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Abstract - Physical AI is a pivotal moment in the interaction of machines with the physical world. It refers 
to a family of AI systems that interact with the physical world by integrating high-level models with sensors, 
actuators and control systems to perceive, reason, decide and act in the physical world. Physical AI, unlike 
generative or digital-only AI, that creates text, code or images within the confines of software, exists where 
what matters is measurable in motion, force and matter. This article discusses the field in six dimensions 
historical background in robotics and embodied cognition, underlying architecture of perception, planning 
and action, industries being reshaped, barriers that continue to limit the field, and engineering and policy 
reactions that are beginning to take shape, and paths that are likely to shape the next decade. The analysis 
is based on the latest research in the industry, market forecasts and peer-reviewed studies to ensure a 
balance between caution and enthusiasm. Results indicate that as Physical AI is making strides in sectors 
such as transportation, manufacturing, healthcare, and retail, there are still hurdles, including challenges 
in simulation to reality, energy consumption, ethical considerations, and workforce adaptation. The article 
ends by stating that there is a need for organizations and policy makers to get ready for a future where 
intelligent machines are moving, manipulating and working in collaboration with humans in all the areas 
of economic life. 
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1. INTRODUCTION 
In the past few decades, artificial intelligence has been confined almost exclusively to screens. It suggested 
movies, translated languages, filtered e-mail and eventually wrote essays and created images. All of these 
capabilities are impressive, but they were still limited to the informational realm. Gravity, friction, texture 
and unpredictability of the physical world made it difficult to automate. There were robots, to be sure, but 
most were simple, programmed machines that were bolted to the floor of a factory and repeated the same 
motion thousands of times, without variation. 

Physical AI is the downfall of that barrier. It is the term used for AI systems that perceive, reason about, and 
interact with the real world at human scale, typically by integrating AI models with sensors, control systems, 
actuators and machines, like robots or autonomous vehicles. Physical AI takes generative AI out of the 
realm of bits and into the realm of atoms. It can enable a warehouse robot to identify a mislabeled box, a 
surgical arm to adjust its pressure to the resistance of the tissue and a self-driving vehicle to understand 
the body language of a cyclist who is about to swerve. 

Physical AI is not a new phenomenon, but a confluence. Embodied intelligence is now a reality beyond 
research labs, thanks to the development of multimodal foundation models, high performance edge 
computing, low cost sensors and simulation technologies. A survey by the Capgemini Research Institute 
predicts that by 2026 almost 80 percent of large organizations will be using Physical AI in some way, while 
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60 percent think it will make possible robotic applications that are currently impractical or impossible. 
Market analysts estimate that the sector will expand from approximately 7.1 billion United States dollars in 
2026 to over 82 billion in 2035, and the entire market could be nearly 500 billion dollars in 2030. 

 

Fig -1: Physical AI 
 

This article is a detailed analysis of the area. It describes the historical evolution that has brought about 
Physical AI, the technical foundations of Physical AI, the sectors it is revolutionizing, the sectors holding it 
back and the likely directions Physical AI will pursue. The aim is to make readers, from technologists and 
business leaders to policy makers and informed general public, aware of a technology that is unobtrusively 
transforming the material basis of modern life. 

 

2. OBJECTIVES  
The present study has a number of inter-related objectives. It seeks to build a clear conceptual definition 
of Physical AI, and differentiate it from related areas like traditional robotics, generative AI, and embodied 
cognition. Labelling in this area is not yet unified, and there is a lot of confusion, because industry observers 
often label systems in the same area with the same terms, even though the systems are quite different. 
The study aims to create a working framework that is precise and useful to the industry by looking at the 
definitions provided by the leading research institutions and industry analysts. 

Second, the study explores the technical infrastructures of Physical AI systems. This consists of the sensory 
layer, the processing and reasoning layer, the decision making layer, the action layer and the learning and 
adaptation layer. These components are based on algorithmic and hardware decisions and knowing how 
they work together can be the difference between a successful deployment and a not so successful one. 
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Third, the article paints a picture of the industrial landscape of Physical AI. It examines the uptake of these 
in the transport, health, manufacturing and retail sectors, the measurable effects that have been seen, and 
where they are still lacking. General principles are illustrated through case patterns, rather than vendor 
specific stories. 

Fourth, the study finds and examines the key constraints to progress. These include technical issues like 
simulation to reality gap, real-time computation limits, human and organizational issues like safety, trust, 
workforce displacement, ethical governance, etc. These challenges are not considered to be in isolation 
but as interconnected. 

Fifth, the paper reviews solutions that are under development to solve those challenges. These encompass 
novel training approaches, cloud to edge configurations, unified safety protocols and co-creative design 
processes with engineers, domain experts and end users. 

Sixth, the article provides a well-informed outlook for the future. It takes into account both short-term 
developments, like the development of humanoid robots and autonomous vehicles, and long-term 
prospects, such as the use of Physical AI in climate response, ageing societies and scientific discovery. 

Finally, the study seeks to identify some of the gaps in the existing literature and to indicate some of the 
areas where further research would be most beneficial. It focuses in particular on the need for longitudinal 
performance studies, cross industry benchmarks, and transparent reporting of failure modes, which are 
not well developed in the existing literature. 

 

3. HISTORICAL BACKGROUND 
The history of Physical AI is more than just recent. It has its origins in three parallel research streams that 
converged classical robotics, cybernetics and symbolic Artificial Intelligence. In the 1960s and 1970s, the 
first industrial robots were introduced to assembly lines, where they would be programmed to do a specific 
task. There was no perception in any sense of the word with these machines. They walked in the paths they 
had mapped out and regarded the world as a carefully designed environment. Meanwhile, cybernetics 
scientists, such as Norbert Wiener and his colleagues, started to talk about systems in terms of feedback 
between sensing and action. It was a conceptual leap that foreshadowed the idea of the sense-plan-act 
cycle that is found in Physical AI today. But, with the computing power of the time, these ideas were not 
practical on a large scale. 

In the 1980s, behaviour-based robotics started to gain popularity, notably championed by Rodney Brooks 
at the Massachusetts Institute of Technology. Brooks contended that intelligence does not necessitate 
internal world models, or symbolic reasoning. Rather, intelligent behavior may be a result of a direct 
connection between perception and action in layered reactive systems. This was called the embodied 
cognition and it challenged the prevailing idea that cognition had to be computed before the action was 
taken. Over the next 20 years, computer vision, probabilistic reasoning and motion planning were steadily 
improved. Simultaneous Localization and Mapping (SLAM) was born as one of the basic algorithms for 
autonomous navigation. The DARPA Grand Challenge of 2004 and 2005 brought autonomous vehicle 
technology to the forefront and showed that autonomous vehicles could be a viable engineering objective 
and not the stuff of science fiction. 

The perceptual engine that Physical AI had been missing, was given by the deep learning revolution, which 
was spurred by the success of Convolutional Neural Networks in image recognition in 2012. The machines 
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were able to accurately translate complex visual scenes for the first time. Over the following years, 
reinforcement learning, sensor fusion and simulation based training progressed at a rapid pace. In the late 
2010s, warehouse robots and drones and prototype autonomous vehicles were deployed in more open 
spaces. 

 

Fig -2: The History of Physical AI 
 

Physical AI started to be used in the mid-2020s when foundation models started to be extended beyond 
language to multimodal perception and action. Industry experts said that the focus of AI development was 
moving from mainly digital to humanoid robots, self-driving cars, smart factories and other autonomous 
robots. Multimodal AI, low-cost high-performance sensors, edge computing and 5G connectivity 
converged, enabling a new generation of embodied systems to come into being. The difference between 
now and previous hype cycles for robots is the range of capabilities. Modern Physical AI systems don't 
necessarily have to be built in engineered environments. They are now being used in homes, hospitals, 
farms and city streets where conditions are always varying and no two are alike. This generalization ability, 
although it is far from perfect, is what makes it worthy of being considered a new category, Physical AI, and 
not just another name for robotics. 

 

4. UNDERSTANDING PHYSICAL AI CORE CONCEPTS AND ARCHITECTURE 
A full loop of how these systems work is helpful to understand Physical AI. The sense-plan-act paradigm is 
still the key paradigm, as it was in previous robotics and cybernetics. But, every stage has been 
revolutionized with the coming of machine learning and computing. 

4.1 Sensory Input 
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Perception is the first step in physical AI systems. In the real world, a single sensor usually isn't sufficient to 
take a safe action, and most systems are based on multiple modalities. Visual data is collected by cameras 
and processed by computer vision algorithms to recognize objects, estimate distances, track motion and 
detect changes in the environment. Acoustic signals are captured by microphones and can be used for 
speech recognition, fault detection or for detecting normal and abnormal sounds in a factory. Climate 
control, industrial processes and safety monitoring are all dependent on temperature sensors. 

 

Fig -3: Understanding Physical AI 
 

Particularly in autonomous mobility, radar and lidar play a key role. Radar is well suited to rain, fog and 
darkness as it sends out radio waves and then measures the reflected waves to find an object and estimate 
its velocity. Lidar, which is based on laser pulses, provides more detailed 3D maps of the surrounding 
environment than radar, and with greater spatial resolution. Inertial measurement units (IMUs) are sensors 
that measure orientation, velocity and angular motion, and are a combination of accelerometers and 
gyroscopes. Tactile sensors, pressure sensors and force-torque sensors enable the robotic manipulator to 
sense its contact with objects so that it can perform delicate tasks like handling fragile objects or surgery. 
The level of sophistication of sensor fusion has increased significantly. Modern systems don't consider each 
sensor stream as a standalone entity. Rather, they fuse the data streams into a coherent model of the 
world, which overcomes noise, occlusion, and conflicting data. One of the biggest engineering challenges 
in Physical AI is sensor fusion, as the real world is always messy, multimodal and never the same twice. 

4.2 Processing and Reasoning 
After capturing the sensory data, it needs to be interpreted. Convolutional and transformer models are 
deep learning models that learn features and patterns. Perception Models Identify objects and their 
attributes. Scene understanding models can be used to determine the relationship between the objects, 
such as if a pedestrian is walking towards a street or just standing on a sidewalk. 
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Reasoning goes beyond perception. In recent years, modern Physical AI systems have started to leverage 
large language models and vision-language-action models which introduce commonsense reasoning 
and goal-directed planning. If a robot is programmed to tidy up a kitchen, it needs to be able to deduce 
which objects are garbage, which are dishes and which are objects it should not interact with. These 
judgements involve world knowledge, which can only be acquired from perception. Spatial reasoning is of 
special importance. The system must create and update maps of the environment and the objects within 
it, many times in real time, for navigation and manipulation. Although SLAM is still the core, new methods 
are based on learned representations, which better adapt to new environments. 

4.3 Real-Time Decision Making 
Physical AI systems have to make decisions about what to do and they have to do it in a time-bounded 
manner. When a self-driving car is confronted with an unexpected obstacle, it has milliseconds, rather than 
seconds, to respond. This latency requirement is unique to Physical AI applications, where delays of several 
seconds are acceptable in most digital AI applications. Decision making is a process that brings together 
policy models selecting actions and planning algorithms sequencing actions over time. One popular 
approach to learning policies is to use reinforcement learning, particularly when explicit programming is 
difficult. In edge cases, pure learning is also unpredictable, and hybrid methods which mix learned policies 
and classical control theory are often used. Decision making has another dimension Prioritization. In 
complex environments, there can be multiple simultaneous demands on a system. The warehouse robot 
may require a combination of factors such as speed, energy usage, collision avoidance, and task 
completion. These demands are normally prioritized by physical AI systems in terms of urgency, safety 
constraints, and operational goals. 

4.4 Action Execution 
Actuators make the decisions a reality. Wheels and joints are operated by motors. Hydraulic and pneumatic 
systems are used to create power to lift heavy loads. Grippers, suction cups and special end-effectors are 
used to manipulate objects. Speakers and displays are in communication with humans. Humanoid robots 
have dozens of actuators which coordinate to generate walking, gesturing and object manipulation. The 
accuracy of the performance of actions has significantly improved. With modern robotic surgery systems, 
the accuracy is achieved at micro level which is more than what the human can do for some surgical 
procedures. Industrial robots can be used for positioning components within sub-millimeter tolerances. 
Meanwhile, soft robotics and compliant actuators have been making it safer for people to interact with 
robots, as hard robots are more dangerous when they malfunction. 

4.5 Learning and Adaptation 
One of the unique aspects of Physical AI is its ability to learn and evolve over time. Reinforcement learning 
enables systems to optimize their actions by trying something, and then getting feedback on whether the 
action was successful or not. They are able to learn skills through imitation learning by watching human 
demonstrations. They are able to learn useful structure from unlabeled data using self-supervised learning. 
A significant amount of this learning takes place off-line, using simulation worlds that mimic the physical 
world with greater and greater fidelity. After training, policies are deployed on real hardware, and can be 
further refined with more data. Self-learning, in which systems are continually improving while deployed, is 
an active research area, and poses safety and verification problems which are not yet fully addressed. 

 

5. CURRENT TRENDS IN PHYSICAL AI  



  Partners Universal International Innovation Journal (PUIIJ) 

Volume: 04 Issue: 05 | September - October 2026 | ISSN: 2583-9675 | www.puiij.com                            

 

© 2026, PUIIJ  | PU Publications | DOI:10.5281/zenodo.23304830                                                Page | 35  

 

The field is evolving quickly and there are a number of trends shaping the current course of the field. All 
these developments point to the fact that Physical AI is moving from the lab to an industrial technology. 

 

Fig -4: Current Trends In Physical AI 
 

The first and most apparent one is the emergence of general purpose humanoid robots. Humanoid robots 
have been research platforms for decades, and were not very useful. Over the last three years, however, a 
number of companies have started to use humanoids in factories, warehouses and even logistics. Barclays 
predicts that the market for humanoid robots will expand from around 2 billion US dollars today to 200 
billion by 2035. Humanoids are attractive because they can be used in human environments, thus avoiding 
the need to redesign the facilities for robots. 

The second trend is that of Physical AI and digital twins and simulation. Instead of training robots on real 
equipment, engineers are now building up realistic virtual factories, warehouses and vehicles. Policies are 
simulated and frequently tested with random parameters to promote generalization and transferred to 
physical systems. This method has the effect of saving a lot of training time and training costs. It also allows 
to test edge cases which would be unsafe or impractical in the real world. 

The third trend is using multimodal foundation models as the reasoning component in physical systems. 
Jointly processing images, text, and action histories vision-language-action models are making it possible 
for robots to follow natural language instructions and generalize to tasks they haven't been explicitly trained 
to do. This is a marked change from previous generations of robots that were very limited in scope and 
focused on a specific task. 

The fourth trend is moving computation towards the edge. With latency and bandwidth restrictions, it is not 
feasible to upload all the sensor information to cloud servers for processing. Rather, the high performance 
AI chips are being built into robots, vehicles, and industrial machinery. With this architecture, real-time 
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decision making is possible, and also allows for coordination with cloud-based systems to receive training 
updates and share fleet-wide intelligence. 

The fifth trend is the appearance of collaborative robots (cobots) that are capable of working safely with 
humans. Cobots are also force sensing, proximity aware and have compliant actuators, which means that 
they can work in the same workspace as humans without safety cages. The European Union has focused 
on the safety and sustainability in the workplace, with collaborative robotics being a key part of this vision, 
and research efforts are being undertaken by both universities and industrial companies to promote the 
adoption of collaborative robots. 

The 6th trend is Physical AI for Defense and Critical Infrastructure. Research programs and automation 
initiatives by the United States Department of Defense and industry associations are helping to foster 
innovation by making Physical AI platforms essential components of next-generation operations. This 
development poses strategic and ethical questions which will need to be carefully deliberated publicly. 

The seventh trend relates to health care and is a maturing of the regulatory systems. As of 2024, the United 
States Food and Drug Administration has approved over 1,000 medical devices that utilize AI and machine 
learning, underscoring the widespread adoption of embedded intelligence in healthcare. This regulatory 
impetus is paving the way for rapid implementation of surgical robots, rehabilitation systems, and AI-
powered diagnostic devices. 

Last, there is a growing understanding of geographic patterns of adoption. Asia Pacific is expected to 
experience the fastest growth, especially in China, Japan and South Korea, where large-scale 
manufacturing operations and government initiatives to promote industrial automation are expected to 
drive the growth. Europe is moving forward with a focus on safety and sustainability in the legislation. North 
America is the leader in the field of autonomous vehicles, defense and healthcare robotics. 

 

6. INDUSTRY APPLICATIONS  
Physical AI is revolutionizing several industries at once. Each of the most important application areas is 
discussed in detail in the following subsections. 

6.1 Transportation 
Perhaps one of the most public-facing areas of Physical AI is transportation. Autonomous vehicles use 
sensor fusion, which combines the use of multiple cameras, radar, lidar and inertial sensors to sense the 
environment. They need to be able to see lane markings, traffic signs, other cars, pedestrians and bicycles, 
as well as road hazards, in sometimes difficult conditions like rain, fog, or glare. Real-time decision making 
means the vehicle can react to sudden movements of a pedestrian, erratic drivers and unexpected 
obstacles. 

In addition to individual vehicles, Physical AI is also employed in fleet management systems, which use AI 
to plan routes for delivery trucks, increase fuel efficiency, and ensure timely deliveries. These systems can 
also be used to analyze data from thousands of trips and suggest changes that can help to reduce costs 
and emissions. For public transportation, Physical AI can be used for predictive maintenance, monitoring 
passenger safety, and dynamically adjusting routes. Using smart buses and trains with onboard sensors, 
mechanical problems can be identified before they fail, enhancing the reliability of the system and 
minimizing downtime. 
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Another frontier is the delivery robots on the ground and drones. Aerial systems need to be able to 
maneuver through 3-D airspace and steer clear of birds, buildings and other drones. Ground robots need 
to navigate sidewalks, crosswalks and curbs, and they need to interact with pedestrians and vehicles in a 
socially acceptable manner, in addition to having the technical ability to do so. These systems can only be 
deployed successfully if they are backed by regulatory frameworks which are still evolving, as well as by 
perception and planning. 

 

Fig -5: Industry Applications Of Physical AI 
 

Physical AI has the potential for significant benefits in the transportation sector. Traffic accidents are almost 
always caused by human error and autonomous vehicles could help to minimize traffic deaths. Efficient 
logistics would help to reduce emissions and strengthen the supply chain. But the dangers are also great. 
There have been some high-profile incidents with AVs which have given rise to serious questions about 
safety, liability and public confidence. The industry has experienced, at times the hard way, that it takes 
orders of magnitude more validation to deploy a system from a controlled test environment to the open 
deployment. 

6.2 Healthcare 
With the pressure of increasing demographics, shortage of healthcare workers, and the need for more 
accurate and personalized care, the applications of Physical AI in healthcare are rapidly progressing. In 
addition to being minimally invasive, robotic surgery systems enable surgeons to be more precise than 
traditional surgery. Micro-scale movements that are not possible or difficult for the unaided human hand 
are possible by using real-time feedback from the force sensors and visual systems. This can lead to 
improved patient outcomes, fewer complications, and shorter recovery times. 



  Partners Universal International Innovation Journal (PUIIJ) 

Volume: 04 Issue: 05 | September - October 2026 | ISSN: 2583-9675 | www.puiij.com                            

 

© 2026, PUIIJ  | PU Publications | DOI:10.5281/zenodo.23304830                                                Page | 38  

 

The field of rehabilitation and assistive devices is another important one. AI-powered prosthetics and 
exoskeletons can adjust to the user's movements and surroundings, offering customized assistance to 
boost mobility and enhance the quality of life. These systems can adapt to learn the unique gait pattern, 
muscle responses and daily routines of each individual, adapting their behavior as the user's needs 
change. This personalization can have a significant impact on the rehabilitation process for stroke, spinal 
cord injury or amputation patients. 

Wearables and smart hospital beds with Physical AI are revolutionizing patient monitoring. These systems 
monitor all important vital signs, movement patterns, and environmental conditions and notify medical 
staff when there is something unusual, before it becomes an emergency. Continuous monitoring with 
Physical AI can help identify early signs of sepsis, cardiac events or respiratory distress in intensive care 
units, allowing for earlier intervention. 

Telepresence robots are helping to improve access to medical care, especially in remote areas or areas 
where healthcare is lacking. These systems enable clinicians to remotely assess patients with the 
assistance of local staff, and provide basic assessments. In the event of an infectious disease outbreak, 
telepresence robots also help to limit the risk of exposure for health care employees. 

The healthcare sector is a prime example of the potential and ethical considerations of Physical AI. Having 
accuracy and accessibility can save lives. But there are concerns regarding liability, informed consent and 
the right limits between human and machine recommendation in the use of autonomous systems in the 
clinical decision making process. However, there are still important gaps in the frameworks for the 
assessment and approval of these technologies, which are being developed by regulatory bodies. 

6.3 Manufacturing 
Manufacturing was the first domain to have adopted industrial robots and it is still the largest domain for 
Physical AI. The smart robotics with vision and tactile sensor can be used for precise welding, assembly, 
painting and inspection. These systems can adjust to the changes in material properties, product design, 
or the environment without having to be reprogrammed, unlike previous systems. One of the most 
economically valuable applications that have come to the fore is predictive maintenance. Physical AI can 
foresee issues before they happen, by examining sensor information from motors, bearings, pumps and 
more. This helps to minimises unplanned downtime, one of the biggest cost drivers in manufacturing. 
Effective PM programs have been proven to save 25-30% on maintenance and up to 70% on breakdowns. 

Physical AI also has the advantage over traditional methods in the quality inspection field. Items can be 
inspected much faster and more consistently by a computer vision system than by humans. They can 
identify flaws that may be hard to see with the naked eye, like surface scratches, dimensional variations or 
color inconsistencies. In the semiconductor industry, where defects are on the nanometer scale, Physical 
AI has become essential. The factory floor is changing with the addition of human-robot collaboration. 
Working in collaboration with human operators, collaborative robots can perform repetitive, physically 
strenuous and even hazardous tasks, allowing humans to concentrate on judgment-intensive tasks. This is 
sometimes a way to boost productivity and decrease the incidence of worker injuries. But it also needs to 
be mindful of task design, training and culture of the workplace. This social dynamic between workers and 
the robots they work with is as much as a technical one. 

In all these applications, producers claim significant improvements. One analysis reveals that the 
implementation of Physical AI can improve productivity by as much as 40 percent in some operations, with 
some seeing as much as 20 percent improvement, depending on the industry and the quality of the 
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implementation. Even heavy specialized industries such as military shipbuilding have embraced Physical 
AI for welding, assembling, surface preparation, inspection and painting. 

 

6.4 Retail and Logistics 
Since the advent of Physical AI, retail and logistics have undergone a complete transformation, especially 
with the fast-paced growth of e-commerce. Cameras on inventory robots monitor and control store aisles, 
inventory levels, misplaced items and minimize shrinkage. These systems are used during off-hours, and 
give managers near real-time inventory information, which is otherwise unobtainable by manual methods. 
In certain retail stores, smart checkout systems are taking the place of the traditional point-of-sale (POS) 
terminals. Smart kiosks and carts with AI-powered computer vision technology identify products without 
any manual scanning. This simplifies the customer experience and decreases labor needs, but also poses 
labor and consumer privacy issues that are still being discussed. 

Another new application is Customer Interaction. In-store robots and smart assistants guide customers to 
products, reply to their queries and give them personalized recommendations. These systems integrate 
perception, natural-language understanding and action in a manner that would have been thought of as 
futuristic just a decade ago. The effectiveness of their use is not only reliant on technical ability, but also 
cultural fit as customer preference for human or robotic interaction differs greatly from person to person 
and region to region. Perhaps the most advanced use of Physical AI in logistics is automation in the 
warehouse. Goods are transported and storage layouts optimized, order fulfillment accelerated 
autonomous mobile robots. In large distribution centres, hundreds or thousands of robots work together 
and communicate with each other via fleet-management software, which optimizes throughput, energy 
use and equipment wear. This synergy of machine vision, path planning and multi-agent coordination has 
led to remarkable efficiencies in warehouses, with some warehouses seeing fulfillment speeds increase by 
several hundred percent over manual processes. But the retail and logistics industry is another example of 
the unequal distribution of benefits. Physical AI is likely to be deployed at scale by large organisation with 
capital and technical expertise, and less likely to be deployed by smaller operators. The consequences of 
the consolidation in terms of market structure, employment and community resilience are not always given 
sufficient attention in technical discussions. 

 

7. CHALLENGES FACING PHYSICAL AI  
Though there has been much progress, there are significant challenges in Physical AI. These barriers include 
technical, economic, ethical and social aspects and will need to be solved with a multidisciplinary 
approach. 

The first challenge is from the simulation to reality. Often policies learned in a simulator do not work in real 
hardware due to differences in the real world dynamics. Friction coefficients vary, sensors add noise which 
simulators do not fully replicate, and edge cases are long-tail in reality, and cannot be fully predicted. 
Domain randomization, real world fine tuning helps but gap is still a source of deployment failure. 

The other is the complexity of physical environments. There are an infinite number of variables in the real 
world. Variability caused by gravity, friction, temperature, torque, balance, timing, momentum, wear, noise 
and lag are all things software-only systems never have to deal with. A park-litter-collecting robot has to 
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differentiate between the leaves and candy wrappers, have to avoid pedestrians and dogs, and have to 
work in various weather conditions. A training set can't be made to cover all possibilities. 

The third challenge is with energy and compute demands. When using advanced AI models on battery 
powered mobile platforms, there are challenging performance, runtime, heat generation trade-offs. While 
Edge AI chips have come a long way, power consumption is still a challenge for many applications, such 
as drones, humanoid robots, and remote agriculture. 

Safety and reliability is a fourth challenge. Physical AI systems that have a potential to harm or damage 
may need to have safety constraints, human oversight, and fallback control mechanisms. It is especially 
hard to verify safety of learned policies, as neural networks may act in a way that is not expected when 
given an input outside the distribution of the training data. Although there has been some progress in the 
field in the areas of formal verification, runtime monitoring and safe reinforcement learning, there is still no 
agreed-upon methodology. 

, 

Fig -6: Challenges Facing Physical AI 
 

The fifth challenge is of an ethical and legal nature. In the event of an accident, who is at fault when an AV 
is at fault: the manufacturer, the software developer, the owner or the vehicle itself. In the event of a surgical 
robot malfunction, who is held liable. These questions are relevant from both a practical and insurance, 
regulatory and public acceptance standpoint. Existing laws are not geared towards autonomy of 
machines, and legislation has not kept pace with technology. 

The sixth challenge is related to the impact on the workforce. Physical AI will probably lead to the elimination 
of some types of labor and the emergence of others. These changes will happen at different speeds and in 
different places and will differ in their skill requirements. This transition to different work can be difficult for 
workers, especially for older workers and those in areas lacking in economic diversification, who are 
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displaced by automation. If the benefits of Physical AI are to be widely experienced, thoughtful policy 
responses, such as retraining and social safety nets, and investments in new industries, are necessary. 

Data governance and privacy is the 7th challenge. Physical AI systems gather enormous amounts of 
information regarding environments, people and activities. While this information can be extremely useful 
to enhance performance, it can also be a cause for concern in terms of privacy, especially when systems 
are used in homes, workplaces or public areas. Rules on data collection, retention, use and sharing are 
required and must be a balance between innovation and individual rights. 

The 8th challenge is security and adversarial attacks. It has been demonstrated that computer vision 
systems can be deceived with specially designed inputs. An AV might misclassify a stop sign that has 
certain stickers on it. A fake image on an aircraft runway could lead to confusion of ground-handling 
drones. Security of Physical AI against adversarial attacks is a concern, particularly for critical infrastructure 
systems. 

The environmental impact of training and deployment of large AI models is the ninth challenge. Data center 
energy and water usage has been rising at a rapid pace and Physical AI if relying on frequent cloud-based 
retraining, could exacerbate the situation. Sustainability issues are not to be taken lightly and more efficient 
algorithms and dedicated hardware are helping. 

Last, is the issue of trust and acceptance. To achieve its promise, Physical AI must be embraced by people, 
who will be able to work alongside, be served by, and sometimes rely on autonomous machines. Trust is a 
slow process and can be easily lost. For example, public opinion on AVs has been very volatile, with major 
crashes. Trust is essential and needs to be built and maintained through transparent communication, 
strong safety practices and inclusive design processes. 

 

8. GOVERNANCE, STANDARDS, AND INTERNATIONAL COORDINATION 
One of the most important questions in current technology policy is that of the governance of Physical AI. 
Physical AI is different from all-digital systems because the errors can have real-world consequences, 
impacting people and property in shared physical environments. This reality requires governance 
structures that are more than traditional software governance. 

There are three levels of government that are pertinent. One of these is technical standards, which are 
created by organizations like the International Organization for Standardization and the Institute of 
Electrical and Electronics Engineers. Technical standards like ISO 10218 (industrial robots), ISO 13482 
(personal care robots) and the emerging ISO/IEC 42001 (AI management systems) are the basis for safe 
deployment. Most jurisdictions do not consider these standards to be mandatory but they may become 
de facto standards as a result of procurement and insurance policies. 

There is a second layer of national regulation. The AI Act, which came into force in 2024, classifies AI systems 
according to their risk level and lays out a tiered set of requirements for providers and users of AI. A 
significant number of Physical AI applications are in high-risk areas, which necessitates risk assessment, 
data governance, transparency, human oversight and post-market monitoring. The U.S. has adopted a 
more piecemeal sectoral approach, with the Food and Drug Administration, the National Highway Traffic 
Safety Administration and the Federal Aviation Administration taking care of their respective sectors. China 
has released guidelines for algorithmic recommendations and generative AI, and is creating guidelines for 
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autonomous vehicles and humanoid robots. Both strategies have their advantages and disadvantages 
and are subject of important research questions for comparative studies of effectiveness. 

The third is international co-ordination. Physical AI systems can be vehicles, drones, medical devices, 
industrial equipment, etc., and can often cross borders. In the absence of international harmonization, 
manufacturers are confronted with conflicting requirements, and there are safety gaps. Coordinating 
activities can be done through forums like the Organisation for Economic Co-operation and Development 
(OECD) AI Principles, the Global Partnership on Artificial Intelligence, or the United Nations discussions on 
autonomous weapons systems, but coordination efforts have not been consistent. 

 

Fig -7: Governance, Standards, And International Coordination 
 

There are a number of governance issues that are of particular concern. Continuous learning after 
deployment is an open issue with certification, as it requires a fixed product to be certified. There is a lack 
of consistency in liability allocation between manufacturers, operators and software providers, between 
jurisdictions. The obligations of data governance in privacy regulations like the General Data Protection 
Regulation (GDPR) and the data-driven nature of Physical AI are not fully understood. The global supply 
chains are being reshaped and geopolitical tensions are growing as advanced AI chips and robotics 
technologies are subject to export restrictions. 

Regulatory, industry, civil society and research communities will need to continue to engage in dialogue to 
achieve effective governance. Incident reporting and sharing of safety information, inclusive policy-making 
processes that include the views of workers, patients and affected communities are key. Governance 
shouldn't be viewed as a constraint on innovation, but rather as the plumbing that enables innovation on 
a large scale that is good. 
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9. SOLUTIONS AND EMERGING RESPONSES 
The problems listed above are quite daunting, but scientists, engineers and policy makers are working on 
solutions on several fronts. Some of the most promising directions are the following solutions. 

The simulation to reality gap is decreasing due to advances in simulation technology. As physics engines 
become more sophisticated, they can accurately simulate contact dynamics, deformable materials and 
fluid behavior. Domain randomization methods allow the training of a learned policy in a large number of 
simulated environments, thereby requiring the policy to deal with real-world variability. The real-world data 
is also being used to continually improve simulators, sometimes referred to as a sim-to-real-to-sim loop, 
which is also yielding improved results. 

 

Fig -8: Solutions And Emerging Responses For Physical AI 
 

In robotics, foundation models are decreasing the amount of data needed to accomplish new tasks. These 
models are trained on large quantities of diverse information, such as video from the Internet and 
demonstrations, and hence acquire general priors about the physical world. Once it is fine-tuned for a 
specific task, however, much less data is needed to train it for the task. This could help to bring Physical AI 
closer to the smaller organizations that are not able to afford to gather large, custom-made data sets. 

Compute and latency issues are being solved with hybrid cloud-edge architectures. Thus, system 
designers can achieve both responsiveness and scalability by having high latency-perception and 
planning tasks on local hardware and large scale learning and coordination tasks on the cloud. The energy 
consumption of edge AI chips designed for inference has been significantly lowered as compared to 
general purpose processors. 
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Safety Engineering is maturing. The combination of techniques like formal verification, runtime assurance 
monitors and conservative control envelopes are being used to create capable and bounded systems. 
These architectures have fallback controllers to assume control if the learned controller performs in an 
erratic manner. International standards organizations are also working towards certification schemes for 
autonomous systems that will give a common set of safety evaluation criteria. 

In policy, a number of governments have started to work on regulatory regimes for Physical AI. The 
European Union's AI Act, which was agreed to in 2024, classifies AI systems based on their risk levels and 
sets out step-by-step obligations for AI developers and operators. In the United States, a more sectoral 
approach has been adopted and various agencies are responsible for regulating various applications. The 
Food and Drug Administration (FDA) has been especially busy in the healthcare sector when it comes to 
creating pathways for AI-powered medical devices. These frameworks are still under development, and 
offer a starting point for responsible deployment. 

Workforce responses include changes in educational curriculum, apprenticeship programs and retraining 
programs. A number of countries have instituted national programs to get workers ready for an automated 
economy. The best programs are those that offer both technical training and assistance in making the 
transition to a new job, such as financial support, relocation support and career counselling. Companies 
that invest in their current employees, as opposed to replacing them, are more likely to have strong long-
term results in both ethics and economics. 

Human-centered design is aiding in the creation of systems that are more compatible with the people that 
use them. Designing based on human-centered design, participatory design and iterative deployment with 
user feedback results in a system that is more likely to be accepted and effective. It is important to include 
domain experts, workers, patients and others in the design process, for their knowledge and to build trust. 

Last but not least, open research and open reporting is gaining momentum. Data sharing of failure reports, 
benchmarks and data is underway in various industry consortia and academic networks. This openness 
will help progress and learn from failures in the field. There is still much to be done, especially in terms of 
honest reporting of failures and near misses as the drive to report successes may paint a skewed picture. 

 

10. FUTURE PROSPECTS  
In the future, Physical AI will probably have multiple paths to take. The next 3-5 years will be the time that 
applications that are in pilot deployment mature. In the warehouse, autonomous mobile robots will be 
commonplace, as will surgical robots in operating rooms and autonomous vehicles on highways. Market 
analyses indicate that the overall Physical AI market will reach almost half a trillion United States dollars by 
2030, indicating a significant commercial momentum. One of the most observed frontiers is that of 
humanoid robots. With the current rate of progress, humanoids will soon be used in logistics, light 
production and finally in service and home applications. The economic rationale is very strong. Many 
workplaces are built for the human body and would have to be redesigned at great expense to 
accommodate specialized robots. In theory, humanoids can fit in with little adaptation into these 
environments. But there are still a number of engineering hurdles to overcome, such as dexterity, battery 
life and cost.  

The deployment of autonomous vehicles is likely to be gradual, with the most success in limited areas like 
highways, campuses and certain urban areas. Although there is still a long way to go before fully general 
autonomy also known as Level 5, the technology will incrementally progress with geographic scaling of 



  Partners Universal International Innovation Journal (PUIIJ) 

Volume: 04 Issue: 05 | September - October 2026 | ISSN: 2583-9675 | www.puiij.com                            

 

© 2026, PUIIJ  | PU Publications | DOI:10.5281/zenodo.23304830                                                Page | 45  

 

operational design domains. Applications in the healthcare sector are likely to continue to grow. Older 
people in developed economies, shortage of healthcare workers, and the growing demand for personalized 
care, all contribute to the strong demand for Physical AI. Especially promising is the field of rehabilitation 
robotics, remote patient monitoring, and precision surgery. Regulatory processes will be further developed, 
and harmonization of standards internationally would speed up the process. Another substantial 
opportunity is in climate response. Physical AI can be used to aid precision agriculture, which helps to cut 
down on water and chemical consumption and boost crop yields. It can allow for forest, ocean, and air 
quality monitoring at scales that human teams can't afford and that are impossible for them to reach. Can 
speed up installation and upkeep of renewables, ranging from solar power plants to offshore wind. But 
these benefits will not become reality without a conscious effort to invest and support policies because 
markets might not incentivize Physical AI to move towards environmental applications fast enough. 
Another new area is the scientific discovery.  

 

Fig -9: Future Prospects of Physical AI 
 

Results of autonomous laboratories, where robots execute experiments that are directed by artificial 
intelligence systems that formulate and test hypotheses, are already being achieved in materials science, 
drug discovery and chemistry. These systems can simulate and generate models and explore large design 
spaces much faster than traditional methods, by combining Physical AI. The consequences for 
pharmaceutical sciences, battery technology and sustainable chemistry are significant. Longer-term 
potential includes paradigm shifts in the organization of societies in terms of work, mobility, and 
infrastructure. When Physical AI can do a lot of physical work, the issues of economic distribution, work and 
social organization will become burning issues.  

There are no purely technical answers to these questions! What they need is a wide-ranging democratic 
discussion of the sort of society we are to be. Some cautionary words are in order. There are numerous 
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examples in the history of AI of predictions that were made that were overhyped and failed to happen on 
time. Physical AI is especially susceptible to such a miscalculation as the physical world is more complex 
and less forgiving than a digital world. Vendors' and enthusiasts' estimates of time to maturity should be 
taken with a grain of skepticism, as complex technologies often take longer. Meanwhile, calling Physical AI 
hype is a big mistake. The potential is very real and increasingly strong and the ultimate consequences for 
economic life and everyday experience will probably be far-reaching.  

There are still a number of research gaps. There is limited literature on the results of Physical AI deployments 
in real world settings, and most of the literature is based on controlled or short-term evaluations. The cross 
industry benchmarks are not well developed, and hence it is difficult to compare the performance between 
applications. Reporting of failures and near misses is improving but is still not consistent. These gaps could 
be filled to enhance learning and improvement in the field. There are a number of specific areas that could 
be studied in the future that would benefit from increased attention.  

First, generalization across tasks and environments is limited and new learning architectures to cope with 
novelty in a more robust manner are required. Second, the verification of safety of learned policies is an 
open problem and is worthy of further attention. Third, the social and economic consequences of Physical 
AI need to be studied more empirically, such as its impact on jobs, inequality, and well-being in the 
community. Fourth, there should be transparency in measuring and reporting the environmental 
sustainability of training and using Physical AI systems. Finally, cross-cultural research on acceptance and 
interaction patterns would assist the designers to design systems which would be acceptable and effective 
for diverse populations. 

 
11. CONCLUSION 
Physical AI is one of the most important technological advances of today's time. It gives machines the 
ability to sense, think, make decisions and take action in the real world and is transforming the way we 
transport, treat patients, manufacture, shop and so much more. While the sense, plan, act and learn 
architecture is not new, there have been significant advances in recent years in multimodal foundation 
models, sensor fusion, edge computing, and simulation that have changed the practical possibility of what 
can be accomplished. The payoffs are huge. The autonomous vehicle will help to lower traffic deaths. 
Surgical robots are allowing operations with an accuracy which has never been seen before. The use of 
factory automation is increasing productivity and decreasing workers injuries. Warehouse systems are now 
able to satisfy the demand of consumers on a scale unimaginable a generation ago. The magnitude of the 
commercial opportunity is reflected on the market forecasts of several billion to hundreds of billion United 
States dollars over the next decade. 

The problems are no less severe. There are still research areas related to technical challenges like the 
simulation to reality gap, safety verification and energy efficiency. Continued public input is needed on 
ethical and policy issues regarding liability, privacy, impact on the workforce and impact on the 
environment. Trust needs to be built by being open and honest about what can and can't be done. A 
balance is needed on the way forward. As people get excited about the possibilities, they should be as 
disciplined as possible in deployment and as humble as possible in acknowledging that they don't know 
what they don't know. Those that carefully consider Physical AI investments, make safety and inclusion a 
top priority, and view workers and users as partners, not afterthoughts, will be best-positioned to achieve 
the promise of Physical AI and avoid the pitfalls. The next 10 years will be crucial for the technical progress 
of Physical AI, as well as the equitable distribution of the benefits of Physical AI across societies. 
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