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This editorial introduces a Special Issue of Machines entitled “Recent Developments in Ma-
chine Design, Automation and Robotics”. This Special Issue arrives at an important time
in industrial evolution, when digital transformation, sustainability, and productivity opti-
mization are redefining how machines and systems are conceived, built, and operated [1–3].
Modern industrial competitiveness depends not only on production output or cost effi-
ciency, but also on the ability to rapidly adapt to changing demands and ensure high levels
of reliability and traceability while incorporating environmentally responsible practices to
help businesses achieve their goals [4]. These objectives can only be achieved by integrat-
ing automation, robotics, and intelligent system design into the industrial processes [5,6].
As the fourth industrial revolution (Industry 4.0) continues to progress, the design and
deployment of machines and manufacturing systems is facing significant changes [7].
Concepts such as cyber–physical systems, real-time data processing, artificial intelligence
(AI), and the Internet of Things (IoT) are giving rise to smart factories—environments
in which automation and robotics are not isolated functions but act together to promote
autonomous operation and continuous improvement [8,9]. This transformation provides
new opportunities and presents novel challenges: the implemented production systems
must be increasingly flexible, decentralized, safe for human interaction, and resilient to
disturbances [10]. On the other hand, global pressures regarding sustainability and energy
efficiency also affect machines’ design and operation during their life cycle, influencing
material selection, maintenance, and recycling [11]. This Special Issue aims to address
these needs by collecting innovative scientific and technological contributions that describe
the evolution of machine design, automation, and robotics. The 32 accepted papers cover
a wide range of innovative topics in the form of review and research papers, which are
organized into five main areas. Each area represents a distinct dimension of the current
research and developments in intelligent industrial systems.

1. Artificial Intelligence and Machine Learning in Automation
The increasing user experience and accessibility of AI tools have revolutionized how

industrial automation is applied in real settings [12,13]. Machine learning (ML) techniques
currently play a major role in improving machine performance, adaptability, and fault
tolerance by applying techniques/tools such as advanced diagnostic systems, predictive
control, and autonomous decision-making [14]. These tools allow systems to read and act
in dynamic environments, enabling self-optimization and proactive maintenance strate-
gies [15]. AI is becoming increasingly prevalent in hardware and edge devices, creating
intelligent machines capable of learning from their own operation and improving over
time [16,17]. Fabiocchi et al. [18] introduced a vision-based virtual sensor that estimates
ground reaction forces in mechanical systems without the need for physical sensors. Using
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AI models trained on dynamic behavior data, the system analyzed video input to infer
force trends in real time. Validated under realistic conditions, the method was considered
both accurate and robust, and it offered a non-invasive and cost-effective solution for
force monitoring in industrial machinery. Haque et al. [19] proposed a lightweight and
interpretable framework for fault diagnosis in electric vehicle drive motors. By combining
optimized ML models with feature selection and a soft voting ensemble, the approach
achieved high diagnostic accuracy with low computational demands. The framework was
validated using both simulated and real-world datasets, demonstrating strong general-
izability and transparency. Al-refai et al. [20] developed two deep learning models for
surface classification using internal measurement unit (IMU) time-series data from ground
robots as a cost-effective alternative to vision-based systems. A cascaded convolutional
neural network-long short-term memory (CNN-LSTM) attention model and a parallel
fusion variant were proposed and evaluated. While the cascaded model achieved higher
accuracy, the parallel model offered faster processing, making it better suited for real-time
applications. Both models benefited from the inclusion of multi-head attention mechanisms.
Bougoffa et al. [21] introduced a hybrid deep learning framework combining stacked sparse
auto-encoders with an optimized multilayer perceptron to detect faults in photovoltaic
systems. Trained and validated on real-world data, the model achieved near-perfect accu-
racy for various fault types and environmental conditions. It outperformed conventional
methods, thus providing a scalable and efficient solution to enhance system reliability and
reduce maintenance costs. Silaa et al. [22] proposed an adaptive sliding-mode controller
with a forgetting factor to improve trajectory tracking in a two-degrees-of-freedom (DOF)
robotic arm. The adaptive mechanism enhanced robustness and reduced chattering, while
the forgetting factor helped to prevent gain drift. Stability was proven via Lyapunov theory,
and simulations confirmed superior performance over conventional sliding-mode controls
(SMCs) in terms of accuracy and noise resilience. Lisauskas and Maskeliunas [23] presented
a Transformer-based model for road scene segmentation which was designed to improve
object detection and environmental understanding in autonomous systems. A custom
decoder with attention-based fusion was developed to preserve spatial detail and enhance
contextual awareness. The model achieved strong performance on the Cityscapes dataset
and, with its lightweight architecture, was considered suitable for memory-constrained
devices. Osan and Drenţa [24] applied artificial neural networks (ANNs) to optimize
metal machining processes by predicting surface quality and estimating machining time.
One model forecasted surface roughness based on machining parameters, while another
estimated operation duration for cost planning. The results showed accurate predictions,
supporting improved efficiency and process control in manufacturing. Ochoa et al. [25]
introduced a type-3 fuzzy system (T3FS) to dynamically adapt the crossover parameter
in differential evolution algorithms. Applied to an inverted pendulum control task, the
approach improved optimization accuracy and consistency compared to static parameter
settings. The results demonstrated lower error and variance, highlighting the potential of
T3FS in tuning controllers for uncertain nonlinear systems.

2. Robotics and Human–Machine Interaction
Modern robotics is shifting to higher levels of collaboration, mobility, and contextual

awareness [26,27]. Human–robot interaction (HRI) is no longer limited to industrial safety
or physical assistance. It now involves intuitive interfaces, augmented reality, shared
decision-making, and accessibility [28]. This area includes developments in collabora-
tive robots (cobots), multi-robot coordination, mobile robotics for specialized tasks, and
sensor-driven interaction [29,30]. This research is essential for automating tasks that are
traditionally occupied by human labor, while maintaining safety, flexibility, and ergonomic
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considerations [31]. As robotics becomes universal, designing systems that can understand
and respond to human intentions becomes central to successful implementation and co-
existence in manufacturing [32]. Subramanian et al. [33] reviewed the role of augmented
reality (AR) in HRI, particularly in manufacturing contexts. It identified the main chal-
lenges, such as situational awareness and communication, and proposed a framework to
guide the design and evaluation of AR systems. The framework, supported by case studies,
emphasized safety, collaboration, and user-centered principles from human–computer
interaction (HCI). Pham et al. [34] proposed a path-planning model (named the Multi-ST
model) for multi-robot coverage path planning in environments with static and dynamic
obstacles. Based on a spiral-spanning tree algorithm with intelligent reasoning, the method
improved coordination, obstacle avoidance, and coverage efficiency. The experimental
results showed superior performance compared to existing approaches in terms of robust-
ness, scalability, and adaptability to dynamic conditions. Voutsakelis et al. [35] developed
and evaluated a smartphone app for blind users that combined real-time object detection
with haptic and audio feedback. Using the EfficientDet-lite2 model and the common ob-
jects in context (COCO) dataset, the app enabled users to interact with detected objects
through touch and sound. Usability tests confirmed that the haptic feedback significantly
improved user experience, accessibility, and independence. Pan et al. [36] presented the
design and testing of a robot to install spacers on six-split transmission lines, aiming to
reduce manual labor and safety risks. The system included a wire-following mechanism,
spacer storage, and an assembly arm. The experimental results showed efficient opera-
tion with low error rates, demonstrating its potential for use in power line maintenance
under complex conditions. Florescu [37] developed a digital twin for a flexible manu-
facturing system integrating intelligent machine tools and robots, supporting the goals
of Industry 4.0. The digital replica was used for system design, simulation, and virtual
commissioning of a real cylindrical-part production process. Simulations enabled error
detection, collision avoidance, and process optimization through collaborative robotics.
Tissot-Daguette et al. [38] introduced flexure-based rectilinear stages using coupled serial
revolute joint (RRR) planar parallel mechanisms to minimize parasitic shifts without sacri-
ficing stiffness or range. Finite element method (FEM) simulations and experimental tests
confirmed sub-micron precision and robust support stiffness. A silicon prototype with
thermally preloaded buckling beams further reduced translational stiffness, demonstrating
the design’s suitability for high-precision micro- and nano-positioning applications. Foiani
et al. [39] evaluated a robotic C-arm manipulator as a passive attitude control device for a
1U CubeSat. Simulations showed that while gravity gradient stabilization and magnetic
control were feasible, pointing accuracy was limited and affected by instabilities due to
the lack of damping. The approach proved suitable for missions with relaxed attitude
requirements typical of CubeSat platforms.

3. Smart Manufacturing and Control Systems
Control strategies play a central role in the architecture of automated operations. In the

context of smart manufacturing, they evolve into adaptive, real-time, and often AI-assisted
mechanisms that ensure high precision, energy efficiency, and system resilience [40]. This
area explores advanced manufacturing cells, digital twins for simulation and optimization,
and automated quality assurance techniques [41,42]. It also embraces the design of software
architectures and communication protocols that enable interoperability, decentralization,
and modularity, which are the main characteristics of Industry 4.0-compliant environ-
ments [43]. Overall, smart control systems enhance productivity and are fundamental
for integrating sustainability and flexibility into modern production [44]. Jia and Pei [45]
reviewed recent advances in multi-agent reinforcement learning (MARL) applied to the
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intelligent control of water environment systems. The authors examined core algorithm
types, cooperative strategies for tasks like water scheduling and monitoring, and challenges
such as communication instability and system heterogeneity. The study also highlighted
emerging solutions for generalization and robustness, which provided insights for future
applications in water infrastructure. Tzimas et al. [46] presented the design and implemen-
tation of a controller for a flexible manufacturing cell with heterogeneous equipment and
communication interfaces. Focusing on integration, extensibility, and interoperability, the
system was applied to microfluidic device production. Open-source technologies enabled
effective control and communication, supporting reusability and reducing dependence
on proprietary protocols. Curralo et al. [47] designed semi-automatic equipment to re-
place manual connector assembly in the automotive sector, aiming to reduce cycle time
and labor costs. The system automated component insertion and used AI-based vision
for quality control. Structural verification, cost analysis, and validation confirmed the
design’s effectiveness and adaptability to other industries such as electronics and aerospace.
Rashed et al. [48] addressed the lack of sound-based diagnostics in intelligent transporta-
tion systems by developing a specialized audio dataset and proposing a multi-model
classification framework. Using advanced feature extraction and a Bayesian-optimized en-
semble method, the system accurately identified vehicle faults and emergency sounds. The
results showed strong potential for real-time diagnostics and accessibility enhancements
in smart city environments. Paduraru et al. [49] proposed a hybrid testing framework for
robotic process automation (RPA) workflows, which combined symbolic execution and
concolic testing to improve validation. The open-source solution enhanced test coverage,
reduced manual effort, and supported multiple RPA platforms. Industry-based evalua-
tions confirmed its effectiveness in improving reliability and aligning with best testing
practices. Puri et al. [50] addressed agricultural safety by analyzing terrain slope data with
terrestrial Light Detection and Ranging (LiDAR) and correlating it with machinery tilt
specifications to assess tip/roll-over risks. Conducted in alpine vineyards in Trento, the
research supported safer decision-making for machinery use on steep terrain. The findings
aimed to improve occupational health and safety in agriculture by informing both operators
and manufacturers. Klein Fiorentin et al. [51] addressed challenges in ultrasonic fatigue
testing, focusing on specimen design and heat generation during high-frequency loading.
A methodology was proposed to quantify heat severity based on material properties and
to guide geometric design for resonance at 20 kHz. The work provided practical insights
into managing temperature effects and thermal gradients in fatigue testing.

4. Electric Machines, Drives, and Mechatronics
Despite the growing role of software and AI, mechanical and electromechanical com-

ponents remain the core of industrial systems [52]. Innovations in electric machines,
powertrains, sensors, and actuation mechanisms enable more compact, efficient, and robust
machines adapted to specific applications [53]. The field of mechatronics, combining me-
chanical engineering, electronics, and computing, continues to produce highly integrated
and responsive systems [54,55]. In this area, attention is given to the design, modeling,
and optimization of electric motors, dynamic analysis of mechanical transmissions, and
advanced diagnostics for condition monitoring and system reliability [56]. Zhang et al. [57]
proposed a modeling approach for gear tooth profile errors using both systematic and ran-
dom distribution components to better reflect real machining conditions. A mathematical
model was developed to assess their impact on contact stress and transmission accuracy.
The results showed a 13.8% reduction in output accuracy due to these errors, which showed
the importance of precise error prediction during the design stage. Zhang et al. [58] de-
veloped a non-destructive device to detect dynamic unbalance in small cylindrical rollers
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using air flotation support and resonance amplification. A dynamic model was created and
validated through modal and harmonic response analyses. Experimental tests confirmed
the system’s ability to measure unbalance accurately without damaging the roller surface.
Ahmed et al. [59] presented a hybrid brushless wound-rotor synchronous machine with an
outer rotor and integrated permanent magnets for enhanced performance. A centrifugal
switch enabled dual-mode operation, allowing the machine to function as a permanent
magnet synchronous motor (PMSM) at high speeds. Designed for dual-speed applications
like washing machines, the concept was validated through two-dimensional (2D) simu-
lations using ANSYS®. Vlachou and Karakatsanis [60] developed a fault-tolerant PMSM
for elevator systems and validated its performance through simulation and real-world
testing. Operational data were analyzed using a Random Forest classifier, achieving 94%
accuracy in detecting motor health states. The integration of robust design with ML enabled
effective predictive maintenance and improved system reliability. Kim et al. [61] proposed
a 2D equivalent analysis method for outer rotor brushless DC (BLDC) motors, address-
ing challenges posed by the permanent magnet (PM) overhang structure. The approach
incorporated spatial harmonics and Carter coefficients to accurately evaluate electromag-
netic performance. Optimization using the Non-dominated Sorting Genetic Algorithm-II
(NSGA-II) enhanced efficiency and power density, and the results were validated against
FEM simulations for accuracy.

5. Green Design, Machining, and Sustainability
Sustainable engineering is no longer a side consideration but a guiding principle in the

design of industrial systems [62,63]. This area addresses green manufacturing processes,
energy-efficient machining, environmentally conscious machine design, and multi-criteria
decision-making, facilitating the selection of technologies with minimal environmental
impact [64]. Concepts such as minimum quantity lubrication (MQL), recycling of materials,
and energy-aware optimization are central in this area [65]. As industries face increasing
regulatory pressure and societal expectations to implement sustainable practices, the devel-
opment of machines that support circular economy principles is becoming a strategic imper-
ative [66]. Kokkinis et al. [67] reviewed current trends and emerging technologies in mining
exploration and drilling, highlighting the shift toward fully autonomous, infrastructure-
independent machines. Advances in AI, IoT, robotics, and computational modeling were
shown to be transforming mining equipment design. Their study emphasized the need for
new approaches in deep and near-to-face exploration, especially as interest in re-opening
abandoned mines grows. Buldum et al. [68] evaluated the turning performance of AZ91D
magnesium alloy under dry, MQL, and nano-reinforced MQL (NanoMQL) conditions using
carbon nanotube additives. The NanoMQL setup significantly improved surface quality
and reduced tool wear compared to other methods. Enhanced lubrication and thermal
conductivity led to lower built-up edge formation, making NanoMQL ideal for demanding
machining conditions. Maurya et al. [69] analyzed energy consumption and electrode wear
in die-sinking electrical discharge machining (EDM) using real-time monitoring under
varied machining parameters. High discharge currents significantly reduced machining
time and specific energy consumption, improving both efficiency and sustainability. The
findings offered practical insights to optimize EDM processes in advanced manufactur-
ing. Ramírez-Jiménez and Torres Valencia [70] presented the design and simulation of
a low-cost fly-cutting plant prototype for academic training in automation and control.
A three-dimensional (3D) model was created in SketchUp and simulated using Matlab
and Simulink, incorporating a conveyor and continuous cutting system. Performance and
cutting tests validated the setup, making it suitable for hands-on process control education.
Raman et al. [71] proposed a technique for order of preference by similarity to ideal solution
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(TOPSIS)-based methodology to support the selection of Fused Filament Fabrication (FFF)
machines based on multiple weighted criteria. Sensitivity analysis using Monte Carlo
simulations evaluated the effects of decision variability and scoring uncertainty. The ap-
proach was tested on three case studies, showing robust and consistent machine rankings
for specific part requirements.

This Special Issue presents an innovative and forward-looking compilation of re-
search showcasing the coverage and interdisciplinarity of machine design, automation, and
robotics that defines the next generation of industrial technologies. By presenting rigorous
theoretical analyses, experimental investigations, numerical simulations, and practical
implementations, the contributing authors have collectively advanced the understanding
of automation, robotics, and machine design in meaningful and application-oriented ways.
As the Guest Editor of this Special Issue, I wish to express my sincere appreciation to all
authors for their high-quality contributions, and to the reviewers whose critical evaluations
and expert insights were essential to ensuring the high scientific standard of this issue. I
also gratefully acknowledge the editorial staff of Machines for their support throughout the
publication process. It is my strong belief that this Special Issue, facilitated by the open
access publication system offered by MDPI, will serve as a valuable reference for academic
researchers and as a source of technical guidance for industry professionals dealing with
the design, control, and integration of intelligent manufacturing systems.

Conflicts of Interest: The author declares no conflicts of interest.

References
1. Li, L. Digital transformation and sustainable performance: The moderating role of market turbulence. Ind. Mark. Manag. 2022,

104, 28–37. [CrossRef]
2. Han, Y.; Li, Z.; Feng, T.; Qiu, S.; Hu, J.; Yadav, K.K.; Obaidullah, A.J. Unraveling the impact of digital transformation on green

innovation through microdata and machine learning. J. Environ. Manag. 2024, 354, 120271. [CrossRef] [PubMed]
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