
110 

REVOLUTIONIZING MANUFACTURING: THE ROLE OF ROBOTICS IN THE 21st 

CENTURY 

 DRI Dassanayake1, MK Buddhika2, IDK Maduranga3, JA Seneviratne4 and  WGC Kumarage5 

Abstract 

The Industrial robotics sector is experiencing rapid growth driven by the escalating need for automation 

across various industries. This review systematically analyses the prevailing trends, challenges, and future 

directions of robotic technologies within the manufacturing sector. This review article delves into the 

prevailing trends, inherent challenges, and future directions of robotic technologies in the manufacturing 

sector. The study employed a comprehensive literature review and case analysis, focusing on key robotic 

methodologies such as collaborative robots (cobots), digital twin (DT) technology, and machine vision 

systems integrated with artificial intelligence (AI) for enhanced performance optimisation. Through the 

methodological approach of synthesising case studies and empirical findings from leading enterprises such 

as Amazon and DHL, this review leverages logistics robots, including autonomous pick-and-place systems, 

to enhance operational efficiency in their warehouse. Additionally, the integration of machine vision 

systems powered by convolutional neural networks (CNN) enables precise object recognition and 

positioning, fostering a collaborative human-robot interaction framework. Key findings indicate that cobots 

are increasingly pivotal in augmenting industrial efficiency while maintaining safety in human-robot 

collaboration. Furthermore, Digital Twin technology has proven instrumental in simulating real-time 

manufacturing environments, optimising assembly line performance and predictive maintenance strategies. 

However, several challenges persist, including the difficulty of programming robots to handle complex 

objects and the complexities of balancing human and robot activities in synchronised tasks. Despite the 

advantages of these robotic systems, significant challenges remain. A significant hurdle lies in 

programming robots to accurately identify and manipulate complex objects, often necessitating iterative 

trial-and-error methods. Besides that, balancing the assembly line and effectively scheduling the robotics 

and human activities is important. Additionally, industrial robots face technological limitations, including 

the complexity of multitasking, alongside social and ethical concerns. The review concludes that while 

industrial robots have revolutionised many aspects of manufacturing, ongoing research is required to 

overcome technological limitations, such as multitasking capabilities and ethical concerns related to human 
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labour displacement. Anticipated advancements in robotics and AI are expected to enhance manufacturing 

efficiency further and expand robotic applications beyond traditional industrial settings in the coming years. 

Keywords: Cobots; Digital Twin; Manufacturing; Robotics 

Introduction 

In the 21st century, robotic systems have revolutionised numerous industries, finding applications in diverse 

fields such as healthcare (Lu et al., 2024; Patrício et al., 2024), agriculture (Yang et al., 2023; T. et al., 

2024), space exploration (Morrell et al., 2024) and manufacturing and industrial automation (Evjemo et al., 

2020) (Fig. 1). These advancements have made robotic systems indispensable, driving significant 

improvements in efficiency and productivity. Recent years have witnessed remarkable progress in robotics 

technology, fundamentally altering industrial operations. Advanced robotic systems have become integral 

to modern manufacturing processes, enhancing precision, reducing labour costs, and increasing overall 

productivity (Zhao et al., 2024; Duan et al., 2023; Chen et al., 2024). 

The fourth industrial revolution, Industry 4.0, is central to this transformation, characterised by the 

convergence of physical and digital technologies. Industry 4.0 encompasses advanced technologies such as 

the Internet of Things (IoT) (Kareemullah et al., 2023; Ozer et al., 2022; Chehri et al., 2021), artificial 

intelligence (AI) (Leutert et al., 2024; Mukherjee et al., 2024; Dzedzickis et al., 2021; Arkouli et al., 2021), 

big data analytics (Ma et al., 2024; Kunecová et al., 2024), robotics (Dzedzickis et al., 2021; Xu et al., 

2024), and cyber-physical systems (Pedone et al., 2024; Brennan & Lyu, 2024). This integration facilitates 

significant communication and coordination between machines, devices, sensors, and humans, enhancing 

data collection, autonomous decision-making, and automating complex processes (George et al., 2021; 

Rahman et al., 2023). 

Robotic systems are pivotal in this industrial revolution, addressing critical challenges and revolutionising 

operational efficiencies. They have become essential for automating repetitive tasks, minimising errors, and 

significantly boosting profitability (Çalık et al., 2020; Javaid et al., 2021). The deployment of robotic 

systems across various sectors, such as electrical/electronics, automotive, and food processing, has seen 

remarkable growth, underscoring their expanding applications in enhancing industrial capabilities.  

Figure 1: Robotics in Different Fields. 
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As depicted in Fig. 2, the increased utilisation of robotics is evident across these sectors (IFR et al. of 

Robotics, n.d.). Data from the International Federation of Robotics (IFR), shown in Fig. 3, highlights a 

significant global increase in robot density within manufacturing industries. This trend signifies a profound 

transition from manual labour to automation, reflecting the critical role of robotics in driving industrial 

advancements. The growing prevalence of robots in various sectors enhances efficiency and productivity. 

It marks a transformative shift in industries' operations, paving the way for future technological innovations 

and economic growth. 

 

Within manufacturing, robotics has significantly optimised production processes through various 

innovations. One of the most noteworthy advancements is the development of collaborative robots (cobots). 

Cobots are designed to work alongside human operators and enhance operational efficiency by safely 

coexisting with human workers in shared environments (Nourmohammadi et al., 2024; Javaid et al., 2021; 

Buhl et al., 2019). Unlike traditional robots, which might disrupt workflows when humans are present, 

cobots facilitate seamless collaboration, addressing issues such as production line flexibility and mitigation 

of physical strain on workers (Ferraguti et al., 2019; Bragança et al., 2019; Song et al., 2023). This 

development represents a critical evolution in industrial robotics, aiming to optimise productivity and 

worker safety. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: 

Annual 

Installations of Industrial Robots by Customer Industry World (IFR et al. of Robotics, n.d.) 

 

In addition to collaborative robots (Fig. 4), Digital Twin (DT) technology is revolutionising industrial 

robotics (Tavares et al., 2017; Vachalek et al., 2017; Aivaliotis et al., 2019). By creating a virtual replica of 

a physical system or components, digital twins mirror their lifecycle and operations in real time (Mazumder 

et al., 2023; Jones et al., 2020; Tao et al., 2019). This innovative technology allows for real-time monitoring 

and simulation, enhancing optimisation and predictive maintenance. 
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Figure 3: Robot Density in the Manufacturing Industry 2022. Reprinted with permission (IFR 

International Federation of Robotics, n.d.) 

 

As illustrated in Fig. 5, the evolution of digital twin technology underscores its growing significance in 

advancing industrial robotic systems, paving the way for more innovative, more efficient manufacturing 

processes. Despite its advantages, using digital twin technology in industrial robotics faces challenges such 

as computational demands and data security risks. These issues can be addressed through advancements 

like blockchain technology (Lee et al., 2021; Tao et al., 2022). Subsequently, Another assembly line 

balancing problem (ALBP) is another significant challenge involving efficient allocation and scheduling of 

tasks to synchronise human and robot activities effectively (Fathi et al., 2024; Boysen et al., 2022). 

Addressing ALBP is essential for maintaining high efficiency and productivity on assembly lines, ensuring 

that human and robotic resources are utilised optimally. 

 

The presenting article emphasises the challenges and opportunities of implementing robotics in emerging 

sectors where robotic technology is nascent. By focusing on the early stages of robotics integration, we 

examine the specific issues faced by industries just beginning to explore the potential of robotics. This 

exploration provides valuable insights into the foundational aspects of robotic implementation, including 

initial setup, adaptation strategies, and the development of industry-specific solutions. 

 

 

 

 

 

 

 

 

Figure 4: A Workspace with Collaborative Robot. Reprinted with permission (Technical Articles 

Archives - Industrial Robotics, n.d.)  
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By addressing these critical aspects, the article aims to deepen the understanding of two types of robot 

technologies, the materials used, and how robotics can be effectively introduced and utilised in emerging 

industrial contexts. This knowledge paves the way for future advancements and broader adoption, 

ultimately driving innovation and efficiency across various sectors. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Evolution of Digital Twin Over Past Years (Mazumder et al., 2023). 

 

Methodology 

Collaborative robots represent a significant advancement in industrial automation, designed to operate 

collaboratively with humans in open workspaces (Ferraguti et al., 2019; Javaid et al., 2022; Buhl et al., 

2019). The efficacy of cobots is closely linked to the quality and sophistication of their hardware 

components. These robots are adept at performing physically demanding or highly repetitive tasks, thereby 

enhancing productivity and reducing human physical strain (Hamza Zafar et al., .2024). Cobots are 

equipped with sophisticated actuation systems, combining rigid actuators for precision with under-actuated 

soft actuators that mimic human flexibility (Vicentini et al., 2020). Contemporary production robots boast 

a high degree of freedom (ranging from 6 to 12 degrees of freedom) and exceptional precision (Mukherjee 

et al., 2022). Furthermore, integrating torque sensors and obstacle detection systems elevates safety 

standards, ensuring cobots operate safely alongside their human counterparts (Nicole Berx et al., 2024). 

 

Intended, direct real-time interaction, cobots can work securely beside humans when appropriate safety 

measures and advanced control algorithms are implemented. This human-robot collaboration underscores 

a pivotal shift in industrial practices, fostering more efficient and ergonomic work environments (Al-

Yacoub et al., 2021; Zafar et al., 2024). Even though these methods are efficient, one of the major concerns 

is enhancing safety, which requires a multifaceted approach. One innovative method combines Learning 

from Demonstration (LfD) with ensemble machine learning, employing techniques such as Random Forest 

and Weighted Random Forest for effective knowledge transfer and task execution (Al-Yacoub et al., 2021). 
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Random forest regression consists of several decision trees, where each node is split based on the best 

variable amongst a randomly chosen subset at each node. 

 

Moreover, trees outperforming others are identified, and their weights are increased to improve the overall 

performance in the weighted random forest regression. Time Series K Means and LSTM-RNN are other 

approaches to enhance safety. For instance, these approaches predict human upper-limb movement 

intentions, refining reaction times and ensuring safety (Buerkle et al., 2021) in here. Mobile 

electroencephalogram (EEG) sensors detect human perception of potential emergencies. This method 

processes real-time EEG data using decision tree models and wavelet transforms for hazard detection 

(Buerkle et al., 2021). During this approach, an experimental 9-12 second recording of EEG data is obtained 

from several participants simulating an emergency. That data set trains and validates a machine-learning 

model to detect any danger. Moreover, integrating workspace monitoring and augmented reality interfaces 

based on depth sensor information enhances real-time safety (Hietanen et al., 2020). Another significant 

contribution involves using sensor-less haptic control for collaborative assembly tasks through adaptive 

admittance control (Liu et al., 2021; Zhu et al., 2021). 

 

Consequently, a novel human-robot collaborative (HRC) assembly framework has been developed to 

increase the demand for medical equipment following the COVID-19 pandemic (Lv et al., 2021). These 

shared environment frameworks are now being improved by incorporating Digital Twin (DT) technology. 

A real-time visual representation of the system is made possible by DT integration into the assembly 

process, providing a smooth human-robot interface (HRI) for effective control and monitoring. 

 

This framework's central component is an advanced data management system that compiles datasets from 

the DT space so that a Deep Deterministic Policy Gradient (D-DDPG) module can be used. This module is 

crucial for optimising HRC strategies and action sequences in dynamic scenarios where continuous 

adaptation is necessary. Physical sensors enable real-time data collection by capturing and synchronising 

environmental conditions with the assembly process. This allows the assembly line to be optimised for both 

speed and accuracy. Additionally, the framework employs laser scanners to obtain point cloud data from 

the environment, which is subsequently segmented using a point cloud segmentation algorithm. This 

segmentation is crucial for defining the spatial parameters of the assembly environment, allowing for better 

navigation and task execution by the robotic systems. Testing of this HRC framework on an alternative 

case revealed substantial improvements in both productivity and robustness, indicating its potential for 

broader industrial application. 

 

Moreover, a haptic-touch detection method has been developed for Industry 4.0 scenarios, such as 

collaborative welding. This method has demonstrated remarkable accuracy (99.9%) and a low miss rate 

(10%), as measured by the 3-Sigma rule evaluation and Hampel identifier. The high precision of this 

approach ensures its viability for real-time industrial applications (Tannous et al., 2020). Thus, the 

combined use of DT technology, real-time data management, and advanced sensory feedback systems in 

HRC frameworks represents a significant leap forward in the automation and efficiency of modern 

industrial processes. 

 

 

 



The Journal of Desk Research Review and Analysis, Vol. 2, Issue 1, 2024, 110-126 

116 

 

Results and Discussion  

Integrating robotics into industrial environments is intricate and varied, influenced significantly by the 

sector in question. In established industries like automotive manufacturing, robotics implementation is 

relatively seamless, benefiting from long-standing practices, advanced tools, and sophisticated control 

algorithms that facilitate the smooth adoption of new technologies (Einabadi et al., 2019). Conversely, 

emerging sectors at the forefront of robotics innovation face distinct challenges. These industries must 

grapple with the complexities of initial system deployment, which includes developing novel integration 

methods, designing bespoke control systems, and establishing tailored quality assurance protocols. This 

variation in integration practices highlights the diverse landscape of robotics adoption and emphasises the 

need for sector-specific approaches. This discussion will explore two pivotal technological advancements: 

Digital Twin (DT) technology and collaborative robots (cobots), and how materials are employed to drive 

robotic advancements in various industrial sectors. 

 

Technology 

DT technologies are applied to create digital twins, virtual replicas that simulate real behaviours in some 

physical objects, systems, or processes. DT technology created a virtual model to analyse and predict 

performance, diagnose problems, and optimise operations (David et al.,2021). DT technology has hugely 

advanced in several key areas (Ariansyah et al., 2023). One of the most significant benefits is predictive 

maintenance, which minimises equipment downtime and reduces maintenance costs by continuously 

monitoring equipment and predicting potential failures. DTs also enable process optimisation by simulating 

different scenarios, allowing manufacturers to evaluate and determine the most effective process. DTs 

provide actionable insights by integrating real-time data and analytics, allowing quicker and more informed 

decision-making. 

 

Additionally, DTs create a safe environment for simulating processes and training personnel without the 

risk of disrupting real-world operations (Qazi et al., 2022). Subsequently, the real-time data integration 

from IoT makes dynamic simulation possible with machine learning and AI to predict failures, optimise 

processes, and learn from past data. Improved modelling techniques, enhanced computational power, and 

sophisticated algorithms make models more accurate and detailed (Zhou et al.,2021). In addition, 

advancements in communication technologies ensure seamless interaction between the physical system and 

their digital twin models. At the same time, it is scalable to model entire production lines, facilities, or even 

entire supply chains. 

 

DTs have revolutionised product design by supporting virtual prototyping and testing. This approach 

drastically reduces the time and cost associated with physical prototypes. By simulating the product 

lifecycle and its performance in various conditions, DTs allow for the early identification of design flaws, 

optimising the product before it enters production. This leads to shorter development cycles, faster time-to-

market, and significant cost savings. The ability to virtually test multiple product iterations enhances 

innovation, allowing companies to explore more complex designs without the financial burden of creating 

numerous physical prototypes (Kober et al.,2024). 

 

Several advantages are associated with Digital Twin technology (Gong et al., 2024). It offers cost efficiency 

by minimising downtime, lowering maintenance and prototyping costs, and optimising processes. Increased 

productivity is correlated with constant monitoring and optimisation. Predictive analytics and virtual 
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simulations make identifying and mitigating potential problems at an early stage easier, reducing risks 

(Jeremiah et al., 2024). Better design and optimisation lead to improved product and process quality. DTs 

also contribute to sustainability because they show how to use resources efficiently.  

 

Compared to traditional robotics, DTs offer distinct advantages in predictability, adaptability, and holistic 

system integration (Liu et al., 2024). DTs enable real-time failure prediction and process optimisation, 

which conventional robots lack. Extensive virtual testing in a DT environment reduces the traditional trial-

and-error approach required by conventional robotics, speeding up the development process. DTs also fuse 

several sources of information into a holistic view of the system, unlike traditional robots, which generally 

operate independently. Additionally, the adaptability of DTs allows them to improve continuously using 

real-time data, unlike conventional robots that need manual reprogramming to handle changes. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Publication trends. Reprint with permission (Baratta et al., 2024). 

 

Cobots enhance productivity and safety by performing repetitive tasks, assisting with complex operations, 

and adapting to dynamic manufacturing environments. Their design includes features such as advanced 

sensors and safety mechanisms that allow them to operate safely in close proximity to humans (Ferraguti 

et al., 2019; Sara Bragança et al., 2019; Song et al., 2023). The deployment of cobots addresses several 

critical challenges, including the need for flexibility in production lines and the reduction of physical strain 

on human workers. 

 

Collaborative robots and other peripheral devices improving the safety of robotic workplaces are not 

designed to replace current technologies fully. Robotic assistants widen the portfolio of robotic applications 

in the industry and bring several crucial advantages (Vysocky & Novak, 2016, Fig. 7). The safety of the 

robot is closely related to the safety of the technology placed on the end of it. Everything that is fastened to 

the robot can decrease its safety. Manufacturers have chosen different strategies to ensure the safety of their 

products. The fundamental idea of this strategy is to extend a spectrum of robotic applications to industries 

that are not automated nowadays. Robots are used as robotic assistants to improve the quality of work of 

human labourers (Vysocky & Novak, 2016). 
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Figure 7: Shared workspace of a human and a robot. It is reprinted with permission (Vysocky & 

Novak, 2016). 

Materials 

Robots have been successfully used in manufacturing for many years. However, the capability of aerial 

robots to navigate agilely in the often sparse and static upper part of factories makes them suitable for 

performing tasks of interest in many industrial sectors (Perez-Grau et al., 2021). For these applications, soft 

robotic materials play a critical role. Polymers are employed in soft robotic body development, including 

conductive, biodegradable, shape memory types, and elastomers like dielectric, liquid crystal, and 

magnetoactive materials. These materials are highly compatible with human skin, thus enhancing their 

potential for human-robot interaction (Ju et al., 2021; Hann et al., 2020; Venkiteswaran et al., 2020, Fig. 

8). 

 

In pursuing energy efficiency and enhanced productivity, lightweight robotic arms are becoming 

increasingly prevalent in industrial applications. Various materials, each with distinct advantages and 

limitations, are currently used in designing these arms. Hollow sphere composites (HSC) are highly 

effective, but their high-cost limits widespread use (Hagenah et al., 2013b). While more effective, carbon 

fibre-reinforced plastic (CFRP) has poor processing properties (Ammar et al., 2021). Aluminium alloy 

(AA), although easy to process, is relatively dense (Yin et al., 2017). A hybrid structure combining CFRP 

and AA, through parameterisation of structural dimensions and layer configurations, has been proposed to 

optimise these materials' benefits and improve lightweight robotic arm performance (Quintanar-Guzmán et 

al., 2017b; Yin et al., 2019b). 
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Figure 8: Standing of Human-Robot Collaboration. Reprinted with permission (Vysocky & Novak, 

2016). 

To create such optimised robotic arms, design variables like drive trains and structural dimensions are 

parameterised to minimise total mass while meeting strength, stiffness, and dynamic performance 

requirements. A mapping relationship between the mass and torque of drive trains, utilising power-density 

curves, helps unify structure and drive train descriptions, combining them with the dynamics of robotic 

arms (Ivan Virgala et al., 2021). Cellular titanium, manufactured using selective electron beam melting 

(SEBM), is an advanced material. This process selectively melts titanium powder layer by layer under a 

high vacuum, producing highly efficient titanium input and output flanges (Hagenah et al., 2013). Another 

material with great potential is nanocrystalline aluminium sheet metal, which offers enhanced material 

properties, such as a 70% strength increase after multiple rolling cycles, making it ideal for robot arm outer 

shells (Kuo et al., 2019). 

 

Because they degrade naturally, polymers—especially biopolymers—have become valuable materials for 

a variety of industries. Specifically, biopolymers provide a sustainable substitute for traditional plastic 

packaging, making up one-third of the material in American landfills (Comstock et al., 2006). These 

materials are now being investigated for robotics applications beyond packaging. Degradable biopolymer-

based robots have the potential to lessen their post-use environmental impact. Biopolymers can potentially 

allow robots to safely decompose within the body after medical procedures, making them perfect for 

diagnostic applications (Jose & Jagatheeswari, 2019). 

 

Another emerging field where soft materials are essential is bio-inspired robotics. Because they can safely 

interact with humans, soft robots are increasingly demanding in industries like rehabilitation, medicine, and 

the military. Comparing soft robots to traditional rigid robots reveals clear benefits. Healthcare and home 

environments can benefit from their compliant nature, which lowers the risk of injury during human-robot 

interactions (Niiyama et al., 2015; Tolley et al., 2014; Gariya & Kumar, 2021). These robots can also 
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operate in intricate, unstructured environments and perform precise tasks like manipulating delicate objects 

and performing surgeries. 

 

Notwithstanding these developments, investigations are ongoing into the difficulties of cleverly 

incorporating active materials into soft robotic systems. Triboelectric and piezoelectric devices, or their 

combinations, can potentially improve soft robot performance (Pan et al., 2020). Safe and compliant robots, 

like soft-bodied robots, are becoming more popular for various uses. Benefits from soft materials include 

compliance, flexibility, shock absorption, and self-healing properties. Soft robots are more robust and 

durable than rigid robots because they can change shape and stiffness, absorb impacts, and so on (Gariya 

& Kumar, 2021). 

 

Soft robotics finds application in minimally invasive medical surgeries, wearable assistive technology, 

search and rescue, and agricultural tasks requiring careful handling in small areas. Soft robotics is a rapidly 

expanding field that provides safer, more precise, and adaptable solutions. Despite obstacles like hysteresis 

and nonlinearity, developing soft materials is still a busy field of study (Lallo et al., 2019; Xing Jin et al., 

2020). These materials hold the key to developing soft robots that can fulfil the increasing demands of 

human-robot interaction, pointing to a future in which robotics will play a more harmonious and integrated 

role across a range of industries. 

 

Future Trends 

The future of robotics in manufacturing revolves around combining cobots with smart tech to boost 

productivity, flexibility, and effectiveness. Cobots are set to have a significant impact because they can pick 

up new tasks through easy-to-use software and work with different systems to streamline processes and 

crunch numbers better. As cobots get more advanced and versatile, they will handle precise and smart jobs, 

helping to digitise the whole value chain across many industries. 

 

In future, with the help of cobots, there will be open workspaces where robots can work automatically and 

collaboratively with humans. This will lead to improved flexibility in task scheduling, increased 

productivity and safer conditions for humans to work with robots, preventing conflicts.   

 

The manufacturing industries will witness the increasing usage of robotics in the automotive industry and 

other production processes, allowing them to overcome difficulties in integrating with manufacturing tasks 

such as welding, fabrications, distribution, assembly, and packaging and improving operational versatility. 

This technological evolution will help take on physically demanding jobs to ensure workers' health and 

safety. 

 

Factories of the future will learn new tasks quickly and efficiently to prevent production slowdowns. Future 

workplaces will tackle issues like getting workers to accept robots, building trust between humans and 

robots working together, changing how workplaces are set up, and providing the proper education and 

training. People will even develop natural ways to talk to machines, which will help everyone understand 

each other better and make workers happier in the long run. 
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Manufacturing industries can use robots to boost productivity, work more efficiently, and be eco-friendly. 

At the same time, this approach can keep human workers safe and healthy by focusing on these future 

goals. 

 

Conclusion 

Robotic systems and other technologies have made industrial processes more productive and efficient. 

Trends such as collaborative robots and digital twin technology have brought out new ways of development. 

Collaborative robots are designed to work alongside humans, enhancing efficiency. They combine robotic 

accuracy and human dexterity to optimise processes and ensure safety in the workspace. Businesses like 

DHL and Amazon already use these technologies to improve their warehousing and logistics processes. 

However, DT technology provides a virtualised version of physical systems, enabling predictive 

maintenance and real-time monitoring, reducing downtime and increasing productivity. Despite the 

advancements in the field, some challenges still need to be addressed. One major challenge is teaching 

robotic systems to handle complex objects, where solving this problem involves a trial-and-error method. 

 

On the other hand, balancing the assembly line to optimise the performance is a key consideration. 

Additionally, robots have technical limitations, such as difficulty in multitasking, and some social and 

ethical considerations. Similarly, digital twin technology also consists of a few challenges, such as intensive 

data gathering throughout the lifetime of the digital twin, possible data breaches, and latency problems. 

Future workspaces will witness robots and humans working together seamlessly, with improved 

performance and increased safety. Furthermore, the integration of collaborative robotics in the 

manufacturing industries will continue to grow, which will help mitigate physically demanding tasks, 

enhancing the health and safety of workers. 

 

Future factories will quickly adapt to new tasks, preventing production slowdowns. Implementing natural 

communication methods between humans and machines will improve understanding and job satisfaction. 

Not only will robots boost productivity, efficiency, and sustainability, but they also prioritise the safety and 

well-being of workers. 
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