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Abstract

Accurate prediction of a robot’s dynamic parameters, including mass and moment of
inertia, is essential for adequate motion planning and control in autonomous systems.
Traditional methods often depend on manual computation or physics-based modelling,
which can be time-consuming and approximate for intricate, real-world environments.
Recent advances in machine learning, primarily through artificial neural networks (ANNs),
offer profitable alternatives. However, the potential of quantum-inspired models in this
context remains largely uncharted. The current research assesses the predictive perfor-
mance of a classical artificial neural network (CANN) and a quantum-inspired artificial
neural network (QANN) in estimating a car-like mobile robot’s mass and moment of in-
ertia. The predictive accurateness of the models was considered by minimizing a cost
function, which was characterized as the RMSE between the predicted and actual values.
The outcomes indicate that while both models demonstrated commendable performance,
QANN consistently surpassed CANN. On average, QANN achieved a 9.7% reduction in
training RMSE, decreasing from 0.0031 to 0.0028, and an 84.4% reduction in validation
RMSE, dropping from 0.125 to 0.0195 compared to CANN. These enhancements highlight
QANN's singular predictive accuracy and greater capacity for generalization to unseen
data. In contrast, CANN displayed overfitting tendencies, especially during the training
phase. These findings emphasize the significance of quantum-inspired neural networks in
enhancing prediction precision for involved regression tasks. The QANN framework has
the potential for wider applications in robotics, including autonomous vehicles, uncrewed
aerial vehicles, and intelligent automation systems, where accurate dynamic modelling
is necessary.

Keywords: car-like robot; quantum computing; artificial neural network; hybrid activation
functions; quantum artificial neural network; dynamic parameter estimation
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1. Introduction
1.1. Context of the Study

Over the past decade, mobile robotics has experienced remarkable advancements,
mainly driven by an increasing demand for intelligent autonomy;, resilient adaptability, and
context-sensitive decision-making. Nowadays, these systems are essential for required ap-
plications across various fields, such as autonomous driving, industrial logistics, planetary
exploration, and precision agriculture. A key requirement for ensuring the performance,
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reliability, and safety of mobile robots, particularly wheeled platforms constrained by
nonholonomic conditions, is the accurate characterization of their underlying dynamics.
In practice, this necessitates the precise identification of essential physical parameters,
including effective mass, inertia distribution, and other mechanical properties. These
parameters play an important role in controlling the stability of motion control algorithms,
the efficiency of trajectory planning, and the overall active performance of the system,
making the dynamic modeling and parameter estimation critical components of advanced
mobile robotic design [1-3].

Parameter identification of dynamic systems traditionally depended on physics-based
dynamic models, which require detailed prior knowledge of a robot’s kinematic structure,
mass distribution, and payload characteristics. While such formulations can be effective
under well-defined laboratory conditions, they often involve considerable computational ef-
fort and limited adaptability, rendering them vulnerable to modeling errors and unmodeled
dynamics. Their dependence on precise geometric and inertial information makes them
especially delicate in the presence of environmental uncertainties or nonlinear interactions.
In practical deployments, such as handling variable payloads on irregular terrains, these
limitations often manifest as degraded tracking precision, increased control demands, and
reduced resilience to external disturbances [4-6].

Data-driven approaches, and, in particular, artificial neural networks (ANNs), have
increasingly been recognized as powerful alternatives to conventional model-based strate-
gies. Unlike rigid physical modeling, ANNs can capture intricate nonlinear dynamics
by providing a flexible and scalable framework for adaptive system identification. When
ANN:s are utilized for dynamic parameter estimation, they are capable of extracting latent
patterns from trajectory data that often remain inaccessible to standard identification tech-
niques. Nonetheless, conventional ANN architectures are not without limitations: they
are prone to overfitting, exhibit strong dependence on large volumes of high-quality data,
and frequently struggle to generalize effectively in environments characterized by noise
or sparse sampling [7-9]. The identified gap highlights the necessity of developing novel
modeling strategies capable of preserving the flexibility of artificial neural networks while
improving stability and data-efficiency, with a special emphasis on accurate parameter
estimation essential to the real-time functionality of mobile robotic systems.

1.2. Related Works

While classical artificial neural networks have contributed to robotic modeling and
control advancements, several challenges remain. These models often require large datasets,
are prone to overfitting, and may struggle with generalization in dynamic, unstructured
environments. Furthermore, traditional techniques for estimating parameters such as mass
and inertia are embedded in specified physics, making them computationally intensive
and less adaptable to the complexities of real-world robotic systems.

To address this gap, the present study implements and evaluates two artificial neural
network architectures: a classical neural network and a quantum-inspired neural network.
These models are developed to predict a mobile robot’s mass and moment of inertia
designated on trajectory-based error metrics. Both models were trained to estimate dynamic
parameters crucial for accurate motion control using a dataset consisting of the root mean
square error values between the desired and actual trajectories. The study aims to consider
the comparative performance of these architectures with respect to prediction accuracy
and generalization capabilities. The conclusions indicate that the QANN outperforms
the CANN in reducing training and validation errors, demonstrating superior learning
capability and robustness. The study contributes to the field by showcasing the practical
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applicability of quantum-inspired neural networks for regression tasks in robotic modeling,
underlining their possibility to enhance real-time control in autonomous systems.

Artificial neural networks have appeared as potent tools in mobile robotics, signifi-
cantly enhancing critical areas such as real-time decision-making, perception, and control.
Their capacity for nonlinear relationships makes them especially well-suited for dynamic
conditions and autonomous operations. Numerous studies have confirmed the practical
applications of ANNSs in improving various robotic functionalities. Wang et al. [10] pro-
posed an end-to-end approach for trajectory planning and motion control utilizing deep
reinforcement learning (DRL). By developing a physical model of the robot and optimizing
LiDAR inputs, their method processed obstacle distances, enhancing obstacle avoidance
and overall adaptability. This research underlines the importance of integrating sensor
data with neural control frameworks to improve autonomous navigation. Mutti et al. [11]
introduced a recurrent neural network RNN-based algorithm to reduce the computational
demands commonly associated with modeling autonomous robots. Their strategy involved
training the model on synthetic data and augmenting LiDAR signals through rigid trans-
formations. The model was subsequently fine-tuned using real-world positional data and
external camera measurements. This hybrid training approach eased the need for extensive
real-world datasets, addressing a standard limitation of robotics-based deep learning meth-
ods. Ding et al. [12] presented a tracking control algorithm based on partial reinforcement
learning neural networks in another contribution. Their strategy particularly tackled the
challenge of trajectory tracking in wheeled mobile robots with time-varying feed angles.
Their model showed enhanced adaptability in managing nonlinear and uncertain trajectory
patterns by utilizing partial reinforcement signals. Also analyzing hybrid strategies, a
study [13] combined maneuver classification through standard neural networks with trajec-
tory prediction using long short-term memory (LSTM) networks. This dual-layered model
aimed to enhance vehicle localization and future position estimation. Combining temporal
dependencies via LSTM networks proved beneficial in predicting complicated, dynamic
motion patterns. Hu et al. [14] addressed efficiency and energy consumption in multi-robot
systems through a cooperative exploration strategy. They implemented dynamic Voronoi
partitions to minimize redundant area coverage while integrating a deep reinforcement
learning (DRL)-based collision avoidance algorithm for navigation in dynamic and un-
certain environments. Their method allowed real-time obstacle detection and interaction
prediction, essential capabilities for practical deployment. Several studies have supported
employing optimized deep-learning architectures for object detection to promote efficient
perception. Studies such as [15,16] employed algorithms like Faster R-CNN, R-FCN, and
SSD to balance detection accuracy, computational speed, and memory utilization, especially
within autonomous driving.

Despite these advancements, multi-object detection and tracking challenges persist in
problematic traffic scenarios. Ravindran et al. [17] handled these challenges through data
fusion and sensor integration. Their work underscored the matter of integrating spatial and
temporal data streams, enhancing the reliability of real-time object tracking across diverse
situations. Huang et al. [18] also improved autonomous driving performance with a deep
learning model that utilized multimodal sensor fusion. By merging RGB images and depth
data at an early fusion stage, they performed detailed per-pixel semantic segmentation, thus
enhancing environmental performance and control accuracy. Lio et al. [19] introduced an
innovative artificial neural network architecture inspired by cognitive mental imagery for
predictive motor control. Their procedure comprises two main components: predictive
models trained on data from environmental interactions and inverse models developed
through delayed, offline episodic simulations. This cognitive-inspired practice stresses the
increasing tendency of biologically inspired learning methods in robotics. Concurrently,
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these investigations exemplify the versatility and efficacy of classical neural networks across
various robotics applications, including trajectory planning, tracking, perception, and con-
trol. However, they also accentuate specific limitations, such as high data requirements,
exposure to overfitting, and scalability challenges when addressing complicated, high-
dimensional assignments. These issues drive the need to examine alternative neural models,
such as quantum-inspired architectures, which promise enhanced efficiency and general-
ization for avant-garde robotic modeling tasks. With advances in classical artificial neural
networks, important limitations remain, including a high reliance on vast labeled datasets,
increased computational costs, and restricted adaptability in real-time environments. These
challenges have sparked growing interest in quantum computing techniques to enhance
learning efficiency and scalability in robotics. Quantum-inspired neural networks and hy-
brid quantum-classical models suggest advantageous alternatives by harnessing quantum
principles such as superposition, entanglement, and amplitude amplification.

The integration of quantum computing into mobile robotics has progressed steadily.
Quantum computation has emerged as a transformative force in mobile robotics, providing
innovative techniques for control, optimization, and perception that classical computing
methods have often struggled with. Interdisciplinary research has explored how quantum
technologies can improve autonomous systems by addressing complex challenges such as
path planning, multi-agent coordination, sensor fusion, and optimization tasks.

One of the earliest frameworks in this discipline proposed the use of quantum decision-
making models for mobile robot navigation. By leveraging quantum probability theory,
such models allowed robots to make more nuanced decisions under uncertainty, out-
performing their classical counterparts in dynamic environments [20]. Building on this
idea, Mahanti et al. proposed quantum robot simulations on IBM’s quantum processor
to showcase their potential in gaming and mobility tasks [21]. An important application
lies in optimization for order-picking and batching problems in logistics robotics. Atchade-
Adelomou et al. introduced qRobot, a quantum-augmented approach to improve path
efficiency in mobile warehouse robots [22]. Similarly, Sarkar et al. proposed a hybrid
quantum architecture for path planning in quantum-enabled robots, optimizing energy
and trajectory planning [23]. In tandem, Bogue provided a broader technological outlook
by examining how quantum sensing and computing enable better localization, mapping,
and route optimization in robotics [24]. In practical terms, Panda et al. validated quantum
control algorithms for remote robot direction steering using Zidan’s quantum model, show-
casing robust results on IBM’s quantum backend [25]. On the theoretical front, Petschnigg
et al. bridged quantum information theory and mobile robot control by simulating 3D
environments with quantum-enhanced models [26]. Meanwhile, Yan et al. offered a com-
prehensive review on quantum robotics, highlighting use-cases in weak signal detection
and secure communication in robotic swarms [27].

Peixoto solved latency and bandwidth challenges in cloud-based robotics by deploying
quantum algorithms at the network edge. This framework improved decision-making for
interconnected and autonomous vehicles (CAVs), enhancing the efficiency and speed of
data processing [28]. Quantum models are displaying notable potential in multi-agent
coordination. Chella et al. [29] and Mannone et al. [30] investigated quantum-based
decision-making techniques for swarm robotics, resulting in enhanced scalability and
improved cooperative behavior. These frameworks utilized the principles of quantum
entanglement to facilitate communication among agents and optimize collective motion
strategies. Similarly, Gehlot et al. [31] used quantum computing to manage complicated
robotic differential equations through quantum superposition and entanglement, offering a
robust alternative to conventional numerical methods. Likewise, Lathrop et al. [32] executed
quantum-fast planning and scheduling (q-FPS) as well as quantum-rapidly random trees (g-
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RRT) for mobile robot navigation, highlighting progress in planning speed and a reduction
in computational overhead.

In marine applications, Wang et al. [33] showcased the effectiveness of a quantum
particle swarm optimization algorithm for unmanned surface vehicles (USVs), enabling
real-time obstacle avoidance and trajectory optimization. In the same manner, Chalumuri
et al. [34] designed a hybrid model that integrated convolutional layers with quantum
layers, successfully reducing the number of trainable parameters and enhancing image
classification performance, achieving an impressive accuracy of 85.28% on the UC Merced
dataset, surpassing both purely classical and purely quantum models.

In the cybersecurity domain, considerable advancements have been driven by quantum
technologies for robotic networks. Islam et al. [35] presented a hybrid quantum-classical
neural network prepared to detect amplitude shift cyber-attacks in embedded controller
networks, which reached a detection accuracy of 94%, significantly exceeding the perfor-
mance of standalone classical (88%) and quantum (62%) models. Moreover, Salek et al. [36]
proposed a hybrid intrusion detection system that employed classical neural networks for
feature extraction and a quantum-restricted Boltzmann machine for classification, demon-
strating enhanced performance in ensuring security within controller area networks (CAN).

In reinforcement learning, Hohenfeld et al. [37] studied hybrid quantum-classical
architectures for navigation tasks in wheeled robots. Their findings indicated a significant
reduction in trainable parameters, although classical models still excelled in stability and
training time. Building on this foundation, the following analysis [38,39] introduced quan-
tum reinforcement learning (QRL) algorithms precisely designed for navigation control.
One such algorithm employed quantum measurement collapse and amplitude amplifica-
tion, demonstrating enhanced effectiveness compared to classical methods. The field of
quantum multi-agent reinforcement learning has also achieved advances. Yun et al. [40]
showed how quantum frameworks could improve robot coordination in smart factory
settings. Further advancing this area, Hu et al. [41] proposed a hybrid fuzzy A * and
quantum multi-stage Q-learning algorithm, integrated with artificial potential fields, to
navigate environments characterized by narrow passages and traps, resulting in the best
navigation performance.

The applications of Quantum Artificial Neural Networks have extended beyond
terrestrial robots. Research [42—44] has tackled trajectory planning, user grouping, and
power allocation in unmanned aerial vehicles (UAVs) through quantum optimization.
Park et al. [45] introduced a multi-agent reinforcement learning (MARL) technique that
allowed UAVs to collaborate while optimizing actions under shared constraints, including
a quantum centralized critique to pass the limits posed by near-intermediate scale quantum
(NISQ) hardware. Additionally, Silvirianti et al. [46] offered quantum-based frameworks
such as the deep deterministic policy gradient (Q-DDPG) and quantum recurrent DDPG
(Q-RDDPG) for UAV resource allocation and trajectory optimization. Their quantum-
enhanced models exhibited higher learning rewards and diminished training loss than
their classical counterparts. These investigations spotlight quantum and hybrid quantum-
classical models” commitment to advancing robotics across different applications. From
optimization and navigation to multi-agent collaboration and cybersecurity, quantum-
inspired approaches suggest scalable, efficient, and increasingly achievable alternatives to
classic learning systems, opening influential choices for future research overview of the
robotic setup.

Collectively, these studies establish that quantum computing is not just theoreti-
cally viable but practically beneficial for robotic parameter identification. Applications
range from dynamic model tuning to real-time control adaptation, showing that quantum-
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enhanced identification algorithms may significantly outperform their classical counter-
parts in robotic domains.

1.3. Research Gap and Motivation

While artificial neural networks have shown their effectiveness in tackling complicated
modeling tasks within mobile robotics, several important limitations remain, particularly
in the realm of dynamic parameter estimation for real-time control. Classical ANNS,
with their adaptability and robust approximation capabilities, often demand extensive
training data, are susceptible to overfitting, and may lack robustness in unstructured or
dynamically changing environments. These challenges become even more pronounced
when estimating critical physical parameters such as mass and moment of inertia, which
directly affect the robot’s control response, trajectory adherence, and energy efficiency.
Furthermore, traditional parameter identification techniques, which are usually based on
rigid physics-based models, are typically computationally intensive and ill-equipped for
real-time applications, especially in unknown or rapidly evolving conditions.

Recent endeavors to enhance the performance of artificial neural networks through
architectural modifications and hybrid learning frameworks have delivered incremental
advancements. However, these advancements still fall short of overcoming the funda-
mental limitations associated with generalization in constrained data environments and
dynamic uncertainties. While quantum computing principles are beginning to influence
the fields of robotics and machine learning, their application has predominantly been fo-
cused on path planning, multi-agent coordination, and optimization tasks. The integration
of quantum-inspired mechanisms such as superposition and probabilistic measurement
into the activation functions of neural networks remains a largely unexplored area, par-
ticularly in the context of regression problems related to physical parameter estimation
in mobile robotic systems. This gap is influential, as precise identification of mass and
moment of inertia is foundational for high-performance motion planning and control,
especially in car-like robots with nonlinear, nonholonomic dynamics. If quantum-inspired
neural networks can better capture the quiet nonlinearities and dynamic correlations from
limited trajectory-based error data, they may offer a transformative improvement over
classical architecture.

Motivated by these principles, the current research presents an innovative quantum-
inspired artificial neural network designed for estimating the dynamic parameters of a
car-like mobile robot by integrating quantum-inspired activation functions into a conven-
tional ANN architecture, which aims to assess whether these enhancements can improve
prediction accuracy, convergence behavior, and generalization capabilities under real-
world-inspired conditions. The investigation subject not only addresses a noteworthy
methodological gap but also contributes to the growing discourse on quantum-inspired
learning in autonomous systems, thereby laying the foundation for more resilient and
adaptive robotic platforms.

1.4. Key Contributions and Novelty of the Study

The study presents a quantum-inspired artificial neural network framework tailored
for dynamic parameter estimation in car-like mobile robots. The proposed method offers
a considerable improvement over classical artificial neural networks by incorporating
principles from quantum computing into the activation functions of a standard feedforward
neural architecture. While previous research has examined quantum-inspired models
in contexts such as control, navigation, and optimization, their use in the regression-
based estimation of physical parameters, including mass and moment of inertia, remains
largely unaddressed.
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A key innovation of this work is the integration of quantum-inspired activation
functions, including quantum sigmoid, ReLU, and linear variants, into a cohesive artificial
neural network framework explicitly designed for regression tasks. These functions are
mathematically formulated to simulate quantum behavior and have been demonstrated
to enhance model convergence, prediction stability, and generalization, particularly in
scenarios characterized by limited and noisy input data. In contrast to classic methods, the
QANN employs trajectory-based RMSE profiles during training, allowing for indirect yet
data-efficient learning of dynamic properties derived from motion error characteristics.

Moreover, the study performs a thorough comparative evaluation of the CANN
and QANN models, employing the same dataset and architecture while optimizing the
learning rates through particle swarm optimization (PSO), which offers an approach that
ensures a reasonable and reproducible performance benchmark. All-around, the proposed
QANN framework not only addresses key limitations of traditional parameter identification
methods but also offers an adaptable and scalable approach that applies to real-time robotic
control, trajectory tracking, and adaptive modeling in autonomous systems.

The rest of this paper is organized as follows: Section 2 discusses the architecture
of the artificial neural networks employed in this study, providing details on classical
and quantum-inspired activation functions. Section 3 outlines the experimental setup
and presents the simulation results, then compares the predictive performance of CANN
and QANN. Finally, Section 4 concludes the paper and suggests potential directions for
future research.

2. Materials and Methods
2.1. Artificial Neural Network Presentation

An artificial neural network is a computational model inspired by the way biological
neural networks in the human brain process and transmit information. It consists of layers
of interconnected nodes (neurons) linked by adaptive weights, enabling the system to
approximate complex nonlinear mappings for tasks such as classification, regression, and
control. Neurons serve as the fundamental information-processing units in both biological
and artificial networks, where weighted inputs are aggregated, passed through activation
functions, and propagated across the structure. Figure 1 and Table 1 illustrate the structural
and functional parallels between biological and artificial neurons. In practice, ANNs
leverage supervised and unsupervised learning algorithms to extract patterns from data,
offering scalability and adaptability that make them essential for domains ranging from
computer vision and natural language processing to robotics and autonomous systems.

Synapse Axon from X1
another cell

b, Bias

X2
fO sy
Summing Activation Output

X funtion funtion signals

Synapses
Input Synaptic
Axon signals weights
(a) (b)

Figure 1. Neuron’s points of convergence as: (a) Simplified biological neuron model; (b) Artificial
neuron [47].
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Table 1. Biological neuron’s and artificial neuron’s points of convergence.

Biological Analogous Element in Function
Neuron ANNs
. Receive signals from
Dendrites Inputs
other neurons
Synapse Weights Modu.late thet strength of
input signals
Soma (Cell Body) Summation Node (Neuron) Aggreg.ates. input mgnal for
activation function
Axon Output Transmits the processed signal
to neurons
Axon Terminals Output Layer Connections Interface with the next layer in

the network

As shown in Figure 2, the ANN consists of three types of nodes, which can be differen-
tiated based on their roles.

Input Hidden Output
Layer Layer Layer

Figure 2. Artificial neural network [48].

Input nodes receive continuous or discrete signals, which are transferred to the hidden
nodes through interconnected weights. The primary distinction between the input and
hidden layers is that while the hidden layers process the data, the input nodes merely pass
it into the network. Finally, the output nodes generate the network’s final results. In deep
learning, artificial neural networks have multiple hidden layers that facilitate mapping
complex relationships between input and output nodes [49].

2.2. Artificial Neural Network Architecture

Considering the ANN in Figure 2 for regression or classification tasks, the input vector
X and their weight vector W! were used to find the input vector of the activation function
at the two nodes of the hidden layer:

z
Zip=WLX - |
4 Z2

1

1 1 1

_ |Wip W11 Wiy 1

- 1 1 1 X1 ( )
Wy Wy Wy

X2

After receiving signals from the bias and the two inputs, the nodes in the hidden
layer make the sum of all input values Z; , before processing it through the activation



Mathematics 2025, 13, 2856

9 of 27

functions. The outputs of the activation function at each node of the hidden layer can be

found as follows:
_ | A(Zy)
filza2) = [fl(ZZ) @

The output of the activation function at each node of the hidden layer can then be

used as inputs of the activation function of the output layer. Therefore, the input and
output vector of the activation function at the output layer were, respectively, calculated by
analogy to Equations (1) and (2). It means that the output vector of the hidden layer f(Z; )
and the weight vector W2 were used to find the input vector of the activation function at
the output layer:

1
Z=Wfi(Z1p) » Z = {w%o wi, w%z} fi(z1) (3)
f1(22)
The outputs of the activation function at the output layer can be found as follows:
1
£(2)= f| [0k wdy wd]|A) @
f1(22)

2.2.1. Classical Activation Function

An activation function is a mathematical equation determining whether a neuron
should be activated. It introduces nonlinearity, allowing the model to learn complex
relationships between the input and output data flows [50].

The sigmoid function generates output as the probability of a Boolean signal based
on the input value. When the input is negative, there is a high likelihood that the output
will be zero; conversely, when the input is positive, the probability of the output being
one increases. This activation function is primarily utilized for classification tasks. The
mathematical relationship between the input and output can be defined as follows [51]:

1
Sigmoid(Z) = ——; ZeR 5

The linear activation function does not perform any transformation on the input data;

it essentially means that the input value is directly transmitted to the output, regardless of
whether it is negative or positive. The mathematical relationship between the input and

output can be expressed as follows:
Linear(Z) =2, Z€R (6)

ReLU (Rectified Linear Unit) is a variation in the linear activation function, which
transmits input values to the output only for positive values. For negative values, the
output is consistently zero. The mathematical relationship between the input and output

can be expressed as:
Relu(Z) = max(0,2); ZeR (7)

2.2.2. Fundamentals of Quantum Computing

Quantum computing marks a significant shift from the principles of classical computa-
tion. Unlike traditional systems that manipulate information through binary bits restricted
to values of 0 or 1, quantum systems employ quantum bits, or qubits, which follow the
rules of quantum mechanics. The behavior of qubits is governed by two core quantum
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phenomena-superposition and entanglement-enabling them to encode not only 0 or 1 but
also any linear combination of both states simultaneously [9,52]. Through superposition, a
qubit can exist in a blended state of |0) and |1). Mathematically, its state is described as a
linear superposition of the computational basis vectors [53]:

) = a]0) +B[1) (®)

Here, « and p are complex coefficients denoting probability amplitudes. Upon mea-
surement, the likelihood of observing the qubit in |0) equals ’Dc 12, while the probability

of collapsing to |1) is given by |B1%. These values must satisfy the normalization rule,

’oc|2+‘[3|2 —1[52].

A convenient representation of qubit states is offered by the Bloch sphere, where |0)
and |1) lie along orthogonal directions. Any qubit state can be expressed using spherical
coordinates defined by the angles 6 and ¢ [54]:

) = cos( 3 ) 00+ esin( 5 ) 1) ©)

In this formulation, 6 specifies the polar angle from the north pole of the sphere, while
¢ denotes the azimuthal angle. Qubit manipulation is achieved through quantum gates,
which are unitary operators analogous to classical logic gates but inherently reversible. Ro-
tations about the Bloch sphere’s axes constitute basic operations, implemented by rotation
operators such as [55]:

- cos(A) —isin(A)
Re(d) = —isinzé) 605(23 (19
) _gin(?
wo-[off
R:(¢) = le_io‘f’/z ei‘g/Z] (12)

where A, 6, and ¢ correspond to rotations around the x, y, and z axes, respectively. Another
cornerstone of quantum mechanics is entanglement, a phenomenon in which qubits become
inseparably correlated so that the state of one immediately reflects the state of the other,
regardless of distance [56]. Entanglement enables the creation of multi-qubit states crucial for
quantum algorithms. A key operation in generating such correlations is the Ry () rotation,
which facilitates the formation of superpositions and entangled states. This process underpins
advanced applications such as quantum error correction and teleportation [57,58].

2.2.3. Quantum-Inspired Activation Function

The concept is to define the qubit state as a function of the classical input Z and then
employ quantum computing principles, including superposition and quantum measure-
ment. The qubit’s measurement product will deliver the probability that it performs as the
output of our quantum activation function [52,56,57]. Thus, the qubit state is a function of
the input Z. Considering a qubit state [\p), the input of the quantum activation function
|'¥) is defined as a function of Z [58]. The qubit state can then be expressed as:

|$) = cosB|0) + sinfe'?|1) (13)
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The parameter 6, constrained within the interval 0 < 8 < 7, characterizes the proba-
bility amplitudes associated with the computational basis states |0) and |1). In contrast, the
parameter ¢, defined over the range 0 < ¢ < 271, determines the relative phase between
these two basis components. Together, 8 and ¢ fully specify the state of a single qubit on
the Bloch sphere [57-59].

To express the qubit as a function of the input Z, we took ¢ equal to 0 rad and the
angle 0 was taken as the product of 7 and the output of the classical sigmoid function of Z.
These operations map 6 values between zero and 7 rad.

o — (1_162) g [rad] (14)

After performing quantum measurement of 1), if the obtained result gives |0), it
means that the probability of 1) being in the classical state |0) is more than the probability
of 1) being in the classical state |1):

(cos8)? > (sind)* (15)

Quantum measurement of 1) gives |1), when the probability of [1) being in the
classical state |0) is less or equal to the probability of 1) being in the classical state |1):

(cosf)* < (sinf)? (16)

Specifically, the probability of the quantum state |i) collapsing to the classical basis
state |0) upon measurement is given by cos?(6), while the probability of it collapsing to the
basis state |1) is given by sin?(6). These probabilities arise from the squared magnitudes of
the corresponding probability amplitudes in the state vector representation [56,59].

Quantum-inspired sigmoid activation function takes ) as input and then performs a
quantum measurement on it; the output is the value of the probability of |) being in the
classical state |1):

QSigmoid(|p)) = (sind)? (17)

Figure 3 provides graphs of the classical and quantum sigmoid functions to compare
their convergence and divergence.

1 - T T
Sigmoid

Quantum sigmoid
09 —

08 —

0.7+ —

0.6 —

05 —

Output

04 ~
03F .
0.2}

01 —

0 I I
-8 -6 -4 -2 0 2 4 6 8
Input features

Figure 3. Comparison of classical sigmoid and quantum sigmoid functions.
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The two sigmoid functions are quite similar in their behavior; they start from minus
infinity with both outputs set at zero before increasing gradually, respectively, at input
values of —6 for classical sigmoid and —4 for quantum sigmoid. The two sigmoids converge
at an input of 0, where they yield outputs equal to 0.5; Beyond this point, the output of the
quantum sigmoid function surpasses the output value of classical sigmoid for the same
input value. Quantum-inspired sigmoid reaches its maximum output for inputs superior
or equal to 4, whereas classical sigmoid reaches its maximum output for inputs superior or
equal to 6.

Quantum-inspired Relu activation function was taken as the quantum-inspired sig-
moid function weighted by the initial classical value of Z:

QRelu(|p)) = (sinf)*-Z (18)

To compare graphs of the classical and the quantum Relu activation functions, Figure 4
was provided below:

RelLU
Quantum ReLU

Output

= I I I I I

Input features

Figure 4. Comparison between classical and quantum-inspired Relu activation functions.

The two Relu activation functions have a lot of similarity in their behaviors; for
negative values they both give as output 0, while for positive input values, they give the
identical values as output. However, between —2 and 2 as input values, the quantum-
inspired Relu activation function gives back identical values with a small transformation.
In other words, the output values were a little bit smaller than the expected output values.

Quantum-inspired linear activation function takes [\) as input and then performs a
quantum measurement on it. If the classical input Z is negative, the value of the probability
of [}) being in the classical state |0) weighted by the initial classical value Z will be
considered as the output. Consequently, if the classical input Z was positive, the value of
the probability of [\p) being in the classical state |1) weighted by the initial classical value Z
will be considered as the output:

(cosb)*-Z, Z <0

19
(sin6)*-Z, Z >0 19)

Qlinear(|y)) = {

To compare graphs of the classical and quantum linear activation functions, Figure 5
was provided below:
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Figure 5. Comparison between classical and quantum-inspired linear activation functions.

As for the linear activation functions, classical and quantum-inspired linear activation
functions are quite similar; they give back as output the identical values regardless of the
positive and negative signs of the input values. However, between —2 and 0 as input
values, the quantum-inspired function’s output experienced a small transformation where
the values were a little bit bigger than the expected values. And between 0 and 2 as input
values, the quantum-inspired function’s output experienced a small transformation where
the values became a little bit smaller than the expected values.

2.2.4. Development of a QANN Architecture for the Regression Task

The ANN inspired by quantum computing was implemented and trained to estimate
mass and moment of inertia of Car-Like Mobile Robot using its RMSE between the desired
and the robot’s actual trajectory. The training of this QANN was carried out using a
considerable amount of data Where masses values were between 5 and 20 kg, while
moments of inertia values between 0.1 and 0.25 kg-m?.

To confine the parameters of the QANN architecture, we examined mobile robots
tasked with tracking a combination of linear and curvy trajectory. The dynamic constraints
and the absence of an optimization process made it impossible for the robots to adhere to
the desired path perfectly. By examining the RMSEs of the robots at 20 identical points
within the simulation, denoting the number of inputs for the QANN, and allocating a value
of two to the outputs, which correspond to the robots” masses and moments of inertia, we
can establish the mathematical relationship between the inputs and outputs.

For weight and bias optimization, the input vector X and the weight vector W are
considered. This allows us to find the input vector for the activation functions at the
20 nodes of the hidden layer.

z1 wl o ... Wiy
Ziag=WiX— |t =| 1 : (20)

1 1 1
Zso Wr—o -+ Wy-20
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To find the input vector of the activation functions at the 20 nodes of the hidden layer
in the quantum form according to Equations (13) and (14):

¥)1

%20

The output vector of the quantum-inspired activation functions at each node of the

(21)

hidden layer can be found as follows:

QRelu(|); ) (sin6l) 2.7}
QREl”(|lP>l1...zo) = : = : (22)
Qretu(|gky) | L(sinok)* 2

The output vector of quantum-inspired activation functions at each node of the hidden
layer QRelu(| ), o) and its vector of weights W? were used to find the input vector of
the activation functions at the output layer:

1

] (sinG}‘)z-Z% )

72 w? coow?
22 W Relu( 1 ) N 1] — |%1-0 1-20

) 2
(51”9%0> Z3y

To find the input vector of the activation functions at the 2 nodes of the output layer in
their quantum form, the analogy to relations (13) and (14) was considered:

2
il

The outputs of the activation function at the output layer in their quantum forms can
be found analogically to Equation (19):

62)%.72, 72 <0
li 2\ _ (cos67 17 4 25
Qlinear ([9)]) {(sme%)z.zg, 20 (25)

. 62)2.22, 72 <0
] 2\ _ (cosb3)™-23, Z3 26
Q lﬂeﬂr(|l[)>2> {(Sl?’l@%)zzg, Z% Z 0 ( )

Backward propagation was implemented to correct the cost function, which is the
root mean squared error between the predicted output of the CANN/QANN and the true
value of the training set. The idea is to minimize the cost function using an optimization
algorithm; knowing that the more the cost function tends toward zero, the more precise the
model is to predict the output values knowing the input values. The first derivate of the
vector of weights, which are located between the hidden layer and the output layer:

der<W2> = (Qlinear(\lpﬁg) — Yllz)-(QRelu(|tp>1l._.zo>>T (27)

Here, der () denotes the partial derivative of the cost function with respect to the
indicated parameter. In this expression, Qjinear ( 1,[7)%,2) is the vector of predicted outputs
from the quantum-inspired linear activation function, Y7  is the vector of true target values
(mass and moment of inertia), and QrerU (|1,b1>1_._20) denotes the quantum-inspired ReLU
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outputs from the hidden layer; their outer product yields the gradient of the weights
between the hidden and output layers. Update of the vector of weights, which are located
between the hidden and the output layers each iteration:

Wiiew = Wiy — LR-der (W3,) (28)

This equation updates the hidden-to-output weight matrix W? by subtracting the
product of the learning rate LR and its corresponding gradient, steering the weights in the
direction that reduces prediction error. The first derivate of the vector of bias, which is
located between the hidden and the output layers:

der (07) = (Qtinear (|9)3,) — Y1) (29)

The bias gradient der (b?) at the output layer is calculated as the difference between
the predicted output and the true output, representing the output-layer error. Update of the
vector of bias, which is located between the hidden and the output layers, a 2 X 1 matrix:

Wi = Vg — LR-der (V) with B, (30)

Here, the output-layer bias vector b?, a 2 x 1 matrix, is updated by subtracting its
gradient scaled by the learning rate. The first derivate of the vector of the activation
functions, which are located between the input and the hidden layers, 2 20 x 1 matrix:

T
der(QRelu) = (Wz) -(Qlinear(\lpﬁ/z) — Yl,2>/ with der(QRelu) (31)

This term represents the backpropagated error at the hidden layer, computed by

multiplying the transposed output-layer weight matrix W2 with the output error, and

serves as the sensitivity vector for the hidden layer. The first derivate of the input vector of
the activation functions, which are located at the 20 nodes of the hidden layer:

der (Z}_..zo) = der(QRelu)i]-'der(QRelu(\1/))11.'.20)>ij, withi=1,...,20, j=1 (32)

The expression der(QReLU (|¢1>)) refers to the derivative of the quantum-inspired
ReLU activation function with respect to the pre-activation input Z'; these derivatives
capture how small changes in the hidden-layer inputs affect the nonlinear quantum acti-
vation outputs during backpropagation. In this step, the derivative of the hidden-layer
pre-activation values Z! is computed by multiplying the local error signal from each neuron
with the derivative of the corresponding quantum-inspired ReLU activation function. The
first derivate of the vector of the weights, located between the input and the hidden layers:

der (Wl) = der (Zfﬁzo) (x)T (33)

The gradient of the input-to-hidden weight matrix W' is obtained by multiplying the
vector of hidden-layer pre-activation gradients with the transpose of the input vector X.
Here, X denotes the 20-dimensional input vector composed of RMSE values calculated at
discrete points along the robot’s trajectory, each representing the deviation between the
desired and actual positions at that point in time. Update of the vector of the weights,
located between the input and the hidden layers:

Whew = Wgg — LR-der (Wl ) (34)
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This equation updates the weight matrix W! by subtracting the scaled gradient from
its current value, facilitating the adjustment of how input features influence the hidden
neurons. The first derivate of the vector of the bias, which is located between the input and
the hidden layers:

der (bl> = der (Z%...zo) (35)

The gradient of the hidden-layer bias vector b is equal to the derivative of the hidden
pre-activation vector Z!, reflecting how much each bias term contributes to the error. Up-
date of the vector of the bias, which is located between the input layer and the hidden layer:

Biew = Vg — LR-der (1) (36)

Lastly, the hidden-layer biases are updated by subtracting the gradient scaled by the
learning rate from the current bias vector, ensuring that each neuron’s bias is refined during
training to reduce output error.

Both the CANN and QANN were developed with highly similar overall architectures
to ensure a reasonable comparison. Each model processes a 20-dimensional input vector
of RMSE values, passes it through a hidden layer of 20 neurons, and outputs two values
corresponding to the robot’s mass and moment of inertia. Both architectures were trained
for 5000 epochs using a PSO-optimized learning rate, 50 particles, scaled velocity factor
0.5, 100 iterations, with RMSE serving as the cost function. The datasets for training
50 configurations and validation 21 configurations were purposely left unnormalized to
replicate raw real-world conditions. The main architectural difference lies in the activation
functions. While CANN employs traditional nonlinear functions, QANN integrates hybrid
quantum-inspired activation functions that combine quantum principles to simulate qubit
dynamics, thereby enhancing the network’s representational power.

To additionally describe this distinction, it is important to note that the CANN employs
standard sigmoid, ReLU, and linear activations. In contrast, the QANN replaces them with
hybrid counterparts that map the classical input z to a qubit state and use measurement
probabilities as outputs. This probabilistic weighting maintains the overall shape of the
classical functions while introducing adaptive rescaling around critical regions, such as
near zero or in early saturation, so heightening nonlinearity and representation without
altering the overall architecture. Table 2 provides a summary of the differences in activation
functions between the implementations in CANN and QANN for each function.

Table 2. Comparison between classical and quantum-inspired activation functions.

Quantum-Inspired

Activation Classical Definition Definition Key Behavioral Difference
. . Both map z = 0 to 0.5, but Q-Sigmoid
Sigmoid o(z") = = Q'.Sl§m°1d o saturates faster, giving larger outputs for
T+e (z) =sin*(o(z) - §) o
positive inputs.
QReLU(z) = Both are zero for negatives; near
ReLU ReLU(z) = max(0,z) ) [N —2 < z <2, Q-ReLU slightly reduces
sin*(0(z)- §) -z . "
output, smoothing transitions.
Q-Linear
2 Similar to classical, but Q-Linear rescales
. cos(0) -z, z<0 . .
Linear f(z) =z (2)=1 ., , slopes around the origin, adding small
sin“(6) -z, z20 adaptive shifts.

where 0 =0 (z) - 5

z* denotes the classical input variable to the activation function, representing the weighted sum of the previous
layer’s outputs.
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2.3. Mobile Robot Model

Deriving the equations of motion is required for the effective modeling, control, and
path planning of car-like mobile robots (CLMR). These equations form the foundation for
creating accurate controllers and navigation strategies that improve path-tracking perfor-
mance. In this study, we employ the Euler-Lagrange formalism, leveraging the nonlinear
dynamic characteristics of the system as depicted in Figure 6, which enables the explicit
incorporation of inertial, Coriolis, and gravitational effects [51,60]. Such a formulation
enhances the accuracy of the dynamic model and provides a systematic framework for de-
signing energy-efficient and robust control strategies suitable for real-time implementation.

£ \
- = \
\
- Kg -~ f\
Y -
ocC -
I
-
-

Figure 6. The mobile robot dynamics within a 2D planar surface.

Both linear velocity components at the robot’s center of mass, projected along the
x-axis and y-axis, are mathematically defined as:
Xe = Xpe = U — Yyt
~C . be Ybe (37)
Yo =Yy, =0+ Xpc 7

Here, xj, and y,, represent the distances from the origin of the body frame to the
center of mass along the x- and y-directions, respectively, while X¢ and Y¢ denote the
corresponding velocities at the center of mass. The translational velocities u and v, together
with the angular velocity 7, capture the complete kinematic state of the mobile robot in
body-fixed coordinates.

The robot’s equations of motion, defined with respect to its body-fixed frame, are
formulated as follows:

Fe = m-ut — m-r-ype — m-r(0 + Xpe1)
Fy = m-v+m-r-xp. + m-r(u — Ypcr)
Mz = (38)
—M-1-Ype — M-U(0 + Xpet) + M0 Xpe + M-0(U — Ypet )+
m'i‘(xbcz + ybcz) + m'r[szc(u - ybc'r) + Zybc(v + xbc'r)] + ICZ'T.’

In these expressions, m is the robot’s total mass, Iz is the moment of inertia about the
z-axis, and r is the robot’s angular velocity. For the configuration considered in this study,
the center of mass coincides with the origin of the body frame, implying that both x;. and
Ype are equal to zero. This simplifies the dynamic equations, allowing the torque applied to
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the car-like mobile robot to be directly influenced by its linear and angular accelerations.
Accordingly, the system dynamics can be represented compactly in matrix form:

0 0 u m-r-v

F; m :
F, =10 m 0 o| + |mru| =1t=D-C+n() (39)
Mz 0 0 Icy r 0

So that, { is the vector of generalized accelerations representing the CLMR’s nonholo-
nomic motion behavior, T is the total torque vector acting on the system; D is the dynamic
(inertia) matrix capturing the system’s mass distribution and resistance to acceleration;
and n({) aggregates Coriolis and centrifugal effects. Having an accurate estimate of the
robot’s position, applied forces, and inertial characteristics enable real-time adjustment of
velocity and acceleration commands. This dynamic recalibration ensures that torque and
control signals are precisely tuned, resulting in enhanced path following performance for
the CLMR.

3. Results and Discussion
3.1. Simulation Parameters

Both models were developed using a standardized architecture and dataset to assess
and compare the performance of Classical Artificial Neural Networks and Quantum-
Inspired Artificial Neural Networks in estimating the mass and moment of inertia of a
car-like mobile robot. This comparative framework ensures that any differences observed
in predictive accuracy or convergence behavior can be directly attributed to the model
architecture itself, rather than variations in training conditions. Table 3 provides a summary
of key architectural parameters, including the number of layers, activation functions, and
learning rates, as well as the simulation settings employed to maintain consistency across
all experiments.

Table 3. Neural Network Architecture and Training Parameters.

Parameter CANN QANN
Input nodes 20 20
Hidden layer nodes 20 20
Output nodes 2 2
Learning rate 0.0050233 0.0091494
Epochs 5000 5000

The dataset used in this study was derived from a previous trajectory-tracking ex-
periment involving a car-like mobile robot [60]. In that work, we employed a Quantum
Particle Swarm Optimization (QPSO) algorithm to refine the robot’s trajectory based on
a dynamic model that included mass, moment of inertia, viscous coefficients, and a fixed
desired trajectory. For the current analysis, we simulated multiple robot configurations
by systematically varying the mass and moment of inertia. Each configuration attempted
to follow the same desired path without optimization, leading to deviations caused by
dynamic constraints. These deviations were quantified as RMSE values by comparing the
actual and desired trajectories. As a result, the dataset includes triplets of mass, moment
of inertia, and their associated RMSE profiles, which can serve as a valuable resource
for future research in robot trajectory tracking and optimization algorithms. The formal
definition of these deviations and the computation of the RMSE values are presented in the
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following formulation and in standard PD control for trajectory tracking, the position error
is defined as follows [60]:

e(t) = qa(t) —q(t) (40)

where ;(t) denotes the desired trajectory of the robot at time step t, and g(t) represents
the actual trajectory measured at the same instant. To quantify the deviation between the
desired and actual trajectories, the Root Mean Square Error (RMSE) was calculated as:

(41)

where N is the total number of discrete sampling points along the trajectory, t; is the i-th
time step, and e(t;) is the position error at that time step. This formulation ensures that the
RMSE provides a single scalar value representing the overall tracking performance for each
robot configuration. These RMSE values were then used to construct the dataset, where
each entry consists of the mass, moment of inertia, and the corresponding RMSE profile. In
this study, no control law is implemented or analyzed. The PD-QPSO controller referenced
from [60] is only used as the source of the trajectory data, from which RMSE profiles were
computed for training the neural models.

Each model takes a 20-dimensional input vector representing the RMSE values cal-
culated at 20 discrete points along the robot’s trajectory. These values characterize the
differences between the desired and actual trajectories, providing indirect insights into the
robot’s underlying dynamics. The output layer consists of two neurons corresponding to
the predicted mass and moment of inertia.

The number of hidden layer nodes was empirically chosen to be 20 based on prelim-
inary investigations that pointed out that this size strikes a promising balance between
model expressiveness and the risk of overfitting. A fixed training epoch of 5000 iterations
was set to allow sufficient convergence for both architectures while facilitating comparative
analysis of their training dynamics. The selection of 20 input nodes was designed to capture
essential details throughout the robot’s trajectory. With adequately distinct robot configura-
tions simulated, each exhibiting varying mass and moment of inertia values, unique actual
trajectories were generated while adhering to the exact desired path. The 20 chosen time
points provided a representative sampling of critical trajectory deviations, allowing the
network to learn the dynamic relationships effectively. Additionally, 20 hidden nodes were
selected to maintain architectural symmetry, a design principle that ensures the network’s
structure is balanced and organized, and to ensure sufficient learning capacity without the
risk of overfitting.

The learning rates for both the CANN and QANN were deliberately optimized rather
than chosen at random. This optimization was achieved through Particle Swarm Optimiza-
tion (PSO), a bio-inspired, population-based metaheuristic algorithm designed to minimize
the training cost function. By employing this method, we ensured that both neural net-
works operated under near-optimal learning conditions specifically tailored to their unique
architectures. The search space for learning rates was defined within the interval [0, 1] to
facilitate this. A swarm of 50 particles was initialized with random positions and velocities,
the latter scaled by a factor of 0.5 to prevent overshooting. Each particle represented a
potential learning rate and was assessed using the RMSE-based cost function. Throughout
100 iterations, the swarm evolved as particles adjusted their positions using both personal
best and global best information. The learning rate that minimized the cost function across
all particles and iterations was ultimately chosen for model training.

The training dataset comprised 1000 unique data points, each representing a dis-
tinct robot configuration and its corresponding RMSE profile. An independent validation
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dataset containing 100 entries was utilized to evaluate generalization performance. This
validation dataset was purposefully left unnormalized to duplicate real-world scenarios
where incoming data may vary in scale, variance, or feature distribution. Notably, no
normalization was applied to either the input or output data in this study. This design
decision was made to evaluate the models’ true generalization capabilities in conditions
that resemble raw real-world data without artificial preprocessing to equalize feature
scales. This design choice facilitates a robust evaluation of the models” generalization
abilities under non-ideal input conditions, essential for practical implementation in a
real-time setting.

3.2. Training Process Results

To estimate the proposed neural network models’ learning performance and conver-
gence dynamics, both CANN and QANN were trained over 5000 iterations using the same
dataset. The performance was assessed using the Root Mean Square Error between the
predicted and actual values of the robot’s mass and moment of inertia. This cost function
directly measures the model’s predictive accuracy regarding the mobile robot’s physical pa-
rameters. Figure 7 illustrates the evolution of the cost functions for the CANN and QANN
models over multiple iterations. These cost functions were determined by calculating the
root mean square errors between the predicted and actual values of the robot’s masses and
moments of inertia.
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Figure 7. The evolution over iterations of the cost functions for: (a) Masses evolution; (b) Moments
of inertia.

Figure 7a illustrates the performance of CANN and QANN in minimizing their cost
functions, which resulted in accurate mass predictions. Both artificial neural networks
(ANNSs) exhibited similar trends, with average errors decreasing from 4.3 kg for QANN
and 11.7 kg for CANN. By the 2000th iteration, the cost functions dropped significantly to
0.031 kg for QANN and 0.041 kg for CANN. As iterations progressed, the average errors
continued to decline, albeit at a slower pace, ultimately reaching 0.0028 kg for QANN and
0.0031 kg for CANN by the 5000th iteration.

Figure 7b presents the performances of CANN and QANN in reducing their cost
functions for predicting the moment of inertia. Again, both ANNs demonstrated com-
parable behavior, with initial average errors of 0.03 kg-m? for QANN and 3.8 kg-m? for
CANN. By the 1000th iteration, these errors decreased to 0.025 kg'm2 for QANN and
0.71 kg-m? for CANN. Figure 7b shows that the cost functions gradually decreased with
each iteration, eventually reaching 0.0132 kg-m? for QANN and 0.1789 kg-m? for CANN at
the 5000th iteration. Both ANNSs were trained over 100 iterations, and consistently, QANN



Mathematics 2025, 13, 2856

21 of 27

Predicted masses with QANN [Kg]

Predicted moments of inertia with QANN [Kg-m?|

22

outperformed CANN in effectively reducing cost functions for both mass and moment of
inertia estimates. This consistent performance suggests a promising future for QANN in
various applications. While CANN managed to lower cost functions to acceptable levels, it
tended to become trapped in local minima and overfit the data.

An alternative approach to demonstrating the superiority of QANN over CANN is
by comparing the accuracy of predictions against the actual data from the training set, as
illustrated in Figures 8 and 9.
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Figure 8. Comparison between real mass data and those predicted by: (a) QANN; (b) CANN.
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Figure 9. Comparison between actual moment of inertia data and those predicted by: (a) QANN;
(b) CANN.

Figure 8a showcases the precision of QANN’s predictions. For each real mass value
on the x-axis, QANN consistently predicts corresponding values within a narrow margin
of 0.0028 kg on the y-axis. In contrast, Figure 8b demonstrates that CANN’s predictions
deviate more, with a mean error of 0.0031 kg on the y-axis. While CANN’s accuracy is a bit
lower than QANN’s precision; both model’s predictions are quite similar

Figure 9 indicates that both types of artificial neural networks predict different mo-
ments of inertia with acceptable accuracy: QANN achieves an accuracy of 0.0132 kg-m?,
while CANN reaches 0.1789 kg-m?. In all instances, QANN demonstrates superior perfor-
mance in predicting moments of inertia.

The results from the training process clearly show that QANN is more effective
in reducing the cost function. This is a significant finding, as it signifies that QANN
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outperforms CANN in predicting the masses and moments of inertia of the robot. The
predictions made by QANN are much closer to the actual values in the training database,
demonstrating its effectiveness. Table 4 summarizes the training outcomes for CANN and
QANN to consolidate the comparative performance of both neural network models. The
table includes RMSE values at critical stages of the training process for predicting both
mass and moment of inertia. Additionally, it highlights each model’s prediction accuracy,
generalization behavior, and consistency across repeated trials.

Table 4. Summary of Training Outcomes for CANN compared with QANN.

Metric

Iteration QANN CANN Performance Insight

Mass RMSE (kg)

QANN starts with significantly lower
initial error
QANN reduces RMSE rapidly during

1 4.30 11.70

2000 0.031 0.041
early stages
5000 0.0028 0.0031 Final RMSE notably lower for QANN
Moment of Inertia 1 0.038 3.8 QANN begins with a smaller error margin
RMSE (kg-m?) 1000 0.025 0.71 QANN converges faster
5000 0.013 0.18 Final error consistently lower for QANN
Mass Prediction - +0.0028 kg +0.0031 kg QANN closer to actual values in all cases
Accuracy
Moment 'of.Inertla a 0.013 kg-m? 0.18 kg-m> QANN maintains precision across full
Prediction mass range
Overﬁttl‘ng B Not observed Present QANN stable; CANN affected
Tendencies by overfitting
Prediction Stability B High Variable QANN shows greater consistency
(100 runs) and robustness

In summary, the training results highlight the different advantages of the quantum-
inspired neural network compared to its classical counterpart. The QANN exhibited faster
convergence, enhanced prediction accuracy, and improved stability throughout all training
trials. It consistently achieved more precise estimations of both mass and moment of inertia
while demonstrating robustness throughout the learning process. In contrast, the CANN
exhibited tendencies toward overfitting and was sensitive to local minima. However, the
QANN’s unique ability to capture involved, nonlinear relationships in robotic dynamics
were a key advantage, as it maintained reliable performance as training advanced. These
findings highlight the possibility of quantum-inspired architectures for broader applications
in real-time estimation and control tasks.

3.3. Results” Validation

Predictions from both models were compared using an independent validation dataset
to estimate and validate the generalization capabilities of the Quantum-Inspired Artificial
Neural Network and the Classical Artificial Neural Network. This measure is essential for
confirming the robustness of the models and their ability to sustain predictive accuracy
when applied to previously overlooked data, thereby simulating requirements closer to
real-world deployment scenarios. Figure 10 delivers a straightforward comparison between
the actual values and the predictions generated by both neural networks for mass and
moment of inertia parameters.
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Figure 10. Comparison between actual and predicted data for: (a) Masses; (b) Moments of Inertia.

In Figure 10a, the predictions for mass show reasonable accuracy from both QANN and
CANN, closely aligning with the diagonal line that represents perfect prediction accuracy.
Both models achieved identical root mean square errors about RMSE of approximately
0.003 kg, offering substantial generalization capabilities and consistent performance when
faced with unseen data. The predictions closely reach the ideal values across the entire
tested mass range among 5-20 kg, accentuating the effectiveness of both QANN and CANN
in accurately evaluating mass in practical applications.

Figure 10b depicts a clear difference between QANN and CANN in their predictions of
moments of inertia. QANN'’s predictions invariably align with the actual values, achieving a
validation RMSE of 0.0195 kg - m?, which indicates firm agreement and stability compared
to its training dataset performance in RMSE of 0.0132 kg - m?. Nevertheless, CANN'’s
predictions show a much wider distribution and more influential deviation, particularly at
higher inertia values. The validation dataset’s RMSE for CANN increased significantly to
0.125 kg - m?, demonstrating a noteworthy decline in predictive reliability relative to its
training performance, which emphasizes the demand for further research and progress in
CANN’s predictive capabilities.

The discrepancy between the performance of QANN and CANN highlights an im-
portant distinction, QANN exhibits a stable predictive capability, effectively balancing the
complexity of learned relationships with the ability to generalize across new data points. In
contrast, the CANN shows signs of overfitting, performing well during training validation,
particularly with complicated predictions involving higher moments of inertia.

In conclusion, the validation results reaffirm QANN'’s benefits, particularly its su-
perior capacity to generalize without succumbing to common modeling challenges such
as overfitting or underfitting. The consistent predictive accuracy of QANN across both
mass and moment of inertia, even for previously unseen data, verifies its robustness and
reliability for real-world robotics applications.

4. Conclusions

The comparative evaluation of two distinct neural architectures, a Classical Artificial
Neural Network and a Quantum-Inspired Artificial Neural Network, demonstrated clear
advantages in integrating quantum-inspired computation for dynamic parameter estima-
tion in mobile robotics. Leveled in classic learning theory, CANN served as a performance
baseline. At the same time, QANN, designed using principles such as quantum superpo-
sition and probabilistic measurement, exhibited better predictive accuracy, convergence
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behavior, and generalization capacity. Over 100 simulation independent trials, QANN
consistently outperformed CANN, achieving a 9.7% reduction in training RMSE for mass
from 0.0031 kg to 0.0028 kg and an 84.4% decrease in validation RMSE for moment of inertia
from 0.125 kg-m? to 0.0195 kg-m?. Additionally, QANN displayed better generalization
and robustness in regression and classification tasks.

These findings highlight the advantages of integrating quantum computing principles
into classical machine learning frameworks. Quantum-inspired artificial Neural networks’
enhanced convergence, stability to overfitting, and stable prediction results signify a
profitable advancement for high-precision dynamic parameter estimation in robotic control
systems. More importantly, they instill confidence in its robust performance, particularly
in situations that demand accurate real-time modeling, reassuring the audience about its
performance in challenging situations.

However, this study’s limitation is that it focuses only on simulated data, based on a
relatively modest dataset. The models have yet to be tested in real-world conditions, where
factors such as sensor noise, nonlinear dynamics, and system uncertainties could impact
performance. Therefore, future research should focus both on validating these findings
under real-world conditions and on expanding the dataset to ensure more comprehensive
and reliable evaluation of the proposed QANN framework.

Future research to enhance the quantum model of the network involves implementing
the QANN architecture on different embedded robotic platforms and evaluating its perfor-
mance under varying environmental conditions. This step holds significant promise for
the future of robotic applications, as QANN'’s potential in real-world scenarios, including
multi-joint manipulators, unmanned aerial vehicles (UAVs), and cooperative multi-agent
platforms, is yet to be thoroughly investigated. Additionally, focus on expanding the
dataset, as the current architecture requires a larger volume of data to effectively optimize
its numerous trainable parameters and more reliably minimize the cost function. Beyond
dataset expansion, future studies will also incorporate randomized training and valida-
tion splits, such as cross-validation, to provide a more statistically rigorous assessment
of model performance and to confirm the robustness of the QANN framework across
multiple data partitions. These future directions will provide broader validation of the
QANN framework, offering further confirmation of its robustness, adaptability, and general
applicability across diverse robotic domains. Moreover, future research may also extend
toward closed-loop stability analysis for car-like robots under nonholonomic constraints
and viscous environments, which lies beyond the current parameter-estimation scope.

In conclusion, the current research underscores the influential potential of quantum-
inspired neural models. The advantageous performance of QANN in this study particularly
enhances our anticipation for its future applications, where it can seriously enhance preci-
sion, adaptability, and computational efficiency in autonomous robotic systems.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network

CANN Classical Artificial Neural Network
CAVs Connected and Autonomous Vehicles
CLMR Car-Like Mobile Robot

DDPG Deep Deterministic Policy Gradient
LiDAR Light Detection and Ranging

LSTM Long Short-Term Memory

MARL Multi-Agent Reinforcement Learning
MSE Mean Squared Error

NISQ Noisy Intermediate-Scale Quantum
PSO Particle Swarm Optimization

QANN Quantum-Inspired Artificial Neural Network

Q-DDPG Quantum Deep Deterministic Policy Gradient
Q-RDDPG  Quantum Recurrent Deep Deterministic Policy Gradient
QRL Quantum Reinforcement Learning

R-CNN Region-based Convolutional Neural Network
R-FCN Region-based Fully Convolutional Network
ReLU Rectified Linear Unit

RGB Red Green Blue (color space used in imaging)
RMSE Root Mean Squared Error

usv Unmanned Surface Vehicle

LR Learning Rate

q-FPS Quantum Fast Path Search

q-RRT Quantum Rapidly Exploring Random Tree
UAV Unmanned Aerial Vehicles
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