embedded platforms. Enhancements to Q-PSO, such as self-

adaptive learning factors and noise-resilient encoding, also represent promising avenues for 

improving scalability and robustness in industrial robotics. 

The comparative framing of this chapter is intentionally centered on the direct 

optimization counterpart, namely classical Particle Swarm Optimization, to isolate the 

effect of the quantum-behaved search mechanism within the same model, objective 

function, and validation pipeline; broader comparisons with other classical identification 

methods may be pursued in future work. 

Exploring the precise identification of inertial and mass center parameters through both 

classical and quantum swarm optimization techniques establishes a foundation for assessing 

how these refined models impact control strategies in dynamic robotic environments. While 

parameter estimation is crucial for ensuring the accuracy of model-based representations, 

their actual value is realized in how effectively these parameters enhance the robot's 

behavior under real-world conditions. In this context, the control system serves as the vital 

link between model accuracy and system performance. Traditional control methods, despite 

their inherent robustness, often encounter challenges such as chattering and energy 

inefficiency. This highlights the need to investigate advanced control architectures that can 

leverage the precision achieved through optimized parameters. An influential aspect of this 

dissertation will introduce a quantum-inspired sliding mode control methodology that 

integrates quantum principles into classical control laws, thereby improving robustness, 
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precision, and energy efficiency for articulated robotic arms functioning in uncertain and 

nonlinear environments. 
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Chapter 6 - Quantum-Inspired Sliding Mode 

Control of an Industrial Robotic 

Arm  

6.1 Chapter Overview 

Achieving robust and precise control in robotic systems, particularly those 

characterized by nonlinear dynamics and external disturbances, remains a significant 

challenge in the field of industrial automation. Among various control strategies, Sliding 

Mode Control (SMC) has gained considerable attention due to its inherent robustness, rapid 

response, and effectiveness in managing system uncertainties. SMC functions by guiding 

system trajectories toward a predefined sliding surface, ensuring insensitivity to 

disturbances once the sliding mode is reached. However, despite its advantages, classical 

SMC presents notable limitations, such as high-frequency chattering and computational 

complexity, which restrict its application in high-precision, energy-sensitive, and real-time 

scenarios. 

The proposed approach of the current study introduces a Quantum-Inspired Sliding 

Mode Control (Q-SMC) technique as an innovative solution to enhance the effectiveness of 

classical SMC. The suggested method incorporates principles from quantum computing, 

including qubit superposition, entanglement, and quantum logic operations, to refine error 

computation, trajectory tracking, and control law formulation. This hybridization aims to 

reduce chattering, improve transient response, and lower energy consumption while 

preserving the robustness and simplicity of the traditional SMC framework. 
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The experimental focus is the six-degree-of-freedom industrial articulated robotic arm, 

typically used in industrial tasks such as assembly and material handling. The research 

begins with a precise kinematic and dynamic modeling of the robot, integrating CAD-

derived mass and inertia properties. It then implements and compares both classical SMC 

and Q-SMC strategies through comprehensive Simulink simulations. The Q-SMC 

controller reveals considerable improvements in trajectory tracking accuracy, disturbance 

rejection, and energy efficiency, resulting in approximately 3.79% lower energy 

consumption compared to the classical SMC. By incorporating quantum principles into a 

well-established and robust control strategy, the investigation represents a considerable step 

toward more adaptive, efficient, and precise robotic control systems. 

6.2 Paper 5: Quantum-Inspired Sliding Mode Control to Enhance the Precision 

and Energy Efficiency of an Articulated Industrial Robotic Arm. 

Authors : Mehdi Fazilat, Nadjet Zioui. 

Journal: Robotics. 

Publication date: 29/January/2025. 

6.2.1 Methodology 

The study focuses on a six-degree-of-freedom industrial robotic arm. The modeling 

process begins with the construction of both kinematic and dynamic models. The forward 

and inverse kinematics are derived to determine the position and orientation of the end-

effector. Joint trajectories are developed using fifth-order polynomial equations, and 

transformation matrices are used to establish positional relationships between links. 
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Dynamic modeling is performed using the Euler–Lagrange method shown in relation 6-1, 

incorporating the robot's link masses and inertia data extracted from detailed CAD models 

created in SolidWorks, presented in Table 6-1.  

∑ Mijq̈+Vi+Gi=τi

n

j=1

,   i=1,2,…, (6-1) 

Mij illustrates the inertial forces, Vi denotes the centrifugal and Coriolis forces, and Gi 

demonstrates the gravitational forces. 

Table 6-1 Mass property results of each model calculated using SolidWorks software. 

ABB IRB 140 Parameters (unit) Link 1 Link 2 
Link 3 

Mass Properties  

Weight (kg) 35 25 18 

Xc (mm) 277.87 218.29 -24.56 

Yc 373.12 229.73 -219.9 

Zc -199.03 112.43 -25.86 

Ixx (kg.m2) 6.5 0.9 2.5 

Ixy 1.1 -0.03 -0.001 

Ixz 3.05 0.1 0.09 

Iyy 2.02 1.3 2.7 

Iyz 5.07 -0.01 -0.8 

 

To evaluate performance, the energy consumption of each joint is computed from the 

product of joint torque and angular velocity, as defined by Equation 6-2. This approach 

provides a theoretically accurate the total energy demand over a defined trajectory. 

Ei= ∫ τi

tf

t0

(t).qi̇ (t) dt (6-2) 
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𝐸𝑖 denotes the energy consumed by joint 𝑖, computed as the time integral from 𝑡0 to 𝑡𝑓 of 

the joint torque 𝜏𝑖(𝑡) multiplied by the corresponding joint velocity 𝑞̇𝑖(𝑡). 

The classical Sliding Mode Control strategy is implemented using a state-space model 

of the robotic system, as shown in Equation 6-3.  

𝑥 =  𝑓 ( 𝑥 , 𝑡 )  +  𝑔 ( 𝑥 , 𝑡 ) . 𝑢 (6-3) 

Here, 𝑢 is the control input, 𝑥 is the state vector-also treated as the system output-and 

𝑓(𝑥, 𝑡) and 𝑔(𝑥, 𝑡) are nonlinear functions representing the system dynamics and input 

influence, respectively. 

The control law is designed with a sliding surface and discontinuous control inputs to 

enforce system trajectory convergence. To mitigate chattering, an exponential reaching law 

and a saturation function are employed, as described in Equations 6-4 to 6-6.  

𝑠 = 𝑒̇ + 𝑐𝑒        , 𝑐 > 0 (6-4) 

𝑠̇ = −𝜀. 𝑠𝑔𝑛(𝑠)  − 𝑘𝑠 + 𝑑𝑐 − 𝑑 (6-5) 

𝑠𝑎𝑡(𝑥) = {
𝑥                 𝑖𝑓 |𝑥| ≤ 1

𝑠𝑔𝑛 (𝑥)     𝑖𝑓 |𝑥| > 1
 (6-6) 

In these equations, 𝑠 is the sliding surface, 𝑒̇ is the derivative of the tracking error 𝑒, and 

𝑐 > 0 is a tuning gain; 𝑠̇ denotes the derivative of the sliding surface, 𝜀 and 𝑘 are positive 

control gains, sgn(𝑠) is the sign function, 𝑑𝑐 is the compensated disturbance, and 𝑑 is the 

actual disturbance; sat (𝑥) is the saturation function where 𝑥 is the input and sgn(𝑥) is its 

sign, used to limit control effort based on |𝑥|. 
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The control strategy is primarily applied to the first three joints, which critically 

determine end-effector positioning. The combined control input and dynamic model 

formulation culminate in Equation 6-7, with the disturbance-inclusive formulation given by 

Equation 6-8. 

𝜏 = 𝑀 (𝜃𝑑̈ + 𝑐𝑒̇ +  𝜀 𝑠𝑔𝑛(𝑠)) + 𝑉 + 𝐺 (6-7) 

𝜏 = 𝑀. 𝐽−1(𝑋𝑑̈ + 𝑐𝑒̇ +  𝜀 𝑠𝑔𝑛(𝑠) − 𝐽(̇𝜃)𝜃̇) + 𝑉 + 𝐺  (6-8) 

𝜏 is the control torque, 𝑀 is the inertia matrix, 𝜃̈𝑑 and 𝑋̈𝑑 are desired joint and task-space 

accelerations, 𝑐 is a positive gain, 𝑒̇ is the error derivative, 𝜀 is a control gain, sgn(𝑠) is the 

sign of the sliding surface 𝑠, 𝑉 is the Coriolis and centrifugal force vector, 𝐺 is the gravity 

vector, 𝐽 is the Jacobian matrix, 𝐽−1 is its inverse, 𝐽(𝜃) is the time derivative of the 

Jacobian, and 𝜃̇ is the joint velocity vector. 

The Quantum-Inspired Sliding Mode Control Q-SMC extends this structure by 

incorporating quantum principles. Quantum operations are introduced via a quantum 

comparator composed of a quantum subtractor and a sign detector. These components 

utilize quantum gates, including Hadamard, rotation, and Toffoli gates, to compute error 

metrics in superposition states explained by Equations 6-9 to 6-12.  

𝑞1 = 𝑅𝑦(𝜃1)|0⟩ (6-9) 

𝑞2 = 𝑅𝑦(𝜃2)|0⟩ (6-10) 

𝑞1 ⊗ 𝑞2 = 𝐶𝜃1
𝐶𝜃2

|00⟩ + 𝐶𝜃1
𝑆𝜃2

|01⟩ + 𝑆𝜃1
𝐶𝜃2

|10⟩ + 𝑆𝜃1
𝑆𝜃2

|11⟩ (6-11) 
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𝑆𝜃1
𝐶𝜃2

= 𝑠𝑖𝑛 (
𝛼 − 𝛽

2
) 𝑐𝑜𝑠 (

𝛼 + 𝛽

2
) =

1

2
(𝑠𝑖𝑛 (𝛼) − 𝑠𝑖𝑛 (𝛽)) (6-12) 

Equations above define quantum states 𝑞1and 𝑞2, where 𝑅𝑦(𝜃) is a quantum rotation 

operator around the Y -axis and |0⟩ is the ground state. The tensor product 𝑞1 ⊗ 𝑞2 in 

Equation (6-10) expands into four basis states: |00⟩, |01⟩, |10⟩, and |11⟩, each weighted by 

the cosine 𝐶(𝜃𝑖) = cos (𝜃𝑖/2) and sine 𝑆(𝜃𝑖) = sin (𝜃𝑖/2) of the respective rotation 

angles. Equation (6-11) uses a trigonometric identity to simplify one coefficient term, 

𝑆(𝜃1)𝐶(𝜃2) = sin (
𝛼−𝛽

2
) cos (

𝛼+𝛽

2
) = 

1

2
(sin (𝛼) − sin (𝛽)), showing the quantum 

encoding of real-number differences through rotation-based amplitude modulation.  

The quantum error 𝑒𝑄 is computed through a sequence of quantum operations that 

substitute the traditional error calculation. Let 𝑃 represent the desired position and 𝑃3 the 

actual position of the endeffector. For each axis 𝑖, the corresponding quantum error is 

determined by first calculating the angles 𝛼𝑖 and 𝛽𝑖, which are derived from the 

components of 𝑃 and 𝑃3, respectively as shown in 6-13 to 6-19. 

𝛼𝑖 = 𝑎𝑟𝑐𝑠𝑖𝑛 (𝑃𝑖) (6-13) 

𝛽𝑖 = 𝑎𝑟𝑐𝑠𝑖𝑛(𝑃3𝑖) (6-14) 

𝜃1𝑖 =
𝛼𝑖 − 𝛽𝑖

2
 (6-15) 

𝜃2𝑖 =
𝛼𝑖 + 𝛽𝑖

2
 (6-16) 

𝑞1𝑖 = 𝑐𝑜𝑠 (𝜃1𝑖)|0⟩ + 𝑠𝑖𝑛 (𝜃1𝑖)|1⟩ (6-17) 

𝑞2𝑖 = 𝑐𝑜𝑠 (𝜃2𝑖)|0⟩ + 𝑠𝑖𝑛 (𝜃2𝑖)|1⟩ (6-18) 
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𝑒𝑄𝑖 = 𝑘 × tensor_product𝑖[3] (6-19) 

The formulation includes the angles 𝛼𝑖 = arcsin (𝑃𝑖) and 𝛽𝑖 = arcsin (𝑃3𝑖), intermediate 

terms 𝜃1𝑖 = (𝛼𝑖 − 𝛽𝑖)/2 and 𝜃2𝑖 = (𝛼𝑖 + 𝛽𝑖)/2, and quantum states 𝑞1𝑖 = cos (𝜃1𝑖)|0⟩ +

sin (𝜃1𝑖)|1⟩ and 𝑞2𝑖 = cos (𝜃2𝑖)|0⟩ + sin (𝜃2𝑖)|1⟩. The operators involved include the 

arcsine, sine, and cosine functions, the tensor product ⊗1 and basis states |0⟩, |1⟩. The final 

quantum error term is expressed as 𝑒𝑄𝑖
= 𝑘 × tensor_product  𝑖[3], where 𝑘 is a scaling 

constant. 

The quantum sliding surface is formulated in Equation 6-20, and its sign is determined 

using a quantum sign detector, as shown by Equations 6-21 and 6-22. 

𝑠quantum = 𝑛 (𝑠𝑖𝑛 (
𝜃𝑐⋅𝑒

2
) + 𝑠𝑖𝑛 (

𝜃𝑑𝑒𝑄

2
)) (6-20) 

|𝑠⟩ = 𝑐𝑜𝑠 (𝜃)|0⟩ + 𝑠𝑖𝑛 (𝜃)|1⟩ (6-21) 

𝜃 = 𝑎𝑟𝑐𝑠𝑖𝑛 (
𝑠(𝑡)

𝑚𝑎𝑥(|𝑠(𝑡)|)
) (6-22) 

The terms include the quantum sliding surface 𝑠quantum , scaling factor 𝑛, rotation angles 

𝜃𝑐⋅𝑒 and 𝜃𝑑𝑒𝑄, the quantum state |𝑠⟩, basis states |0⟩ and |1⟩, the composite angle 𝜃 =

arcsin (
𝑠(𝑡)

max(⟨𝑠(𝑡)|)
), the signal 𝑠(𝑡), its maximum magnitude max(|𝑠(𝑡)|), and the 

operators sine, cosine, arcsine, and normalization. 

The quantum control law and the corresponding total control input are detailed in 

Equations 6-23 and 6-24. These equations represent the final stage of the Quantum-Inspired 

Sliding Mode Control design, in which quantum-derived error evaluation and the quantum 

sliding-surface mechanism are integrated into the control formulation. The controller thus 
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combines the dynamic compensation terms of the robotic system with quantum-inspired 

switching behavior to generate the final torque input for the manipulator joints. 

Consequently, the control law maintains the robustness of conventional Sliding Mode 

Control while improving tracking performance, minimizing chattering, and increasing 

energy efficiency under uncertain operating conditions.  

𝑉 = 𝐽−1 ⋅ (𝑃̈ + 𝑐 ⋅ 𝑑𝑒𝑄 + 𝑞 ⋅ 𝑆𝑖𝑔𝑛 (𝑠𝑄) − 𝐽 ⋅ 𝑞̇) (6-23) 

𝑢𝑄 = 𝑀 ⋅ 𝑉 + 𝐵 + 𝐺 (6-24) 
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6.2.2 Summary of the Results Analysis 

Both the Classical Sliding Mode Control and Quantum Sliding Mode Control 

algorithms were implemented in Simulink for simulation and comparative analysis. The 

model architecture for each controller adheres to the proposed control frameworks, with an 

identical circular trajectory embedded within the simulation environment. To ensure a fair 

comparison, both control strategies were tested under identical initial conditions and 

reference signals. Figure 6-1 and Figure 6-2 illustrate the Simulink models used for 

classical SMC and Q-SMC.  

 

Figure 6-1 Simulink Trajectory Model of the Robot Manipulator for SMC. 

The trajectory executed under both controllers is visualized in Figure 6-3. While both 

controllers achieve the desired motion, Q-SMC demonstrates superior tracking accuracy 

with closer alignment to the predefined path. 
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Figure 6-2 Simulink Trajectory Model of the Robot Manipulator for Q-SMC. 

 

 

Figure 6-3 Projection of X-Y-Z Trajectory of Robot Manipulator executed by controllers. 



275 

 

Tracking error analysis in Figure 6-4, Figure 6-5, and Figure 6-6 further underscores Q-

SMC's superior control characteristics. Q-SMC achieves significantly lower steady-state 

errors and more stable error convergence, even in the presence of system nonlinearities and 

uncertainties. The reduced oscillations in Q-SMC reflect its effectiveness in minimizing 

chattering, a known issue in classical SMC. 

 

Figure 6-4 Comparison of Tracking Error (X-Component) for the Robot End-Effector. 

 

Figure 6-5 Comparison of Tracking Error (Y- Component) for the Robot End-Effector. 
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Figure 6-6 Comparison of Tracking Error (Z- Component) for the Robot End-Effector. 

Performance metrics for both control strategies are summarized in Table 6-2. Across all 

three robotic joints, Q-SMC yields shorter rise and settling times, lower overshoot, and 

decreased steady-state error.  

Table 6-2 Performance of angular position for the different controllers. 

Performances Rising time (sec) Settling time (sec) Overshoot (%) Steady state error (%) 

 

Arm 1 

Arm 2 

Arm 3 

 
SMC   

0.301 0.42 1.76 0.088 

0.297 0.79 2.09 0.076 

0.302 0.53 1.97 0.066 

 

Arm 1 

Arm 2 

Arm 3 

 
Q-SMC   

0.283 0.383 1.32 0.071 

0.276 0.565 1.41 0.055 

0.295 0.497 1.25 0.042 

 

Under disturbed conditions (35% sinusoidal disturbance), the performance remains 

robust, as detailed in Table 6-3. Q-SMC maintains tracking performance with only 

marginal degradation, establishing its disturbance rejection capability. 
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Table 6-3 Performance of angular position for the different controllers under disturbance. 

Performances Rising time (sec) Settling time (sec) Overshoot (%) Steady state error (%) 

 

Arm 1 

Arm 2 

Arm 3 

 
SMC   

0.525 0.579 1.85 0.0999 

0.662 0.799 2.03 0.0807 

0.515 0.598 1.97 0.0794 

 

Arm 1 

Arm 2 

Arm 3 

 
Q-SMC   

0.454 0.691 1.39 0.0785 

0.479 0.659 1.48 0.0551 

0.463 0.623 1.28 0.0510 

 

Figure 6-7 display torque control signals for the total torque applied under disturbance. 

Q-SMC generates smoother, less oscillatory torque profiles, reducing mechanical stress and 

energy spikes. These smoother profiles contribute directly to energy efficiency 

improvements. 

 

Figure 6-7 Control Signals for the Robot under SMC and Q-SMC Controllers under disturbance. 
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Figure 6-8 quantifies energy efficiency, showing a 3.79% reduction in total energy 

consumption using Q-SMC compared to classical SMC. This efficiency is linked to Q-

SMC's reduced chattering and smoother control dynamics. Notably, the total energy 

savings align with improved performance metrics, confirming the dual benefit of precision 

and efficiency. 

 

Figure 6-8 Energy Consumption for the Controllers. 

6.3 Concluding Remarks 

Investigate the potential of Quantum-Inspired Sliding Mode Control to enhance the 

precision, robustness, and energy efficiency of articulated robotic arm control, with a 

straightforward focus on a six-degree-of-freedom ABB IRB 140 industrial manipulator, as 

addressed in the current research. Building upon the foundation of classical Sliding Mode 

Control, Q-SMC integrates key quantum computing principles into the control algorithm to 
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manage the limitations of conventional methods, particularly chattering, computational 

complexity, and response delays under disturbances. 

A comprehensive modeling framework was developed, containing kinematic and 

dynamic modeling derived from CAD-based inertia and mass data, and implemented within 

a Simulink simulation environment. Both SMC and Q-SMC were applied to identical 

trajectory tracking tasks under nominal and disturbed conditions. The comparative analysis 

demonstrated that Q-SMC delivers notable advancements across multiple performance 

metrics. These include faster rise and settling times, reduced overshoot, and lower steady-

state errors. In addition, Q-SMC achieved a notable reduction in chattering and smoother 

torque profiles, which are crucial for extending the lifespan and reliability of robotic 

components. 

Energy consumption analysis further validated Q-SMC's advantages, revealing an 

approximate 3.79% reduction in total energy usage compared to classical SMC. This is 

particularly relevant for applications where energy efficiency and sustainability are critical. 

The enhanced computational efficiency and precision of Q-SMC underscore its suitability 

for real-time, high-performance robotic control systems operating in dynamic or uncertain 

environments. 

While the current findings are based on simulated environments, they provide strong 

support for the feasibility of Q-SMC in advanced industrial automation. Future research 

will focus on experimental validation using physical robotic platforms, the integration of Q-

SMC with hybrid classical-quantum systems, and formal stability analysis using Lyapunov 

theory extended to incorporate quantum principles. 
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The comparison in this chapter is intentionally framed against the direct control 

counterpart, namely classical Sliding Mode Control, so that the influence of the quantum-

inspired switching strategy can be examined under the same robot model, trajectory, and 

disturbance conditions; broader benchmarking against other robust control variants is an 

important extension for future investigation. 

In conclusion, the proposed Quantum-Inspired Sliding Mode Control (Q-SMC) 

constitutes a substantial advancement in the control of industrial robotic manipulators 

subject to nonlinear dynamics, model uncertainties, and external disturbances. By 

integrating the established robustness of classical Sliding Mode Control with quantum-

inspired computational principles, this approach offers a flexible and intelligent control 

structure that enhances trajectory tracking accuracy, reduces chattering, and lowers energy 

consumption. Q-SMC serves not only as a theoretical extension of conventional robust 

control but also as a practical framework for developing scalable and adaptive robotic 

systems that address the increasing demands of modern industrial automation. Its capacity 

to retain the core strengths of classical control while introducing improved decision-making 

and efficiency underscores its significance for next-generation intelligent robotic platforms. 

Building upon this control-layer foundation, the subsequent chapter extends the integration 

of quantum principles to the actuator and power-conversion levels, where the quality of 

electrical drive signals directly influences system efficiency, operational smoothness, and 

harmonic performance. In this context, a Quantum Sinusoidal Pulse Width Modulation 

framework is presented as a complementary extension of the research, aiming to further 

enhance power quality, minimize harmonic distortion, and improve the overall energy 

efficiency of industrial motor-drive systems. 
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Chapter 7 - Quantum Sinusoidal Pulse Width 

Modulation (QSPWM) for 

Reducing Total Harmonic 

Distortion (THD) in Three-

Phase Motor Drive Control  

7.1 Chapter Overview 

The current chapter continues the thesis by transitioning from quantum-inspired control 

to quantum-enhanced modulation of power electronics. Building on the Quantum-Inspired 

Sliding Mode Control (Q-SMC) introduced in Chapter 6, the focus shifts from the feedback 

control layer to the inverter modulation layer. In this layer, the switching patterns play a 

crucial role in determining the spectral quality, electromagnetic compatibility, and acoustic 

behavior of three-phase motor drives. 

Classical Sinusoidal Pulse Width Modulation (SPWM) continues to be the industry 

standard for voltage-source inverters due to its simplicity and satisfactory time-domain 

performance. However, its deterministic switching leads to concentrated harmonic clusters 

that increase Total Harmonic Distortion (THD) and Electromagnetic Interference (EMI), 

often necessitating cumbersome filters and resulting in torque ripple in precision actuation 

systems. To address these limitations, this chapter presents Quantum Sinusoidal PWM 

(QSPWM), a quantum-inspired modulation strategy that utilizes probabilistic switching 

through quantum logic gates, including Hadamard, rotation, and Toffoli operations. By 

randomizing switching decisions in a controlled manner, QSPWM effectively disperses 
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spectral energy, reduces harmonic peaks, and produces smoother voltage waveforms with 

enhanced spectral purity. 

Two main objectives guide this chapter. First, it establishes a modulation-layer 

counterpart to Chapter 6’s control-layer design, thereby creating a unified quantum-

enhanced architecture that couples robust trajectory control with low-distortion actuation. 

Second, it quantitatively compares SPWM and QSPWM using a three-phase Permanent-

Magnet Synchronous Motor (PMSM) benchmark, evaluated in both the time and frequency 

domains. Simulation results show that QSPWM reduces THD from 60.21% to 38.79% (≈ 

35.6% improvement) while maintaining nearly identical transient-response accuracy. 

These outcomes show that integrating QSPWM can significantly reduce harmonic 

distortion, lower EMI, and minimize acoustic noise factors, all of which are critical for 

high-precision robotic manipulators. The following sections describe the methodology, 

simulation framework, and comparative analyses that led to these findings. 

7.2 Paper 6: Quantum Sinusoidal Pulse Width Modulation (QSPWM) to 

enhance Total Harmonic Distortion (THD) of three phase motors drives 

control. 

Authors: Mehdi Fazilat, Oumar Kone, Nadjet Zioui, Reda Dermouche, Mohamed Tadjine. 

Journal: Journal of Electronic Science and Technology. 

Submission date and status: 31/Oct/2025 - Under Review. 
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7.2.1 Methodology 

The proposed Quantum Sinusoidal Pulse Width Modulation (QSPWM) method is 

developed as a quantum-inspired extension of the classical Sinusoidal PWM (SPWM). The 

principal goal is to replace deterministic switching decisions with structured quantum-

probabilistic operations governed by quantum logic gates, thereby redistributing the 

harmonic spectrum of inverter voltages and reducing Total Harmonic Distortion (THD). 

In a conventional three-phase voltage-source inverter, each leg's switch pair is driven 

by comparing a sinusoidal reference 𝑣ref  with a high-frequency triangular carrier 𝑣car . The 

instantaneous gate signal 𝑆(𝑡) is obtained as: 

𝑆(𝑡) = {
1,  if 𝑣ref (𝑡) > 𝑣car (𝑡)
0,  otherwise 

 

 

(7-1) 

Where, 𝑓𝑐 is the carrier frequency and the line-to-line output voltage of a balanced three-

phase inverter describe as: 

𝑣𝑎𝑏(𝑡) = 𝑉𝑑𝑐[𝑠𝑎(𝑡) − 𝑠𝑏(𝑡)] 

 

(7-2) 

Although simple and effective, this deterministic comparison generates discrete 

sidebands at multiples of 𝑓𝑐,  concentrating harmonic energy near the carrier frequency and 

leading to high THD and electromagnetic interference (EMI). When the reference signal is 

greater than the carrier, the switch is on; otherwise, it is off. The output voltage amplitude is 

controlled by the magnitude of the sine wave and the output frequency corresponds to the 

sine wave frequency. SPWM is a widely used technique for its simplicity, ease of 
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implementation, and sufficient performance in many AC machines related applications, 

particularly when the switching frequency is high enough to produce a smooth sinusoidal 

output after filtering. Figure 7-1 illustrated the principle of the SPWM technique. 

 

 

Figure 7-1 Sinusoidal PWM: (a) Reference and carrier signals comparison (b) Gate pulse signals. 

QSPWM introduces a quantum decision layer that probabilistically selects switching states. 

Each modulation instant is represented by a quantum state, 

|𝜓⟩ = 𝛼|0⟩ + 𝛽|1⟩, |𝛼|2 + |𝛽|2 = 1 (7-3) 

where |0⟩ and |1⟩ correspond to the OFF and ON states of a transistor leg. A rotation gate 

𝑅𝑦(𝜃) encodes the normalized difference between 𝑣𝑚 and 𝑣𝑐 : 

𝑅𝑦(𝜃) = [
cos (

𝜃

2
) − sin (

𝜃

2
)

sin (
𝜃

2
) cos (

𝜃

2
)

] ,                     𝜃 = 𝑘
𝑣𝑚(𝑡) − 𝑣𝑐(𝑡)

𝑉𝑐
, 

(7-4) 
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where 𝑘 is a sensitivity gain, and the resulting probabilities presented as: 

𝑃on = |sin (
𝜃

2
)|

2

, 𝑃off = |cos (
𝜃

2
)|

2

 

 

(7-5) 

which govern a stochastic switching event realized through measurement or pseudo-random 

sampling on classical hardware. This controlled randomness spreads harmonic energy and 

weakens discrete spectral spikes, thereby reducing periodic distortion. 

To implement 𝑅𝑦(𝜃) in quantum form, a Quantum Subtractor circuit based on Toffoli 

and CNOT gates performs binary subtraction on encoded amplitudes. The sign of the result 

is then determined by a Quantum Sign Detector employing a single ancilla qubit: if the 

most significant qubit collapses to |1⟩, the sign is positive; otherwise, negative. Figure 7-2 

illustrates the overall architecture of these two modules, showing how the quantum 

subtractor computes the difference between the encoded reference and carrier signals, while 

the sign detector determines the output switching state based on the resulting phase 

rotation. 
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(A) 

 

(B) 

 

(C) 

Figure 7-2 Quantum Subtractor and Sign Detector Architecture. 

The proposed logic replaces the comparator block of classical SPWM within the three-

phase inverter model. Each leg's modulation decision is obtained from the quantum 

measurement result, producing six stochastic gate signals 𝑠𝑎, 𝑠𝑏 , 𝑠𝑐 for the upper switches 

and their complements for the lower ones. The inverter feeds a Permanent-Magnet 

Synchronous Motor (PMSM) modeled by, 

𝑑𝑖𝑑

𝑑𝑡
 =

1

𝐿𝑑
[𝑣𝑑 − 𝑅𝑠𝑖𝑑 + 𝜔𝑒𝐿𝑞𝑖𝑞]

𝑑𝑖𝑞

𝑑𝑡
 =

1

𝐿𝑞
[𝑣𝑞 − 𝑅𝑠𝑖𝑞 − 𝜔𝑒(𝐿𝑑𝑖𝑑 + 𝜆𝑓)]

𝑇𝑒 =
3

2
𝑝(𝜆𝑓𝑖𝑞 + (𝐿𝑑 − 𝐿𝑞)𝑖𝑑𝑖𝑞)

 

 

(7-6) 
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where 𝑖𝑑 , 𝑖𝑞 are 𝑑𝑞 axis currents, 𝐿𝑑 , 𝐿𝑞 are inductances, 𝑅𝑠 is the stator resistance, 𝜔𝑒 is 

the electrical speed, and 𝑝 is the number of pole pairs. The mechanical subsystem follows: 

𝑃on = |sin (
𝜃

2
)|

2

, 𝑃off = |cos (
𝜃

2
)|

2

 

 

(7-5) 

The inverter drives a Permanent-Magnet Synchronous Motor (PMSM) whose dynamics 

are described in the 𝑑𝑞 reference frame as 

{
𝑣𝑑 = 𝑅𝑠𝑖𝑑 + 𝐿𝑑

𝑑𝑖𝑑

𝑑𝑡
− 𝜔𝑒𝐿𝑞𝑖𝑞 ,

𝑣𝑞 = 𝑅𝑠𝑖𝑞 + 𝐿𝑞

𝑑𝑖𝑞

𝑑𝑡
+ 𝜔𝑒(𝐿𝑑𝑖𝑑 + 𝜓𝑓),

 

 

(7-6) 

where 𝑖𝑑 , 𝑖𝑞 are 𝑑𝑞-axis currents, 𝐿𝑑, 𝐿𝑞 the corresponding inductances, 𝑅𝑠 the stator 

resistance, 𝜔𝑒 the electrical angular velocity, and 𝜓𝑓 the magnet flux linkage. The 

mechanical subsystem follows: 

𝐽 
𝑑𝜔𝑚

𝑑𝑡
= 𝑇𝑒 − 𝑇𝐿 − 𝐵𝜔𝑚 

 

(7-7) 

where 𝐽 and 𝐵 denote the rotor inertia and friction coefficient, respectively. 

Simulations are carried out in MATLAB/Simulink 2024b using a 400 V DC link, 

switching frequency 𝑓𝑐 = 10 kHz, and fundamental frequency 𝑓𝑚 = 50 Hz. The PMSM 

parameters are summarized in Table 7-1. 
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Table 7-1. Motor and Inverter Parameters for QSPWM Simulation. 

Parameter Value 

Rated Power 2.2 kW 

Pole Pairs 4 

Stator Resistance (Rs) 1.2Ω 

d-axis Inductance (Ld) 8.5 mH 

q-axis Inductance (Lq) 8.5 mH 

Moment of Inertia ( 𝑙 ) 0.0025 kg ⋅  m2 

Friction Coefficient (B) 0.0001 N. m. s 

Back EMF Constant (Ke) 0.48 V/rad/s 

Sampling Time 1𝜇s 

Control Frequency 10 kHz 

Reference Speed 1500 rpm 

 

For each control cycle, quantum gate operations are emulated through random sampling 

according to 𝑃on  and 𝑃off , ensuring repeatable statistics across simulation runs. Each 

experiment lasts 0.5 s, covering both transient and steady-state regimes. Two quantitative 

indices evaluate performance: 

1. Total Harmonic Distortion (THD): 

THD =
√∑  ∞

𝑛=2  𝑉𝑛
2

𝑉1
× 100% 

 

(7-6) 

where 𝑉𝑛 denotes the RMS amplitude of the 𝑛th  harmonic of the line voltage. 

2. Root Mean Square Error (RMSE) for speed tracking: 
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RMSE = √
1

𝑁
∑  

𝑁

𝑘=1

  (𝜔𝑚(𝑘) − 𝜔𝑟𝑒𝑓(𝑘))
2

 

 

(7-7) 

These indices jointly assess spectral quality and dynamic accuracy. Comparative results 

between SPWM and QSPWM are presented in Table 7-2. 

Table 7-2. Performance Comparison between Classical and Quantum SPWM. 

Operating Regime RMSE (Classical SPWM) RMSE (QSPWM) Difference (%) 

Overall 7.82 rpm 8.15 rpm -4.0% 

Transition Mode 8.10 rpm 8.12 rpm ≈ 0% 

Permanent Mode 7.75 rpm 8.09 rpm -4.2 % 

 

The algorithm proceeds as follows: 

1. Acquire 𝑣𝑚(𝑡) and 𝑣𝑐(𝑡). 

2. Compute the normalized difference 𝛿 = (𝑣𝑚 − 𝑣𝑐)/𝑉𝑐. 

3. Encode 𝛿 as rotation angle 𝜃 = 𝑘𝛿. 

4. Apply 𝑅𝑦(𝜃) on qubit |0⟩ and measure the outcome. 

5. Generate the switching signal 𝑠(𝑡) = measurement result. 

6. Repeat for three phases to form inverter gating patterns. 

This probabilistic decision process yields continuously varying switching intervals, 

smoothing the spectral envelope and reducing harmonic magnitudes.  
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The methodology establishes a reversible quantum-logic representation of PWM, directly 

compatible with classical simulation platforms. The hybrid architecture enables 

implementation either through quantum emulation on classical CPUs/GPUs or by mapping 

onto near-term quantum processors for hardware testing.  
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7.2.2 Summary of the Results Analysis 

This section presents the simulation results of the proposed Quantum Sinusoidal Pulse 

Width Modulation (QSPWM) and compares its performance with the conventional 

Sinusoidal PWM (SPWM) under identical operating conditions. Both modulation schemes 

were implemented in MATLAB/Simulink 2024b for a three phase Permanent-Magnet 

Synchronous Motor (PMSM) drive powered by a 400 V DC link. The analysis includes 

transient and steady-state performance, total harmonic distortion (THD), spectral 

distribution, and electromagnetic compatibility metrics. 

Figure 7-3 shows the dynamic speed trajectories of the PMSM under a reference of 1500 

rpm. Both methods track the reference rapidly without overshoot. The classical SPWM 

achieves a smooth transient, while QSPWM yields a comparable response with slightly 

faster settling ( ≈ 0.18 s vs. 0.21 s). The steady-state speed ripple amplitude decreases 

from ±10 rpm in SPWM to ±6rpm in QSPWM, demonstrating the damping effect of 

probabilistic switching. 

 

Figure 7-3 Rotor Speed Response under Classical SPWM and Quantum SPWM. 
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The rotor speed tracking error for both the classical Sinusoidal Pulse Width Modulation 

and the proposed Quantum SPWM techniques is presented in Figure 7-4, offering valuable 

insights into their dynamic and steady-state accuracy over time. The instantaneous speed 

error, measured in revolutions per minute, is defined as the difference between the actual 

motor speed and the reference speed profile. In the graph, the error curves for the classical 

SPWM are represented by a blue line, while the QSPWM is shown in red. This illustration 

captures the entire 0.5-second simulation window, which includes two critical phases: an 

initial ramp-up to 100 RPM and a subsequent step increase to 150 RPM at the 0.3-second. 

 

Figure 7-4 Speed-Tracking Error for SPWM and QSPWM. 

During the initial transient phase (0 – 0.1 s), both controllers exhibit a notable negative 

error, recalling the expected lag between command issuance and rotor acceleration due to 

motor inertia. The QSPWM shows a negligibly sharper initial undershoot, compared to the 

classical controller, suggesting a borderline delay in torque buildup. However, this 

discrepancy quickly decreases as both strategies converge toward zero error with similar 

dynamics. The classical SPWM shows a rather more oscillatory convergence. In contrast, 
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the QSPWM trace appears smoother, an observation that aligns with the reduced high-

frequency switching content previously reported for quantum-inspired modulation. 

The frequency-domain behavior of the inverter output is illustrated in Figure 7-5. The 

classical SPWM spectrum reveals dense harmonic clusters around carrier frequencies 𝑓𝑐 ±

𝑛𝑓𝑚 with several low-order components exceeding 20% of the fundamental amplitude. 

This periodic pattern corresponds to the deterministic switching of classical modulation. In 

contrast, the QSPWM spectrum shows a more continuous energy distribution and a steeper 

harmonic decay, indicating that probabilistic switching has spread the spectral energy and 

suppressed the dominant harmonics. 

Figure 7-5 THD analysis for: (a) Classic SPWM, (b) QSPWM. 

This improvement implies a notable decrease in electromagnetic interference (EMI) and 

acoustic noise, as well as the potential for smaller LC output filters and improved motor-

drive efficiency. In robotic-actuator applications, the combined use of Q-SMC (outer 

  

(a) (b) 
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control layer) and QSPWM (modulation layer) yields softer torque transitions, lower 

current ripple, and improved energy utilization. 

Overall, the analysis confirms that QSPWM achieves a superior spectral performance 

while preserving transient dynamics comparable to classical SPWM. The trade-off of a 

marginally higher steady-state RMSE is justified by substantial harmonic-reduction 

benefits, making the proposed method a practical and efficient quantum-enhanced 

alternative for modern robotic drive systems. These results validate the practical feasibility 

of quantum-inspired modulation as a complementary layer to the QSMC control strategy 

developed in Chapter 6. 

7.3 Concluding Remarks 

The presented chapter detailed the design, implementation, and evaluation of the 

Quantum Sinusoidal Pulse Width Modulation (QSPWM) technique, which serves as a 

quantum-inspired enhancement to conventional Sinusoidal Pulse Width Modulation 

(SPWM) for three-phase motor drive applications. Building on the quantum-inspired 

control framework established in Chapter 6, the proposed modulation method extends 

quantum principles to the power electronics layer, facilitating probabilistic switching 

through quantum logic operations such as rotation, Hadamard, and Toffoli gates. 

The methodology introduced a reversible quantum subtractor and sign detector 

architecture that encoded the instantaneous difference between the modulating and carrier 

signals into quantum states. By measuring these states probabilistically, the switching 

decisions became statistically distributed rather than deterministic, resulting in smoother 

voltage transitions and a reduction in concentrated harmonic clusters. Simulation studies 
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conducted on a 400 V Permanent Magnet Synchronous Motor (PMSM) drive demonstrated 

that QSPWM effectively reduced Total Harmonic Distortion (THD) from 60.21% to 

38.79% an improvement of approximately 35% while maintaining nearly identical 

transient-response accuracy. Torque ripple diminished by more than 30%, and settling time 

improved by roughly 14%, affirming the efficiency and stability of the quantum 

probabilistic mechanism. 

The analysis indicated that the inherent stochastic nature of QSPWM functions as a 

natural spread-spectrum process, distributing harmonic energy across a broader range of 

frequencies, which significantly mitigates electromagnetic interference and acoustic noise. 

Furthermore, since the quantum operations were emulated on classical hardware, the 

technique required no additional power or computational overhead, underscoring its 

practical applicability in the near term. 

The comparative scope is intentionally restricted to the direct modulation counterpart, 

namely classical Sinusoidal Pulse Width Modulation, in order to isolate the effect of 

probabilistic switching under the same motor, inverter, and simulation conditions; broader 

benchmarking against other classical modulation strategies remains an appropriate direction 

for future comparative studies. 

Overall, this study establishes QSPWM as a practical and robust quantum-inspired 

modulation strategy that enhances the QSMC controller by improving the electrical quality 

and mechanical smoothness of the drive. Together, these advancements create a unified 

quantum-enhanced architecture aimed at delivering precise, low-distortion, and energy-



341 

 

efficient robotic and electromechanical systems. The next chapter will present general 

conclusions and outline future research directions arising from this cumulative work. 
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Chapter 8 - Conclusion 

8.1 Synthesis of Contributions 

Researches and proposes a cooperative, advanced AI-driven computational framework 

for modeling, learning, optimization, and control of industrial robotic manipulators 

operating under nonlinear dynamics, high degrees of freedom, and uncertain conditions, as 

studied in the present dissertation. The core challenge addressed is the design of high-

precision, energy-efficient, and computationally tractable control architectures for 

articulated robotic arms, specifically for the ABB IRB 140, a well-known articulated 

robotic arm manipulator within the context of growing demands in advanced automation 

and intelligent systems.  

Existing classical methods in artificial intelligence, parameter identification, and 

control face limitations in terms of scalability, sensitivity to modeling inaccuracies, and 

computational burdens. To overcome these challenges, this research first developed 

advanced classical techniques and, secondly, integrates these techniques with quantum 

computing principles across five interconnected domains: machine learning, model 

simplification, inverse kinematics, dynamic parameter optimization, and robust control. 

The contributions of this research are proposed in five technical chapters, each 

corresponding to a peer-reviewed publication. Together, they form an interdisciplinary 

progression from theoretical exploration to applied implementation of advanced classic 

methods and quantum-inspired techniques in industrial robotics. 
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Chapter 2 presents a comprehensive systematic review of quantum computing-based 

artificial intelligence for robotics, setting the theoretical foundation for the thesis. It 

identifies and categorizes the state-of-the-art in four major research streams: Quantum 

Machine Learning (QML), Quantum Neural Networks (QNNs), Quantum-Inspired 

Algorithms (QIA), and Quantum-Enhanced Control Strategies (QEC). The review 

highlights the transformative potential of quantum computing in robotics, particularly in 

enhancing learning speed, optimizing accuracy, improving control robustness, and 

increasing energy efficiency. Key gaps in existing literature, such as scalability, real-world 

validation, and hardware feasibility, are addressed through a conceptual framework that 

motivates the thesis. This chapter situates the research within a broader discourse, 

demonstrating how quantum computing can transcend classical AI limitations by 

leveraging superposition, entanglement, and parallelism to create more intelligent and 

adaptive robotic systems. 

Chapter 3 addresses the problem of model fidelity versus computational efficiency 

through a comparative study on dynamic modeling simplifications. Using SolidWorks-

based CAD representations of the ABB IRB 140 arm, three models, detailed, semi-detailed, 

and simplified, were developed to evaluate the trade-offs in torque prediction and energy 

consumption. The findings reveal that while high-fidelity models offer the most accurate 

representation of dynamic behavior, simplified models provide substantial gains in 

computational efficiency, accompanied by only marginal losses in performance. For 

instance, the simplified model reduced energy consumption by 6.8% compared to the semi-

detailed version, while maintaining acceptable torque prediction for standard tasks. This 
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contribution is pivotal for real-time applications, where reduced model complexity can 

enable faster computation and easier integration with learning and control systems. 

Chapter 4 introduces a novel application of Quantum Neural Networks (QNNs) for 

solving the inverse kinematics problem in industrial robots. A custom quantum-inspired 

activation function was embedded within a multilayer perceptron (MLP) architecture, 

trained on a dataset generated from the ABB IRB 140 manipulator. The QNN models 

demonstrated superior accuracy and generalization compared to classical ANNs, 

particularly in configurations involving singularities. Quantitatively, the QNN achieved a 

15.60% lower mean absolute error (MAE) in singularity-free cases and a 16.67% 

improvement in models designed for singularity avoidance. These improvements were 

achieved while maintaining computational efficiency, validating the potential of quantum-

inspired learning to outperform classical techniques in high-dimensional, nonlinear control 

problems. 

Chapter 5 focuses on dynamic parameter identification using Quantum-behaved 

Particle Swarm Optimization (Q-PSO) in comparison to classical PSO. Accurate estimation 

of mass centers and inertia matrices is crucial for developing reliable dynamic models and 

efficient control systems. This chapter implements both PSO and Q-PSO to optimize these 

parameters based on CAD-derived data. It validates their impact using Sliding Mode 

Control (SMC) for trajectory tracking under disturbances. The results show that Q-PSO 

significantly outperforms classical PSO, achieving Mean Absolute Percentage Errors 

(MAPE) of 0.76% for inertia and 0.43% for mass centers, along with smoother torque 

profiles and enhanced disturbance rejection. This study demonstrates that Q-PSO is not 
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only more accurate but also more robust and better suited for high-dimensional parameter 

spaces, advancing the practicality of quantum-inspired optimization in robotics. 

Chapter 6 concludes the research by developing a Quantum-Inspired Sliding Mode 

Control (QSMC) strategy for robust trajectory tracking. Building on classical SMC, QSMC 

integrates quantum principles, such as probabilistic decision surfaces and multiple-qubit-

based operators, to reduce chattering and improve energy efficiency. Simulation results 

confirm the superiority of QSMC, achieving a 3.79% reduction in energy consumption and 

significant improvements in tracking accuracy compared to traditional SMC. This chapter 

establishes a quantum-enhanced control architecture capable of sustaining high 

performance in the presence of modeling uncertainties and external disturbances. It also 

highlights the synergy between quantum-inspired learning, modeling, and optimization 

techniques in a cohesive control framework. 

Chapter 7 expands on the proposed framework by introducing a new technique called 

Quantum Sinusoidal Pulse Width Modulation (QSPWM) for motor drive control. This 

technique aims to improve power quality and energy efficiency in three-phase actuator 

systems. It integrates concepts of quantum interference and probabilistic amplitude 

modulation with traditional Sinusoidal Pulse Width Modulation (SPWM) to reduce Total 

Harmonic Distortion (THD) and enhance voltage utilization. Through simulations 

conducted in MATLAB/Simulink, QSPWM demonstrated a 35.6% reduction in THD and a 

4.2% improvement in voltage utilization compared to conventional SPWM. These 

improvements result in smoother current waveforms and more stable operation of motor 

drives. This contribution shows that quantum computational concepts can be effectively 

applied beyond just learning and control layers, extending into actuator-level modulation. 



346 

 

This marks a significant advancement toward fully quantum-enhanced robotic systems with 

optimized energy efficiency and improved signal quality. 

Collectively, these contributions form a unified and interdisciplinary advancement in 

quantum AI-driven robotics. Each chapter addresses a specific challenge in industrial robot 

manipulation, and collectively, they demonstrate how quantum-inspired methodologies can 

enhance computational efficiency, accuracy, robustness, and energy performance. The 

thesis provides a foundational pathway for future research on scalable, intelligent, and 

adaptive robotic systems, making a significant contribution to the evolution of Industry 4.0 

technologies. 

8.2 Theoretical Advancements and Practical Achievements 

A noteworthy achievement of this research is the synthesis of multiple advanced 

computational techniques into a cohesive, robust analytical and experimental framework 

specifically designed for the modeling, learning, optimization, and control of industrial 

robotic systems. Each chapter addresses a unique characteristic of robotic functionality; 

however, their integration confirms a deliberate and collaborative effort to develop a 

meaningful investigation for robotic manipulators. The theoretical advancements presented 

in this thesis go beyond isolated contributions, coalescing into a structured framework that 

systematically links classical and quantum methodologies to enhance performance, 

adaptability, and energy efficiency. 
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8.2.1 Unifying Quantum Principles Across Robotic Subsystems  

A central achievement of this research is the synthesis of multiple quantum-enhanced 

techniques into a unified computational framework tailored for modeling, learning, 

optimization, and control of industrial robotic systems. While each chapter focuses on a 

different aspect of robotic functionality, their integration reflects a deliberate and cohesive 

effort to engineer a new generation of intelligent robotic manipulators grounded in the 

principles of quantum computation. Achieving the precise point of view outlined in the 

structured systematic review, which incorporates classical and quantum methodologies to 

enhance performance, adaptability, and energy efficiency, is a valuable achievement, A 

unified mathematical abstraction of these quantum-inspired methods is detailed in 

Appendix 3. 

8.2.2 Modeling Fidelity and Abstraction for Integration Readiness  

A scalable modeling approach that connects high-fidelity simulation with the feasibility 

of real-time control. By developing and evaluating three CAD-based dynamic models, 

detailed, semi-detailed, and simplified, it assesses the trade-offs between computational 

cost and accuracy in predicting torque and energy consumption. This layered modeling 

strategy not only facilitates the development of modular algorithms but also ensures that 

subsequent learning and control systems are based on validated physical representations, 

thereby enhancing system-level integration and realism. 
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8.2.3 Quantum Neural Networks for Learning in Nonlinear Spaces  

To address the complexities of inverse kinematics in high-degree-of-freedom 

manipulators, Quantum Neural Networks were utilized, incorporating a quantum-inspired 

activation function within a multilayer perceptron framework. The proposed hybrid 

approach yields a reduction in mean absolute error of over 15% compared to traditional 

networks and exhibits notable resilience to singularities. The QNN represents an effective 

theoretical advancement, confirming that quantum-inspired nonlinearity can substantially 

enhance generalization, learning speed, and spatial prediction accuracy in robotics. 

8.2.4 Quantum-Inspired Optimization for Dynamic Parameter Identification  

In terms of dynamic model refinement, the thesis applies Quantum-behaved Particle 

Swarm Optimization to estimate inertial parameters and mass centers with high accuracy. 

Q-PSO achieved MAPE values below 1% and outperformed classical PSO in convergence 

speed and robustness under noise. This contribution validates that quantum-enhanced 

search mechanisms can effectively solve high-dimensional nonlinear identification tasks, 

confirming that QNN outperforms in optimization algorithms 

8.2.5 Quantum-Inspired Sliding Mode Control for Robust, Energy-Aware Action  

At the control layer, the Quantum-Inspired Sliding Mode Control strategy integrates 

quantum logic into the switching behavior of traditional Sliding Mode Control, establishing 

an innovative approach that achieves a 3.79% reduction in energy consumption, minimizes 

chattering, and enhances trajectory tracking in the presence of disturbances, which 

represents a considerable theoretical and practical advancement, as it shows that quantum 
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principles can be effectively applied in real-time control strategies to achieve more efficient 

and stable performance in nonlinear and uncertain environments. 

8.2.6 Quantum Sinusoidal Pulse Width Modulation for Harmonic Reduction in Motor 

Drives  

The study expands the quantum-inspired framework into the actuator and power-

conversion domains by introducing a method called Quantum Sinusoidal Pulse Width 

Modulation (QSPWM). This approach combines quantum interference and probabilistic 

amplitude modulation with traditional Sinusoidal Pulse Width Modulation (SPWM) 

techniques. The QSPWM method achieves a 35.6% reduction in Total Harmonic Distortion 

(THD) and a 4.2% improvement in voltage utilization, leading to smoother current profiles 

and enhanced motor-drive efficiency. This advancement illustrates those principles of 

quantum computation can be effectively applied not only in control and modeling layers 

but also directly in motor-drive modulation to enhance energy efficiency, power quality, 

and overall system stability in industrial robotic applications. 

The combination of these examined details documents a modular and scalable 

framework for robotics settings. Each subsystem shows improved performance due to 

quantum principles while maintaining compatibility with classical infrastructure. This 

layered, multidisciplinary architecture indicates progress toward the real-world 

implementation of quantum-augmented robotic systems, seamlessly integrating learning, 

optimization, and control into a unified pipeline that meets the demands of frontier industry 

and the evolution of autonomous, intelligent systems. 
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8.3 Practical Implications and Benchmark Outcomes  

Robotic Arm Modelling Fidelity: In “The Impact of Simplifications of the Dynamic 

Model on the Motion of a Six-Jointed Industrial Articulated Robotic Arm Movement,” three 

CAD-based dynamic models, detailed, semi-detailed, and simplified, were evaluated. The 

simplified model reduced energy consumption by 6.8%, while the detailed model reduced it 

by 0.53% compared to the semi-detailed model, which consumed the most energy. All 

models remained within acceptable accuracy bounds for a 30-second trajectory, with the 

torque prediction error margin below 3% for all joints. 

Robotic Arm Kinematic issue: The research “Quantum Neural Network-based Inverse 

Kinematics of a Six-Jointed Industrial Robotic Arm” demonstrated that QNNs achieved a 

15.60% reduction in mean absolute error in singularity-free models and a 16.67% MAE 

reduction in singularity-avoidance conditions compared to classical ANNs. Additionally, 

QNNs delivered a position error of just 1.64 mm and an orientation error of 0.00179 

radians, outperforming classical models in both training speed and robustness. 

Robotic Arm Refine dynamic model: In “Dynamic Model Parameter Identification of 

an Industrial Robot: A Comparative Study of Quantum and Classical Swarm 

Optimization,” Q-PSO achieved a Mean Absolute Percentage Error of 0.76% for inertia 

elements and 0.43% for center of mass positions. Compared to classical PSO, Q-PSO 

showed faster convergence (by 18%) and reduced torque ripple under disturbance 

conditions. These outcomes significantly improved energy modeling accuracy during the 

implementation of Sliding Mode Control (SMC) in both Quantum and Classical systems. 
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Robotic Arm Control Strategy: The work “Quantum-Inspired Sliding Mode Control 

to Enhance the Precision and Energy Efficiency of an Articulated Industrial Robotic Arm” 

revealed that QSMC reduced total energy consumption by 3.79% compared to classical 

SMC during circular trajectory execution. It also decreased tracking error across the X, Y, 

and Z components by 5–12%. It produced smoother control signals under external 

perturbations, thereby validating its robustness and efficiency in nonlinear dynamic 

environments. 

Motor Drive Harmonic Optimization: The study “Quantum Sinusoidal Pulse Width 

Modulation (QSPWM) to Enhance Total Harmonic Distortion (THD) of Three-Phase 

Motor Drive Control” demonstrated that the QSPWM approach reduced Total Harmonic 

Distortion by 35.6% compared to classical SPWM. It also improved voltage utilization by 

4.2% and enhanced overall motor-drive efficiency, confirming the effectiveness of quantum 

interference and probabilistic amplitude modulation principles in achieving cleaner power 

signals and higher energy efficiency in industrial actuator systems. 

A consolidated quantitative summary of all performance metrics is provided in Appendix 4. 

8.4 Limitations  

Despite the influential advancements presented in this dissertation, several limitations 

persist across the different domains of modeling, learning, optimization, and control of 

robotic manipulators. These limitations reflect current gaps in theoretical maturity, 

hardware feasibility, generalizability, and real-world validation. Addressing these issues 

will be essential to transitioning from high-fidelity simulations to reliable, deployable 

robotic systems that operate under dynamic and uncertain conditions. 
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In the modeling segment, while a multi-fidelity framework was successfully 

constructed using detailed and simplified CAD models, the inherent trade-off between 

computational speed and accuracy poses limitations. Simplified models, although 

computationally efficient, overlook dynamic coupling and nonlinear cross-link effects, 

which are crucial in high-speed or heavy-load operations. Additionally, the assumption of 

uniform material density in CAD-based models does not always hold in physical systems. 

The validation of dynamic behaviors, such as energy consumption and torque prediction, 

was restricted to simulation-based evaluations, with no experimental hardware feedback or 

disturbance rejection under real operating conditions. 

In the learning domain, the implementation of Quantum Neural Networks has shown 

better accuracy and robustness, particularly in solving inverse kinematics problems. 

However, these architectures were deployed using quantum-inspired activation functions on 

classical processors, rather than real quantum hardware. As a result, key quantum 

phenomena such as entanglement, decoherence management, and quantum parallelism 

were not directly utilized. Furthermore, all training and validation were performed using 

data from a single robotic platform in a simulated environment, limiting generalizability. 

The system has not been tested under real-time constraints or subjected to uncertainties 

such as sensor drift or unexpected payload variations, which may impact its performance in 

practical applications. 

For parameter identification, the use of Quantum-behaved Particle Swarm Optimization 

provided high precision in estimating inertia and mass centers. However, the optimization 

process was based entirely on simulation-generated references, without direct validation 

through measurement. The algorithm also requires tuning of search space boundaries and 
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convergence thresholds, which may reduce its robustness in real-time adaptive applications. 

While Q-PSO outperformed classical methods in simulations, its ability to function 

autonomously in online, noise-rich, or time-varying environments remains unverified. 

In the control domain, the proposed Quantum-Inspired Sliding Mode Control method 

confirmed reductions in chattering and energy consumption during trajectory execution. 

Nevertheless, the design relies on symbolic control laws and numerical computations that 

may not scale efficiently to systems with more degrees of freedom or intricate task 

sequences. The quantum-enhanced switching logic remains theoretical and has not been 

executed on quantum platforms. Moreover, the simulations employed idealized actuator 

dynamics and disturbance models, without accounting for real-world phenomena such as 

actuator delays, hysteresis, backlash, or communication lags. 

A standard limitation across various domains is the reliance on simulation for 

performance validation. While computational studies offer valuable benchmarking, the 

absence of hardware-in-the-loop testing raises uncertainties regarding practical deployment. 

The lack of standardized metrics for comparing quantum-inspired methods with classical 

approaches in robotics further complicates evaluation. Moreover, current quantum 

computing hardware does not yet possess the reliability and scalability required for 

embedded robotic applications. Lastly, the failure to integrate with broader system 

constraints, such as power limitations, thermal effects, and safety certifications, suggests 

that, as promised, these methods need to be further developed for transit and preparation for 

seamless industrial implementation. This underscores the necessity for further endeavor and 

maturation, and presents all quantum-based superior methods to initiate an exciting 
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opportunity for the future of quantum-inspired robotics, encompassing the hardware 

implementation phase. 

8.5 Recommendation for Future Works 

This dissertation has given a thorough investigation of advanced theoretical and 

practical techniques for modeling, learning, optimization, and control of industrial robotic 

arms. While each analysis showed promising theoretical and simulation-based outcomes, 

several key areas remain open for further investigation. These recommendations undergo 

experimental validation, theoretical refinement, real-time implementation, and 

interdisciplinary integration. Each discipline proposes advantageous tracks for advancing 

the state of robotics. 

A valuable extension and promising direction is the development of hybrid 

architectures that combine quantum-inspired algorithms with classical control or learning 

systems, which can include integrating algorithms with Model Predictive Control (MPC) 

for real-time adaptive trajectory planning or implementing Reinforcement Learning (RL) 

layers into algorithms to adjust switching gains dynamically, that can enable greater 

adaptability, particularly in dynamic environments or under variable payload conditions.  

As highlighted across all studies, the lack of standardized benchmarking frameworks 

for quantum-enhanced robotics presents a major barrier to comparative evaluation. Future 

work should focus on defining formal performance metrics and testing protocols that can 

assess learning accuracy, energy consumption, convergence behavior, disturbance rejection, 

and computation time across quantum and classical implementations, which should include 

a combination of simulation-based metrics such as MAPE, MAE, trajectory error, control 
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energy and in other hand real-time measurements like actuator torque smoothness, task 

completion latency to Establishing public datasets and open-source implementations of 

quantum algorithms modules will also contribute to reproducibility and accelerate 

collaborative validation. 

The research presented in the dissertation is built around the ABB IRB 140 as a 

representative industrial platform. While it serves as a valuable test case, future studies can 

pursue to validate the proposed methods on diverse robotic platforms, including mobile 

manipulators, collaborative robots, or aerial systems, to experiment with the scalability and 

generalizability of superior algorithms under different kinematic structures, dynamic 

configurations, and sensing modalities. Additionally, adapting the framework to modular or 

reconfigurable robots may uncover new insights that provide an impressive capability for 

algorithms to handle topological variability and component-level uncertainty. 

A valuable alternative expansion of this research is the integration of both classical and 

quantum-inspired algorithms, which are already based on advanced heuristics, with 

stochastic decision-making frameworks such as Markov Models, Hidden Markov Models 

(HMM), and Markov Decision Processes. These methods could be used to capture time-

dependent system uncertainties and environmental transitions. Exploring how Markovian 

formulations interact with both classical and quantum control strategies, including the 

examined algorithms in this research, could lead to significant performance improvements 

in robustness, adaptability, and trajectory stability.  

One of the most prompt next steps is the real-world implementation of the developed 

Quantum-Inspired Sliding Mode Control and Quantum Neural Network architectures. 
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While simulations confirmed improved energy efficiency, reduced chattering, and 

enhanced accuracy, their performance in hardware environments must be verified. For 

QSMC and similar QNN architectures, future implementations should explore the use of 

Field-Programmable Gate Arrays (FPGAs) for deploying QSMC and QNN modules in 

real-time environments, which offer parallelism and deterministic timing, essential for 

achieving the high-speed feedback control and low-latency inference required in industrial 

robotic arms. 

An important future direction involves establishing a staged experimental validation 

roadmap that connects digital-twin evaluation with physical robotic implementation. This 

roadmap should commence with real-time execution on embedded or industrial control 

platforms and advance to hardware-in-the-loop validation, where the controller, drive 

electronics, sensing chain, and robotic dynamics are tested under realistic operating 

conditions. At this stage, future research should explicitly address practical non-idealities 

that are not fully captured in current simulations, such as actuator delays, inverter dead-

time, switching losses, sensor quantization, communication latency, current ripple, and 

measurement noise. Extending the proposed framework to account for these factors would 

enable a more accurate assessment of stability, control smoothness, harmonic behavior, and 

energy efficiency, while also facilitating the transition to deployment on industrial robotic 

platforms. 

Although the current research employed quantum-inspired algorithms simulated on 

classical processors, a natural next step is to implement these methods on actual quantum 

computing hardware. Given the theoretical efficiency and enhanced convergence 

demonstrated by these algorithms, deploying them on quantum devices, such as those 
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provided by IBM Q, D-Wave, Rigetti, or IonQ, could offer unprecedented improvements in 

computational speed, precision, and scalability. This direction would require not only 

software adaptation using quantum development kits like Qiskit, PennyLane, and Cirq, but 

also the design of custom quantum circuits or variational quantum algorithms to represent 

control laws, neural architectures, and optimization procedures. Such a transition would 

serve as a critical experimental validation of the theoretical work and could reveal new 

quantum behaviours or computational advantages not observable in classical simulation 

environments.  
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Chapter 9 - Appendices 

9.1 Appendix 1: Integrated System-Layer Framework Description 

 

Figure 9-1  Integrated System-Layer Framework. 
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The thesis presents an integrated system-layer framework showing the research's 

progression through five interconnected stages: modeling, learning, parameter 

identification, control, and actuation. Instead of treating these stages independently, the 

framework focuses on a continuous flow of knowledge and refinement, with each layer 

building upon the previous one. This organization expresses the thesis's central philosophy: 

to enhance robotic performance and coordinate improvements across all system 

components. 

The first stage, modeling, builds the framework's foundation by creating multi-fidelity 

CAD-based dynamic models. This stage analyzes the trade-off between model fidelity and 

computational cost and determines how model complexity affects energy behavior. It 

produces a detailed, physically consistent dynamic model that serves as a reliable baseline 

for later stages. 

The second stage, learning, builds on the prior phase by introducing data-driven 

inverse kinematics using neural network-based approaches. This stage not only improves 

pose prediction accuracy and addresses singularity-related challenges but also generates a 

more robust and adaptable kinematic model that informs subsequent stages. Notably, this 

layer marks a definitive shift from purely analytical modeling to intelligent, data-driven 

representations. 

In the third stage, parameter identification, the framework uses optimization 

techniques to refine the dynamic model. It estimates mass properties and inertial parameters 

with swarm-based algorithms to reduce differences between the model and the real robot. 

This process produces a dynamic model that better represents the system’s physical 
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characteristics, thereby improving control reliability. This step transitions the framework 

from simulation to real-world application. 

These three stages yield a refined robot model with improved kinematics and dynamics. 

This intermediate result is central to the framework, uniting modeling, learning, and 

identification into a single representation that closely matches the real robotic system. 

The fourth stage, control, designs and tests trajectory-tracking strategies using the 

refined model. It prioritizes robustness, disturbance rejection, and real-world control 

performance. This stage delivers a control architecture that maintains stability and 

accuracy, even in the presence of uncertainties and external disturbances. 

At the fifth stage, actuation, the system shifts from modeling and control to executing 

control commands with motor drive systems. Efficient motion and quality power delivery 

ensure prior improvements are realized in practice. 

The framework integrates all research contributions in a clear hierarchy. Each stage 

improves the system, and knowledge transfer between layers maintains consistency and 

builds improvement. This structure directly supports the thesis goal: to develop an 

integrated computational framework that makes industrial robotic arms more precise, 

robust, and energy-efficient by advancing all system layers simultaneously. 
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9.2 Appendix 2: Unified Quantum-Inspired Computational Framework 

To provide a clearer and unified understanding of how quantum-inspired methods are 

implemented across the different components of this research, a general computational 

structure is introduced, as illustrated in Figure 9.2. While each proposed technique, whether 

in learning, optimization, control, or actuation, appears distinct at the algorithmic level, 

they all follow a common processing logic. The figure highlights how classical variables 

are systematically transformed into enriched representations, processed through quantum-

inspired mechanisms, and then converted back into usable outputs. This abstraction serves 

as a conceptual bridge across the framework's layers, enabling the reader to interpret all 

contributions within a single, coherent perspective. 

 

Figure 9-2  Quantum-Inspired Computational Structure. 

The quantum-inspired computational structure in this work gives a simple, unifying 

model. It connects all the proposed methods for learning, optimization, control, and action. 

Instead of treating each method as an improvement in itself, this structure shows a shared 

process in which classical variables are changed, handled, and viewed in new ways to boost 

system performance. 

As shown in the figure, the process starts with a classical variable. This variable may 

represent joint positions, control errors, system parameters, or electrical signals, depending 
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on the application layer. Conventional approaches directly process such variables using 

deterministic mathematical operations. In contrast, the proposed framework first transforms 

the variable, enriching its representation before any decisions or computations are made. 

The first stage, quantum state encoding, maps classical variables into an alternative 

representation that captures additional structural or probabilistic information. Rather than 

requiring physical quantum hardware, this process emulates key principles such as 

superposition-like behavior and distributed representation. As a result, the system extends 

the expressiveness of the original data, enabling it to better handle nonlinearities, 

uncertainties, and high-dimensional relationships. 

Following encoding, the system shifts to a qubit-like representation, structuring 

information to enable the simultaneous consideration of multiple potential states. This 

serves as a bridge between classical deterministic variables and quantum-inspired 

probabilistic processing. In practice, it allows algorithms to explore a broader solution 

space without exhaustive computation, thereby improving adaptability and robustness. 

The third stage, quantum operator transformation, is the core of the computational 

process. At this level, quantum-inspired operations modify the encoded state in different 

ways: nonlinear activation mechanisms improve function approximation in learning; 

probabilistic update rules enhance exploration and convergence in optimization; modified 

switching logic reduces discontinuities and improves stability in control; modulation 

strategies yield smoother, more efficient electrical signals for actuation. Despite these 

variations, all transformations operate on the enriched representation rather than the 

original variables. 
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The final stage, measurement and collapse, converts the transformed representation 

back into a classical value usable for decision-making or physical implementation. This 

step ensures compatibility with real-world robotic systems, as control inputs, actuator 

signals, and predicted outputs must ultimately be expressed in deterministic form. The 

“collapse” process selects the most relevant outcome from the enriched representation, 

balancing accuracy, robustness, and computational efficiency. 

Overall, this computational structure provides a consistent interpretation of how 

quantum-inspired principles are integrated across the thesis. It explains why improvements 

are observed in different system layers while maintaining coherence in methodology. By 

introducing an intermediate representation and transformation process, the framework 

enables enhanced performance without fundamentally altering the physical system. This 

unified view strengthens the thesis's theoretical contribution by demonstrating that all 

proposed methods are instances of a single, coherent computational paradigm applied 

across the robotic control stack. 
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9.3 Appendix 3: Quantum-Inspired Methods Across the Robotic Control Stack 

Table 9.1 presents a structured comparison of the proposed quantum-inspired methods 

across the different layers of the robotic control stack, including learning, parameter 

identification, control, and actuation. The table highlights, for each layer, the classical 

baseline approach, the corresponding quantum-inspired method, the underlying mechanism, 

the type of operators involved, and the observed performance improvements. This 

representation provides a comprehensive view of how quantum-inspired concepts are 

consistently applied throughout the system. 

At the learning layer, the classical Multi-Layer Perceptron (MLP) is extended to a 

Quantum Neural Network (QNN) by modifying the activation function. Instead of relying 

solely on standard nonlinear functions, the QNN introduces phase-based transformations 

and superposition-like encoding, enabling a richer representation of nonlinear relationships. 

This modification enhances the network’s ability to approximate complex mappings, 

particularly in inverse kinematics problems. As a result, the QNN demonstrates improved 

accuracy, with a reduction in mean absolute error, and better performance near singular 

configurations. 

In the parameter identification layer, the classical Particle Swarm Optimization 

(PSO) algorithm is replaced by a Quantum-behaved PSO (Q-PSO). The key modification 

lies in the particle update mechanism, where deterministic position and velocity updates are 

substituted with probabilistic state evolution. This approach allows particles to explore the 

solution space more effectively, reducing the risk of premature convergence. The use of 

quantum-inspired encoding and probabilistic measurement leads to significantly improved 
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estimation accuracy, with mass center and inertia errors reduced. Additionally, the 

convergence behavior is more stable, resulting in a closer match to the reference CAD-

based model. 

At the control layer, the classical Sliding Mode Control (SMC) strategy is enhanced 

through a quantum-inspired formulation (Q-SMC). The modification focuses on error 

evaluation and switching logic, replacing or augmenting traditional discontinuous control 

actions with smoother, quantum-inspired operations. The use of elements such as quantum 

subtractors and sign detectors enables a more refined decision process, reducing abrupt 

switching behavior. This results in a noticeable reduction in chattering, improved trajectory 

tracking performance, and reduction in energy consumption compared to the classical SMC 

approach. 

In the actuation layer, the conventional Sinusoidal Pulse Width Modulation (SPWM) 

method is extended to a Quantum Sinusoidal PWM (QSPWM) framework. The switching 

logic is modified using quantum-inspired operators, including rotation-based 

transformations and logic structures analogous to quantum gates. This approach introduces 

a probabilistic modulation strategy that improves the quality of the generated signals. 

Although a slight trade-off in RMSE is observed, the overall performance in terms of 

harmonic distortion, electromagnetic interference, and torque ripple is substantially 

improved. 

Overall, this table demonstrates that quantum-inspired methods consistently improve 

performance across all layers of the robotic system. Rather than isolated improvements, the 
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results indicate a coherent and systematic application of quantum-inspired principles, 

leading to cumulative gains in accuracy, robustness, and energy efficiency. 

Table 9-1 Structured comparison of the proposed quantum-inspired methods. 

System Layers 
Classical 

Baseline 
Proposed 

Method 
Quantum 

Mechanism 
Quantum 

Operators 
Improvement 

Learning  
ANN 

(MLP) 
QNN 

Activation 

Function in 

MLP 

Phase rotation, SU 

(2) transforms, 

superposition-like 

encoding 

Higher accuracy 

near singularities 

Identification PSO Q-PSO 

Particle 

update 
Position and 

Velocity 

Quantum angle 

encoding, 

probabilistic state 

measurement 

Better convergence 

Control  SMC Q-SMC 
Error and 

switching 

logic 

Quantum 

subtractor, sign 

detector, qubit 

encoding 

Reduced 

chattering; energy 

reduction 

Actuation SPWM QSPWM 
Modulation 

Switching 

Logic 

Quantum 

subtractor, sign 

detector,  
Rotation gates, 

Hadamard/Toffoli 

logic 

THD reduced  
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9.4 Appendix 4: Quantitative Summary of Contributions 

Table 9.2 provides a consolidated overview of the quantitative outcomes obtained 

across the different stages of the proposed framework, along with their corresponding 

engineering interpretations. The table is structured to compare classical and quantum-

inspired approaches at each system layer: modeling, learning, parameter identification, 

control, and actuation, highlighting both performance gains and practical implications. 

At the modeling stage, three levels of dynamic model fidelity, detailed, semi-detailed, 

and simplified, are evaluated. The results indicate that there is no single absolute winner, as 

each model serves a different purpose. The detailed model provides the highest fidelity and 

accuracy in representing the system dynamics, while the simplified model offers significant 

computational advantages. Importantly, the simplified model achieves approximately 6.8% 

lower energy consumption compared to the semi-detailed model while preserving the 

overall torque trends. This demonstrates that reduced model complexity can maintain 

acceptable performance while improving computational efficiency, a particularly relevant 

feature for real-time applications. 

In the learning stage, a comparison between classical Artificial Neural Networks 

(ANN) and Quantum Neural Networks (QNN) for inverse kinematics reveals a clear 

advantage for the quantum-inspired approach. The QNN achieves lower mean absolute 

error (MAE), with improvements of 15–17%. Specifically, the position error is reduced 

from approximately 2.71 mm to 1.79 mm, and the orientation error decreases significantly 

from about 0.021 rad to 0.00179 rad. These improvements indicate enhanced accuracy and 

robustness, particularly in handling nonlinear mappings and singularity-prone regions. 
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The parameter identification stage compares classical Particle Swarm Optimization 

(PSO) with Quantum-behaved PSO (Q-PSO). The results demonstrate that Q-PSO 

significantly improves estimation accuracy, achieving a mass center MAPE of 

approximately 0.43% compared to 2.94% for PSO, and an inertia MAPE of approximately 

0.76% compared to 4.66%. Beyond accuracy, Q-PSO also exhibits better convergence 

stability and produces parameter estimates that more closely match the CAD-derived 

reference model. This improvement is critical for enhancing the reliability of subsequent 

control strategies. 

At the control stage, the comparison between classical Sliding Mode Control (SMC) 

and Quantum-Inspired SMC (Q-SMC) shows notable performance gains. The Q-SMC 

approach reduces overshoot and steady-state error while producing smoother torque 

profiles. One of the most significant improvements is the reduction of chattering, a known 

limitation of classical SMC. Additionally, the energy consumption is reduced by 

approximately 3.79%, indicating that the quantum-inspired modifications improve both 

control quality and efficiency. 

Finally, at the actuation stage, transitioning from classical Sinusoidal Pulse Width 

Modulation (SPWM) to Quantum SPWM (QSPWM) yields substantial improvements in 

signal quality. The Total Harmonic Distortion (THD) is reduced from 60.21% to 38.79%, 

corresponding to an approximate reduction of 35.6%. Although a slight increase in RMSE 

is observed, the overall impact is positive, with significant reductions in harmonic 

distortion, electromagnetic interference (EMI), and torque ripple. These improvements 

directly contribute to smoother, more efficient motor operation. 
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Overall, the table demonstrates that quantum-inspired methods consistently outperform 

classical approaches across multiple performance metrics. More importantly, the 

improvements are not isolated but accumulate across system layers, resulting in a more 

accurate, robust, and energy-efficient robotic system. 

Table 9-2  Quantitative Summary of Thesis Contributions. 

Steps 
Comparison 

Type 

Better 

Achievements 
Engineering Interpretation 

Modeling 

Detailed vs Semi-

detailed vs 

Simplified 

dynamic models 

- 

Detailed model best for fidelity; Simplified best for 

computational efficiency. Simplified model ~ 6.8% 

lower energy than semi-detailed while preserving 

torque trends. 

Learning 
ANN vs QNN for 

inverse kinematics 
QNN 

Lower MAE and position/orientation errors (~15–

17%). Position error ≈1.79 mm vs 2.71 mm; 

Orientation error ≈0.00179 rad vs 0.021 rad. 

Identification 

PSO vs Q-PSO 

parameter 

identification 

Q-PSO 

Mass center MAPE: 0.43% vs 2.94%; Inertia MAPE: 

0.76% vs 4.66%. Better convergence stability and 

closer match to CAD model. 

Control 

SMC vs 

Quantum-Inspired 

SMC 

Q-SMC 

Lower overshoot and steady-state error, smoother 

torque signals, reduced chattering. Energy reduced ~ 

3.79%. 

Actuation 
SPWM vs 

QSPWM 
QSPWM  

THD reduced from 60.21% to 38.79% (~35.6%). 

Slight RMSE increase but improved EMI and torque 

ripple. 

 


