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Abstract-

Manufacturing industries are using Artificial Intelligence and automation more and more to make production better
products operations more reliable and resources used better. The use of Al, Machine Learning, Industrial Internet of
Things, robotics, machine vision and digital twins is now a part of smart manufacturing and Industry 4.0. This paper
looks at how Al and automations used in mechanical engineering. It focuses on maintenance Computer Numerical
Control machining, robotic material handling, automated quality inspection, production planning and energy monitoring.
The study looks at the benefits of these technologies. Benefits include monitoring of machines less need for people to
do work more consistent processes and decisions based on data. It also looks at the challenges. Challenges include
quality data, high costs to start connecting with old systems, security risks, training workers and making sure models are
reliable. The paper also suggests a way to put these technologies into place. The way includes finding problems
measuring how things are now collecting data making models testing them and slowly putting them to use. The review
shows that Al and automation can help make manufacturing flexible, efficient and reliable if they are used with the right
controls, good data and checking performance all the time. Finally future areas for research are discussed, with a focus,
on manufacturing systems, trustworthy Al, digital twins and working together with people and machines. This paper is
based on reading papers and does not say that it has new experiments.

Keywords- Artificial Intelligence, Industrial Automation, Smart Manufacturing, Industry 4.0, Predictive Maintenance,
Machine Learning, Robotics, Machine Vision, Mechanical Engineering, Digital Twins.

I. INTRODUCTION
A. Background

The manufacturing industry is changing quickly because of technologies like Artificial Intelligence, automation and
digital tools. In the past manufacturing relied a lot on people working by hand fixed machines and old control systems.
These older methods helped the industry grow over time. They are not enough anymore. Today factories need to be more
flexible produce make better products cut costs and use resources smarter. That's why many companies are moving
toward manufacturing systems that're part of Industry 4.0.

Artificial Intelligence lets machines do things that used to need thinking and problem solving. Artificial Intelligence
works by looking at data finding patterns picking options and guessing what may happen next. I see that when Artificial
Intelligence teams up with automation it can help in factories. For example, Artificial Intelligence can read machine
data, spot problems before they become serious and aid engineers, in making choices. This helps engineers avoid failures.
Key technologies like Machine Learning, the Industrial Internet of Things, robots, machine vision and digital twins are
now parts of factories.

In engineering these technologies are being used in areas. They help with CNC machining, where machines cut materials
with precision. They also support maintenance so machines can be fixed before they break. Automated inspection checks
products for defects, without help. Robots move materials around the factory and production planning becomes smarter.
Even energy use is managed efficiently. All of this helps build manufacturing systems that're more responsive,
dependable and based on real data.
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B. Role of Artificial Intelligence and Automation in Manufacturing

Al and automation work together in today’s factories and industrial settings. Automation lets machines and control
systems run tasks that are repeated and set in advance. This means people don’t have to do them by hand all the time.
Al takes this further. It looks at data finds patterns predicts when something might break and helps make choices even
when things change. Al-based predictive maintenance systems look at things like vibration and temperature, from
sensors. They use this to spot signs of trouble in machines. Machine-vision systems help with quality checks. They can
find surface flaws and mistakes in how Parts’re put together. In CNC machining using data helps keep an eye on tools
and notice if the way the machine cuts changes.

Adding Al to robots makes moving materials and building products more flexible. Robots can adapt better to tasks. How
well these systems work depends on good data, the right hardware, smart algorithms and how well they fit with the
machines already in place.

C. Problem Statement

Manufacturing industries face problems like equipment breaking unexpectedly product quality that is not steady rising
production costs wasting energy and relying on people to inspect. Traditional maintenance plans and fixed automation
might not keep up with changing equipment conditions or complicated production demands. Even though Al-based
manufacturing tools can help, putting them in place brings problems such as lack of data, difficulty connecting systems,
cybersecurity concerns, high investment costs and training, for workers. Also, an Al model that works well in a lab might
not give results when the factory environment changes. So, we must look closely at how Al and automation can be used
in manufacturing find their strengths and limits and create real ways to measure their performance and value to the
business.

D. Research Objectives

The main objectives of this paper are:
1. To look at how Al and automations used in today’s manufacturing systems.
2. To look at how machine learning, robotics, machine vision and IloT're used in mechanical engineering.
3. To look at the benefits of smart manufacturing technologies for productivity, quality, maintenance and energy
management.
4. To find out the technical, economic and organisational problems when putting these technologies into use.
5. To suggest a real-world way to choose, test, check and put Al-based manufacturing solutions into action.
6. To find out what areas need research, in smart manufacturing and intelligent industrial automation.

E. Scope and Contributions of the Study

This paper looks at how artificial intelligence and automation are being used in mechanical engineering and industrial
manufacturing. It covers key areas including predictive maintenance CNC machining, robotic material handling,
automated quality inspection, production planning and energy monitoring. The paper also talks about aspects like data
quality, model validation, cybersecurity, safety and the need for human oversight.

The main contribution of this study is a review of Al-powered manufacturing technologies. It also offers a framework
to help evaluate how suitable these technologies are for real-world use. The goal is to give students, researchers and
manufacturing engineers a starting point for understanding both the benefits and the difficulties of using smart systems
in industry. This study is based on a review of existing literature. It does not include experiments or data. It also does
not claim any improvements, in manufacturing performance.

II. REVIEW OF RELATED LITERATURE

Artificial Intelligence (Al) and automation have become important research areas in smart manufacturing. Previous
studies have investigated the use of machine learning, predictive maintenance, machinery health monitoring, and
intelligent decision-making to improve manufacturing performance. This section reviews selected research related to
Al-enabled manufacturing and identifies the research gap addressed by the present study.
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A. Predicative Maintenance in Manufacturing

Maintenance is one of the big uses of Al in industrial areas. Old ways of keeping machines running like fixing things
after they break or checking them at set times can cause machines to break down when you least expect it or require
work that is not needed. Predictive maintenance uses information about the state of machines to spot behaviour and
guess if a machine might stop working. Zinta et al. Did a look at predictive maintenance in the setting of Industry 4.0
[1]. Their work shows how using data is important for watching machines and planning maintenance. In factories
predictive maintenance can use sounds from machines, temperature numbers, noise data and other sensor readings to
help find problems. But how well it works depends on how good the data's how well you can watch the machines and
how good the analysis models are.

B. Machine Learning in Smart Manufacturing

Machine learning helps factories see patterns in the data from their work and make better choices based on that data.
Uses include watching the process sorting out products making production better and checking how machines are doing.

Sharp et al. Looked at how machine learning's being used more and more in smart manufacturing [2]. Their work gives
a background for understanding how machine learning can be used in factories. In situations a type of machine learning
called supervised learning can sort out known types of problems while another type called unsupervised learning can
find odd ways machines are working when there is not enough data about the problems. Choosing the method means
thinking about the data you have how much computer power you need how easy it is to understand what the machine is
doing and what happens if the machine makes a mistake.

C. Machinery Health Monitoring and Remaining Useful Life Prediction

Machinery health predictions is about looking at how machinery doing right now and guessing how they will get worse
over time. Predicting how long a machine will keep working is very important in factories because it can help workers
plan to fix machines before, they stop working

Lei et al. Looked at how to check the health of machines covering everything from getting data to predicting how long
a machine will last [3]. Their work gives a base for making decisions based on how machines are doing. In a factory that
uses Al sensor data can be looked at to find how machines are getting worse and how healthy they are. How well the
predictions work can be affected by changing conditions noise in the data not enough examples of machines breaking
and differences between machines.

D. Machine Learning-Based Maintenance Classification

Machine learning can also help with decisions about maintenance by sorting out how machines are doing or telling the
difference between bad working conditions. Susto et al. Studied a way of using different classifiers for predictive
maintenance [4]. This study is important for factories where different patterns in data might give clues about how
machines are doing.

Using classifications can help find problems and decide which maintenance to do first. A model that works well with
old data might not work as well when it is used in a different place where machines are working. So, when testing a
model, it is important to look at the measures of how well it is doing how costly it is to have false alarms or miss a
problem and the need to keep checking the model.

E. Emerging Directions in AI-Enabled Manufacturing

Smart manufacturing is getting more about putting Al together with sensors machines that are connected, robots and
digital copies of real things. This mix can help watch things as they happen see what is going on and work better between
the parts that make things and the parts that fix them.

New research ideas include making Al models more reliable using twins to watch machines working together with
people and machines and adding smart systems to old equipment. These ideas also bring up problems like keeping data
safe how to control data making sure different systems can work together making sure workers can use the tools and
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making sure the decisions made by Al are clear. So just having technology is not enough; the way it is used must also
think about what the factory needs and making sure it is safe.

F. Research. Motivation

The studies that were looked at gave help for predictive maintenance machine learning in smart manufacturing checking
the health of machines and sorting out maintenance. These topics are just parts of the bigger picture of manufacturing.
A factory might need to think about more than keeping machines working. It might

also need to look at how machines work how robots move things checking quality automatically planning how to make
things and looking at how much energy's used.

This paper takes a look by looking at Al and automation uses that are important for mechanical engineering in one way
of thinking. It talks about the things that can happen and the problems that might come up like how much money it takes
how much data is available how to work with old machines keeping data safe training workers and making sure the
models work. It also shows a step-, by-step way to put this into action starting with finding the problem and seeing what
is already happening then collecting data making models checking them and putting them to use.

The main thing this paper does is look at and put together some existing work and real uses of Al in manufacturing not
make an Al method or report new experiments. The plan is to help people understand how Al and automation can be
looked at and added to factories.

II1. Al AND AUTOMATION TECHNOLOGIES IN MANUFACTURING

Artificial Intelligence Al and automation work together. They use intelligence and sensing technologies. They also use
machinery. The goal is to make manufacturing operations better. Al helps systems look at data. It helps them find
patterns. Al also helps with making decisions. Automation does tasks that are set in advance. It can also do tasks. It
needs help from people. When Al and automation are together, they help create manufacturing systems. In these systems
machines, production processes and information systems all work as one.

A. Machine Learning

ML is a subset of Al that helps computer systems find patterns in data and make predictions or classifications. In the
world of manufacturing Machine Learning methods can be used for watching equipment predicting product quality,
improving processes and planning production. Machine Learning algorithms that are supervised use data that has labels
to predict results that are already known like finding products. Machine Learning approaches that are unsupervised can
find conditions or group similar patterns, in production without needing labelled examples. Models that do regression
can guess numbers like how much a tool has worn down or what the process settings should be. For instance, a Machine
Learning model that learns from vibration and temperature data might help spot when a machine is acting strangely. The
way well the model works depends on having data that truly represents the real world picking the right features and
testing it in real situations.

B. Industrial Internet of Things

I see that the Industrial Internet of Things (IloT) links machines, sensors, controllers and information systems so that
data can be collected and shared. Sensors can measure things, like temperature, pressure, vibration, speed and energy
usage. In a manufacturing environment that uses Al IloT gives data that I can examine to watch equipment performance
and spot changes in the process. This integration can help build real-time dashboards keep track of conditions and enable
maintenance.

To make IloT work reliably you need good network infrastructure, proper sensor calibration, secure communication and
good management of huge amounts of industrial data. If the network goes down or sensors give readings the reliability
of monitoring and prediction systems will fall.

C. Industrial Robotics and Automated Material Handling

Industrial robots are used a lot for tasks that need to be done over again and require a lot of precision. These tasks include
things, like welding, painting putting things together wrapping products and moving materials around. Using automation
can make things happen the way every time and can also mean workers don’t have to do the dangerous jobs anymore.
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Artificial intelligence can make robots do more by using things like seeing with cameras changing how they move based
on what they see and making choices based on data. For instance, a robot that uses a camera can figure out where
something is and then change how it moves when it picks something up and puts it else.

Cabot’s, which are robots that work with people are made to be safe when humans and machines are working together.
They need to be checked for risks based on what they're doing they need proper safety measures and they must follow
the rules for working safely in a factory. How better they make things depend on the job how long it takes, where they
are working and how easy it is to add them into the system.

D. Machine Vision and Automated Quality Inspection

Machine Vision and Automated Quality Inspection uses cameras, image-processing techniques and computer models to
check products. The way they are made. Al-based vision systems can learn to spot surface flaws, size problems, missing
parts and assembly mistakes. Compared with hand inspection Machine Vision and Automated Quality Inspection can
provide checks that help speed up production. For instance, a vision system on a line can label parts good or possibly
bad by looking at them. The success of Machine Vision and Automated Quality Inspection depends on images, lighting,
proper camera placement, varied defects and enough training pictures. Wrong positives can lead to products being
thrown away while wrong negatives let bad products slip through. Therefore, the inspection models must be checked
against proven quality-control steps.

E. Computer Numerical Control and Intelligent Machining

Computer Numerical Control and Intelligent Machining machines execute cutting tasks based on programmed
instructions. They are common for milling, turning, drilling and other precise manufacturing jobs. Al can help Computer
Numerical Control and Intelligent Machining by analysing process data monitoring tool health spotting cutting issues
and aiding in setting the parameters. Data from spindle vibration sensors sound signals and temperature can help
determine tool wear or uncover machining problems. A smart machining system, such as Computer Numerical Control
and Intelligent Machining might warn an operator when vibration deviates from the range. Any automatic change to
cutting settings must be tested carefully because wrong changes can harm size accuracy, tool life, surface quality and
machine safety.

F. Digital Twins

Digital Twins is a copy of an asset, process or system that can be refreshed with data from the real thing. In manufacturing
Digital Twins can model machines, production lines or whole factories. When Digital Twins work with sensor data and
Al models they can help watch performance, simulate processes, analyse faults and test operating ideas. Engineers can
run simulations to try conditions before using them on equipment. The value of a Digital Twins depends on how accurate
the model's how reliable the operational data is and how often the virtual copy is refreshed. Building and maintaining
Digital Twins can also require a lot of skill and money.

G. Integration of AI and Automation Technologies

The greatest potential of manufacturing comes when these technologies work together not when they are used alone.
IoT sensors gather data about how machinery running. Machine learning takes that data. Makes sense of it. Automated
systems then use the results to help make decisions about production or maintenance. Machine vision adds quality data
by spotting defects. Digital twins let teams test changes before applying them in the world.
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For example, sensors on a CNC machine can collect readings about how it’s performing. Machine learning can analyse
these readings to estimate how worn the cutting tool is. If the system sees a problem, it can send an alert to check the
tool or suggest maintenance. After the action is taken the outcome is recorded. This helps check if the prediction was
correct and if the response worked. Integration should happen step by step. Teams should know who is responsible for
each part. Human oversight should be, in place where needed. Cybersecurity must be built in from the start. Clear
performance measures should be set. This way Al and automation help achieve business goals—without putting product
quality or worker safety at risk.

IV. APPLICATIONS

Artificial Intelligence and automation are being used in manufacturing tasks to make operations run better create better
products keep machines working properly and use resources more effectively. These tools are used for things, like
checking how machines are working looking at products automatically and making production work better. How well
these tools work depends on the setting where they are used how good the data. If the right solution was chosen.

A. Predictive Maintenance

Predictive maintenance uses data about the condition of equipment and analysis models to find failures before they lead
to big production problems. This is different from maintenance, which happens after a failure occurs. Predictive
maintenance tries to give a sign of problems that are starting to develop. Sensors placed on machines can gather
information about vibration, temperature, pressure, sound and electricity. Artificial intelligence models can look at this
information to spot patterns and help make maintenance choices. This method is important for CNC machines, pumps,
compressors, motors and other key manufacturing tools.

The advantages can be unexpected stops in work better planning for maintenance and more efficient use of spare parts.
How good the predictions are depending on how reliable the sensors are, how much historical data is available and how
well the model can notice changes, in how the machine is working.

B. Automated Quality Inspection

Quality inspection is essential to make sure that manufactured components meet the requirements that are set. Manual
inspection done by people can take a time and the results can change depending on the conditions of the inspection and
how experienced the operator is. Al-based machine vision can analyse pictures of manufactured components to find
surface cracks, scratches, size problems, missing parts and assembly defects. Automated inspection systems can look at

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/1JSREM68110 | Page 6



https://ijsrem.com/

¢a" TRy

‘{IJSREM\

ey International Journal of Scientific Research in Engineering and Management (I[JSREM)
fa) Volume: 10 Issue: 10 | Oct - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

products fast as they are made on the production line and give a steady evaluation that matches the acceptance rules that
have been set.

For example, a camera-based inspection system can look at metal parts after they are machined and flag the products
that need inspection. The possible benefits are detection of defects less repetitive inspection work and clearer tracking
of quality information. Nevertheless, the system must be validated to keep acceptance down and to avoid rejecting
products that are actually fine.

C. Intelligent CNC Machining

Quality inspection is essential to make sure that manufactured components meet the requirements that are set. Manual
inspection done by people can take a time and the results can change depending on the conditions of the inspection and
how experienced the operator is. Al-based machine vision can analyse pictures of manufactured components to find
surface cracks, scratches, size problems, missing parts and assembly defects. Automated inspection systems can look at
products fast as they are made on the production line and give a steady evaluation that matches the acceptance rules that
have been set.

For example, a camera-based inspection system can look at metal parts after they are machined and flag the products
that need inspection. The possible benefits are detection of defects less repetitive inspection work and clearer tracking
of quality information. Nevertheless, the system must be validated to keep acceptance down and to avoid rejecting
products that are actually fine.

D. Robotic Automation and Material Handling

Robotic automation is used for welding, painting, assembly, packaging, palletising and transferring materials between
production stations. Robots can do the tasks over and over again with the same movement. These robots can be added
to production lines to cut down on the need for people to do the work manually. Artificial intelligence can make robotic
systems better by helping them see understand and move in a way. For example, a robot with a camera can find parts on
a moving belt. Change how it moves to pick up and put down those parts.

The good things about using robots include doing the work the same way every time keeping people away from
dangerous jobs and making the production process steadier. Putting robots to work needs the space to work in
programming the robot support for keeping it working and safety rules. Working with robots and people must have a
check, for risks and ways to keep everyone safe.

E. Production Planning and Scheduling

Production planning is the process of assigning machines, labour, materials and time so that manufacturing needs are
satisfied. Production planning, in production environments often deals with shifting demand, machine breakdowns,
material shortages and varying processing times. I notice that Al-based decision-support systems analyse production
data to help with scheduling, resource allocation and bottleneck identification. Predictive models estimate demand or
processing times and optimisation techniques evaluate production schedules.

For example, a scheduling system might suggest rescheduling jobs when a critical machine becomes unavailable.
Production planning could then see resource utilisation, shorter waiting times and better delivery performance. However,
these benefits do not happen automatically; they depend on how accurate input data's how good the scheduling model
is and how well the system can handle real-world constraints.

F. Energy Monitoring and Resource Optimisation

Energy consumption is a factor in manufacturing especially in processes that use a lot of energy. Al can look at electricity
use when machines are running how much is made and environmental conditions to find ways machines waste energy.
Systems that watch energy use can find machines that still use energy when they are not running see how energy use
differs between shifts and spot energy use. Al can help plan when to run machines and check ways to save energy.
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How well an energy-saving plan works should be measured with signs, such as energy used for each item made. When
comparing remember differences, in products how much machines run how much is made and work conditions so you
do not get ideas.

G. Supply Chain and Inventory Management

Manufacturing performance depends on getting materials, components and spare parts on time. Al can help with
inventory management by looking at usage how well suppliers perform, demand trends and production plans. Predictive
models can guess how much material will be needed and spot shortages. Automated systems that track inventory can
use barcode or RFID data along with existing records to give a picture of how materials move around. These tools can
help with buying decisions planning inventory and keeping production running. They only work well if the records are
correct suppliers share info, on time and the system can handle surprises like sudden delays or problems.

H. Integrated Smart Manufacturing

The applications mentioned above can fit into a smart manufacturing setup. For instance, IoT sensors can watch over
CNC machine health Al models can predict tool wear automated checks can look at product quality and planning systems
can use machine status to change schedules.

A connected system can link work data with maintenance and production choices. This could help different teams work
better together and give an overall picture of how well manufacturing is doing. Putting this in place needs systems to
work together clear rules for handling data, security measures, training for workers and checking things regularly.
Companies should start with a problem they want to fix set a starting point, for how things are now run a small test and
only move forward after seeing what works technically and financially.

In the end Al and automation bring chances to make manufacturing better. Their real value should be checked by results
that can be measured like how long machinery not working how many bad products are made how long it takes to make
something how much power is used how much is made in a time and how much it costs to put everything in place.

V. BENEFITS AND PERFORMANCE EVALUATION

The use of Artificial Intelligence and automation can make manufacturing better by helping people make decisions based
on data cutting down on tasks that people do by hand and making the way things are made more the same each time.
The good things that happen depend on which tools are chosen how well they are put into place the conditions they work
in and if the workers are ready, for them. So how well they work should be checked with numbers instead of just guesses.

A. Improvement in Productivity

Productivity is a factor, in how well a manufacturing process works. Machines that work on their own robots used in
factories and systems that use intelligence to plan production can all help cut down on boring repeated jobs. These tools
can also make the way work flows better and stop problems from happening when they could have been avoided.

Productivity is calculated by how many good products made in a certain amount of time. It can also be checked by
looking at how much's made before and after using a system that uses artificial intelligence.

The percentage improvement in productivity can be calculated as:

Ir = {(P1 — P2)/ Py} x 100%

Where:
. Ip = Percentage improvement in productivity
. P, = Productivity before implementation
. P = Productivity after implementation

A positive value indicates an increase in productivity, provided that both measurements use comparable operating
conditions and product definitions.
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B. Improvement in Product Quality

Al-based inspection systems can help identify defects and variations in manufactured components. Machine vision,
sensor-based monitoring, and statistical process analysis can support the early detection of quality problems. One useful
indicator is the defect rate, which represents the proportion of inspected units identified as defective.

It can be calculated as:

Dr = (Np/N1) % 100%

Where:
. Dr = Defect rate (%)
o Np = Number of defective units
. Nt = Total number of inspected units

A reduction in defect rate after implementation may indicate improved quality. Nevertheless, the comparison should use
consistent inspection criteria and account for changes in product mix and production conditions. False acceptance and
false rejection rates should also be evaluated when Al-based inspection is used.

C. Reduction in Equipment Downtime

Equipment downtime occurs when a machine is unavailable for production because of breakdowns, maintenance, setup,
or other interruptions. Predictive maintenance can help identify developing equipment problems and support better
maintenance scheduling.

The percentage reduction in downtime can be expressed as:

Rp = (Do - D1) / Do) x 100%

Where:
. Rp = Percentage reduction in downtime
o Dy = Baseline downtime before implementation
o D; = Downtime after implementation

A positive value indicates reduced downtime. For a meaningful comparison, planned maintenance, unplanned
breakdowns, and other production interruptions should be recorded separately.

D. Reduction in Manufacturing Costs

Al and automation may influence manufacturing costs through changes in labour requirements, scrap generation,
maintenance activities, energy consumption, and production throughput. However, implementation also introduces
expenses such as equipment purchases, software licences, integration, training, and ongoing maintenance.

The percentage reduction in manufacturing cost can be calculated as:

Rc={(Co-Cy)/ Co} x100%

Where:
. Rc = Percentage reduction in cost
. Co = Baseline cost for a defined production quantity
. C; = Corresponding cost after implementation

Cost comparisons should use the same accounting boundaries and production basis. A complete economic evaluation
should include initial investment, operating expenses, system maintenance, and expected benefits over the selected
evaluation period.

E. Improvement in Equipment Reliability

Equipment reliability refers to the ability of a machine to perform its required function without failure for a specified
period under stated operating conditions. Al-supported condition monitoring may assist maintenance teams in
identifying abnormal machine behaviour before a failure occurs.

Two useful maintenance indicators are Mean Time Between Failures (MTBF) and Mean Time to Repair (MTTR).

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM68110 | Page 9



https://ijsrem.com/

{.‘t-, ‘33‘
¢ TISREM 3

s-ef? International Journal of Scientific Research in Engineering and Management (I[JSREM)
a Volume: 10 Issue: 10 | Oct - 2026 SJIF Rating: 8.659 ISSN: 2582-3930
MTBF =T,/ Nr

MTTR =Tr/Nr

Where:
o MTBF = Mean Time Between Failures
o Ty = Total operating time
. Nr = Number of failures during the observation period
. MTTR = Mean Time to Repair
. Tr = Total repair time
. Nr = Number of completed repairs

Under a consistent definition, a higher MTBF generally indicates longer operating periods between failures, while a
lower MTTR indicates shorter average repair times. These metrics should be interpreted alongside failure severity,
maintenance strategy, and equipment utilisation.

F. Improvement in Workplace Safety

From what I see Automation can reduce workers exposure to work hard work on the body and dangerous tasks. For
example, robots can move parts and automatic checks can be done in places where long manual work is not suitable.

I have noticed that Al monitoring can also help spot operating conditions or differences from safety rules. However, Al
systems cannot replace machine guard’s emergency stop buttons, risk checks, operator training and set safety rules.

I believe that Safety performance can be measured using indicators like recorded incidents, almost-accident reports,
dangerous exposure events and finished safety inspections. If reporting practices change you should think about that
when comparing performance, over time.

G. Energy Efficiency and Resource Utilisation

Energy efficiency matters a lot in manufacturing especially when dealing with motors, compressors, furnaces, machining
centres and other equipment that use a lot of energy. Using Al to monitor operations can help spot places where energy
is being used unnecessarily. This can lead to changes, in how things are run.

One helpful way to measure efficiency is called energy consumption. It’s calculated like this:

SEC =Er/Na
Where:
. SEC = Specific Energy Consumption
o Er = Total energy consumed
. N4 = Number of acceptable units produced

Here SEC stands for energy consumption Er is the total energy used and Ny is the number of acceptable units produced.
A lower SEC means less energy is used for each good unit made, long as production needs and measurement limits are
the same. Other useful measures can include how much material is wasted per unit, how much water is used and how
well machines are being used.

H. Key Performance Indicators for Evaluation

The following indicators can be used to evaluate an Al and automation initiative in a manufacturing environment.

Performance objective Key performance indicator Desired direction
Productivity Acceptable units produced per hour Increase

Product quality Defect rate Decrease
Equipment availability Unplanned downtime Decrease
Maintenance performance MTBF Increase

Repair efficiency MTTR Decrease

Cost efficiency Cost per acceptable unit Decrease

Energy efficiency Energy per acceptable unit Decrease
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Workplace safety Incident and exposure rates Decrease

The indicators should be selected according to the project's objectives. For example, a predictive-maintenance project
should prioritise downtime, failure frequency, maintenance cost, and prediction performance, whereas a machine-vision
project should prioritise defect-detection performance and inspection throughput.

I. Performance Evaluation Methodology

A structured evaluation is needed to find out if the system that has been put in place gives benefits. First the company
needs to say what the problem is and write down what is happening now before the system was added. Then the Al or
automated solution should be tested in a controlled place. After that the results should be watched over an amount of
time and compared to what was measured before. The evaluation needs to look at how much's being made how
complicated the products are, how much the machines are used how many people are working and what the conditions
are like. If possible, using a process that is not changed can help see if the new system is really making a difference.

Al models also need to be checked using the numbers for the job. For tasks that involve sorting things into categories
numbers like how accurate the predictions how many are found and a table that shows the results can help. For tasks
that predict numbers things like the error can be useful.

This paper is based on what others have written. The formulas and numbers here are a way to check things not proof
that something improved by a certain amount. Real results need to be found using tests that are known to be correct, in
factories.

VI. CHALLENGES AND LIMITATIONS

I think that Artificial Intelligence (Al) and automation give chances to make manufacturing better but putting them in
use can be hard. You need more, than new smart software or machines that run on their own. The people who run
factories must also make sure that the data is trustworthy that the systems play well together that the digital safety is
solid that the workers are ready and that the money side stays good for a time. Artificial Intelligence (Al) is a part of this
and automation is also crucial.

A. High Initial Investment and Implementation Cost

One of the obstacles to using Al and automation is the upfront money needed for sensors, industrial robots, computing
hardware, software, networking gear and putting all the parts together. Small and medium-sized manufacturing
companies often find these costs very hard to handle. You might also have to pay for training your staff changing
equipment, updating software getting help and keeping everything running. So even if a new system looks good on paper
it might not bring money back to be worth it. Before jumping manufacturers should do a careful cost-benefit check. This
check should look at the payment the running costs the savings you expect changes, in how much you can produce and
how long the system will last. Trying out a pilot can let a company see if it works before spending a lot on a full rollout.

B. Data Quality and Availability

Al models need data that truly show how manufacturing works. Industrial data can have missing parts, noisy sensors
measurements that don't match wrong labels and records that are not complete for equipment problems. In maintenance
for example big machine problems can happen very rarely which means there are not enough examples of failures to
teach the model. Also, a quality-check model that only sees a type of problems might not notice new kinds of problems.
Data cleaning, fixing sensor readings using the way to label things and collecting data that covers all situations are very
important. Factories should also make sure there are rules, for storing data, who can access it checking it and keeping
an eye on it all the time.

C. Integration with Existing Manufacturing Systems

Many factories still run machines, programmable logic controllers, Supervisory Control and Data Acquisition (SCADA)
systems and Manufacturing Execution Systems (MES) that were built at different times. These systems often don’t talk
to each other well. They use ways to send data, different file types and different software setups. Adding Al tools to this
setup isn’t easy. [t might mean putting in sensors adding communication bridges building custom interfaces and changing
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how people do their jobs. If the integration isn’t done right data can come in late records can be messy. It can even mess
up production. A smart move is to check what’s already in place before starting any project. Try to use interfaces that
can work with systems. Test the setup, in real-world conditions. Always make sure the current production and control
systems stay stable and reliable.

D. Cybersecurity and Data Privacy

Connected manufacturing systems bring cybersecurity risks because machines, sensors, industrial networks and cloud
platforms share data. If someone gets in without permission or if there’s activity it can mess up production data stop
operations or take industrial equipment offline. Al systems also face risks. Someone could change the input data alter
the model without permission or use software parts. These risks become more serious when Al is linked to systems that
control operations. Manufacturers should put in place access controls, networks into secure zones use safe
communication methods keep software updated monitor for issues back up data regularly and have a plan, for dealing
with incidents. Important machine functions should have their safety systems and should not rely only on an Al model.

E. Workforce Training and Resistance to Change

The introduction of Al and automation can change how jobs are done what skills are. How manufacturing work flows.
Some workers might worry they’ll lose their jobs. Others might not have the training to use or keep up systems.

To make automation work well companies need to train workers in areas like data analysis, robotics, sensor technology,
equipment diagnostics and how to run digital systems. Training should fit each person’s job. Hands-on practice helps a
lot. Companies should explain clearly why they’re adding automation. Workers should be part of the decisions, about
how it’s put in place. When people and machines work together it’s better. Machines do things the way every time.
Humans bring judgment real experience and the ability to solve problems. That mix can make work stronger and more
reliable.

F. Reliability, Accuracy, and Explainability of Al Models

Al models may give predictions when the real-world conditions are different from what they learned during training.
Things like changes in materials, machine settings, weather or production timing can make the models less accurate.
This is an issue in industrial settings where wrong predictions could lead to broken machines, poor quality products or
even safety risks. Some advanced models don’t explain clearly why they made a decision. That makes it hard for
engineers to trust or understand the model’s recommendations.

To fix these problems manufacturers should test models with data that closely matches operations. They should also
check the performance measures keep an eye on how the models do, after going live and plan for retraining or replacing
models when needed. In cases where decisions affect safety, quality or daily operations human review should always be
part of the process.

G. Safety and Regulatory Compliance

Industrial automation must work inside the limits set by engineering rules and workplace safety rules. Industrial
automation can bring danger from moving parts, motion, electric parts and when people touch machines. Robots,
conveyors, CNC machines and self-moving material handlers are all examples of industrial automation that can create
these dangers.

An Al model’s prediction is not a replacement for safety devices, like emergency stops, locks or a thorough risk study.
The decisions made by the Al model have to be looked at for how they could affect people and machines. The safety
rules of each job must be followed when using the Al model.

Manufacturers must follow the rules and laws do risk studies confirm that safety parts work and that workers know how
to use the machines and what to do in an emergency. If a new Al-enabled control system is added it must be tested
carefully before it is used in the shop.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM68110 | Page 12



https://ijsrem.com/

Fac ‘33&
‘{IJSREM"
gw i7 International Journal of Scientific Research in Engineering and Management (I[JSREM)
i Volume: 10 Issue: 10 | Oct - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

H. Scalability and Maintenance of AI Systems

A solution that works well on one machine or production line might not work the way in another facility. Every plant
has its differences. Equipment may be older. Sensors might be set up differently. Materials used can vary. Environmental
factors like temperature or humidity can change. Production methods may not be the same. All these things can make it
hard for an Al model to work the way in different places.

Scaling the solution can bring challenges. More computing power may be needed. Integrating the system with existing
tools can get complicated. Maintaining it over time takes effort. The risk of cybersecurity issues can grow as the system
expands. Also, over time the model might become less accurate. Manufacturing conditions change. The model needs to
keep up.

A better way is to use a staged deployment strategy. Start small. Test the system on a machine that is typical of the plant.
Make sure it works well. Document every step of the process. Set up monitoring to track performance. Only expand to
machines once the results are reliable. Keep reviewing the model. Do maintenance. This helps keep the system
dependable and effective, over time.

I. Environmental and Resource Considerations

Al-enabled optimisation can cut down on waste and lower energy use. The way Al-enabled optimisation is set up can
still hurt the planet. Extra computers, sensors, electronic parts and machines that run automatically all need energy and
materials to be made, used and later thrown away. To know if an Al-enabled manufacturing system is truly good, for the
environment people must look at all the limits. Useful checks are how energy each good product uses how much waste
is made, how long the machines last and how much power the computer network needs. The people who make the goods
should decide if the faster, cleaner work the Al-enabled optimisation gives is worth the things that must be built and
kept.

J. Summary of Major Challenges
The principal challenges and possible mitigation measures are summarised in Table II.

TABLE II. MAJOR CHALLENGES AND MITIGATION MEASURES

CHALLENGE POSSIBLE MITIGATION MEASURE

HIGH INITIAL COST Conduct cost—benefit analysis and begin with pilot projects
POOR DATA QUALITY Improve sensor calibration, validation, and data governance
LEGACY-SYSTEM INTEGRATION | Use interoperable interfaces and staged integration
CYBERSECURITY RISKS Apply access controls, network segmentation, and monitoring
WORKFORCE SKILL GAPS Provide role-specific training and employee involvement
MODEL ERRORS AND DRIFT Validate, monitor, and periodically reassess Al models
SAFETY CONCERNS Conduct risk assessments and retain independent safeguards
SCALABILITY LIMITATIONS Standardise deployment procedures and expand gradually
ENVIRONMENTAL IMPACT Monitor energy, material use, and equipment lifecycle

Overall, these challenges indicate that Al and automation should be implemented as part of a broader engineering and
organisational strategy. Technical validation, employee participation, cybersecurity, safety, and continuous performance
evaluation are essential for achieving sustainable manufacturing improvements.

VII. PROPOSED IMPLEMENTATION FRAMEWORK

To bring Artificial Intelligence (Al) and automation, into manufacturing I believe a clear step-by-step plan is essential.
That plan must weave together engineering needs, data study, daily limits and cost analysis. Of putting all new tech in
one go manufacturers can take a phased rollout. This phased approach lets engineers try the technology reduce risk and
keep improving before the launch.
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A. Identification of Manufacturing Problems

The first step is to find a problem that happens in manufacturing and could be fixed with Al or machines that work on
their own. Some typical problems are machines breaking down often many products being faulty taking long to make
things not moving materials well and using too much power. The problem that is chosen needs to be clear. Something
that can be measured. For example, a factory might want to make sure an important machine does not stop working
without warning or find more surface problems when checking products.

When choosing the problem people should think about how important it's, to the business if there is enough data to work
with if it is possible to do how much good it would bring and what risks might happen when trying to fix it.

B. Establishment of Baseline Performance

Before the manufacturer introduces a system, the manufacturer should record current operational performance. I think
baseline measurements are important because they give a reference point to see if the new solution brings improvement.

Relevant indicators may include: Production output per hour.

* Defect. Scrap generation.

 Unplanned equipment downtime.

* Maintenance cost and repair duration.

* Energy consumption per product.

* Inspection. Production cycle time.
Baseline data should be collected over a period and under representative operating conditions. I feel that documenting
differences, in production volume, product mix, machine utilisation and working schedules will help make comparisons.

C. Data Collection and Preprocessing

After defining the problem, the next step is to figure out what data is needed for the analysis. The data can come from
sources depending on the situation. It might be from factory sensors, machine controls, camera systems used for checking
quality records from maintenance teams databases that track production and tools that monitor energy use. For systems
that predict when maintenance is needed important information could be things like how much something vibrates, how
hot it gets how much current the spinning part uses how long it has been. Past records of when it broke down. For
checking quality, the data might include pictures of parts and labels that say if they are good or bad.

Once the data is gathered it needs to be checked for problems. This includes looking for missing information mistakes,
in measurements, repeated entries, units that don't match and labels that are wrong. Some cleaning and checking have
to happen before building any models. Also, it's important to think about privacy, who can see the data and how to keep
it safe from hackers.

D. Selection of AI and Automation Technologies

The technology that is chosen should fit the manufacturing problem. It should not be picked just because it is very
advanced. For example, machine learning could be right for guessing when machines might have problems. Computer
vision could be good for finding defects that can be seen. Robotics might be useful for moving things over again.
Optimization algorithms could help plan what to make and when. The choice needs to look at how accurate the models.
It needs to think about how computer power is needed. It should check how fast it can respond. It should see if it is easy
to understand. It must work with the machines in use. It should think about how work it will take to keep it running. It
has to be safe. Sometimes old ways of controlling things or simpler math methods can be better. They can be more
reliable and cheaper, than an Al system.

E. Model Development and Validation

When Al is needed the next step is to make and check a model. The dataset that we have must be split into training,
validation and test parts using a plan that fits the data and the job. For data that changes over time the evaluation must
keep the time order of the dataset so we do not leak information. The model should be checked on data that were not
used to fit it or to pick the model. If we are doing classification useful metrics are precision, recall and the confusion
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matrix. If we are doing prediction, we can use Mean Absolute Error (MAE) or other good error measures. In maintenance
we also need to think about the cost of missing a failure and the cost of false alarms.

After we have a model, we must test it in real working conditions. We should write down the Al model’s performance,
its limits and the acceptable limits before we put it into production.

F. Pilot Implementation

A pilot project should be carried out on a representative section of the manufacturing process. The goal is to find out if
the proposed solution works reliably in the operating environment.

For example, a predictive maintenance model might first watch one machine and send alerts to maintenance staff without
actually controlling the equipment. This setup lets the manufacturer compare the model’s predictions with inspections
and the machine’s later behaviour.

During the pilot engineers must evaluate performance, operator feedback how well it fits into existing workflow
maintenance needs and any unexpected operational effects. The pilot must have success criteria and defined conditions,
for stopping or changing the implementation.

G. Integration with Manufacturing Operations

I see that after a pilot evaluation has gone well the system can be joined with the manufacturing infrastructure that
matters. Depending on the use this might mean linking sensors, industrial controllers, production databases, inspection
systems or maintenance-management software. I think integration must keep the reliability of the equipment that's
already in place and must not disturb production more than needed. The data interfaces, the communication protocols,
the access controls and the responsibilities of the system must all be written down. I feel that when an Al output
influences an operational decision the degree of automation must match the risk level. Operator approval can be the
choice, for suggestions that need engineering judgement. On the hand safety-related functions must rely on protective
mechanisms that have been validated independently.

H. Economic and Operational Evaluation

Before you expand the system, the manufacturer should look at the measured benefits. Compare them with all the costs
that come from implementing and running the system. The evaluation may cover buying equipment and software linking
systems together training staff keeping the system up using energy and the savings that come from productivity.

One basic measure of return on investment (ROI) is:

ROI=((B-C)/C) x100%

Where:
o ROI = Return on Investment (%)
o B = Monetary benefits during the defined period
. C = Total costs during the same period

Benefits and costs should be measured using consistent accounting boundaries and the same evaluation period. Where
appropriate, manufacturers should also consider the payback period, uncertainty in expected savings, and the useful life
of the installed system. A positive ROI alone does not establish technical suitability or guarantee reliable long-term
performance.

I. Workforce Training and Change Management

The process of putting things into action needs to have training for people who work with machines those who fix them
those who check quality and anyone else who needs to know. What people need to learn depends on the system. It might
involve watching sensors understanding alerts from Al using machines safely and knowing how to talk about problems
with the system.

Everyone should know what the technology is for and what it can't do, including times when checking by hand is needed.
Getting workers involved when making the system and testing it can help find problems and make people more willing
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to use it. Plans for managing changes should also say who is, in charge of watching the system keeping it working
reporting problems and making choices based on what the Al says.

J. Continuous Monitoring and Improvement

Al and automation systems need checking once they are put into use. Manufacturing settings can change over time as
machines get older materials are different production plans change or new products come out. These changes can impact
how well the models work and if the current ways of doing things are still right. Manufacturers need to keep an eye on
things like performance measures, mistakes in predictions how reliable the equipment. What people say about the
system. Retraining or adjusting the model should only happen if there is proof that it is needed. Then it must be checked

properly.

Regular checks should also look at security updates for software, safety measures. If the system is still worth the money.
If the performance drops below limits the company should have a written plan, for looking into the problem using a
backup way to work and fixing the issue.

K. Proposed Implementation Sequence

The proposed framework can be summarised as follows:
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I believe the sequence offers a path that starts with identifying a manufacturing problem and ends with evaluating and
maintaining a solution that has been implemented. Activities such as workforce training, cybersecurity assessment and
safety review should happen throughout the implementation process of only at a single stage.

The proposed framework is meant to be a mix of engineering and Al implementation considerations. The framework
has not been tested in an industrial experiment, in this paper; therefore, its effectiveness should be checked in the specific
manufacturing environment where it is applied.

VIII. FUTURE SCOPE AND RESEARCH DIRECTIONS

The ongoing growth of Artificial Intelligence (Al) and robotics along with connectivity and data analytics is expected
to bring new chances for manufacturing industries. Future manufacturing systems will probably look beyond
productivity and automation. They will also aim for flexibility, sustainability, resilience and good teamwork, between
humans and intelligent machines. Yet how well these technologies are taken up. How much they will affect the industry
will depend on how mature the technology is, how much it costs to put it in place how safe it is and what the industry
really needs.
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A. Transition from Industry 4.0 to Industry 5.0

Industry 4.0 focuses on bringing together technologies, connected machines, smart automation and manufacturing that
uses data. Industry 5.0 takes this idea further by focusing more on manufacturing that puts people first looks after the
environment. Builds strong industries. Future studies can look into how artificial intelligence systems can help workers
of just taking over tasks that people used to do. Some examples are tools that help machine operators, systems that help
maintenance workers make better decisions and production areas that use both human thinking and machines to get the
job done.

Studies should also look at how working with machines affects how much work gets done how happy workers are, how
safe they are and how they learn skills.

B. Autonomous and Adaptive Manufacturing

Future manufacturing systems will likely use Al more and more to change operations when product needs, machine
status or production demand change. Adaptive systems can change schedules suggest process settings and move
materials by using operational data. Future manufacturing systems might look at equipment status data. Suggest a
different job order when a machine needs maintenance. Autonomous decisions must stay inside verified limits and
consider production rules, equipment strengths and safety rules. Future manufacturing systems should look at decision
making fault recovery, real-time optimisation and the situations where human approval is needed.

C. Digital Twins and Virtual Commissioning

Digital twins give copies of real machines, steps or factory systems. When linked with data and Al models digital twins
help watch processes, run simulations find faults and test different ways of running. A key future goal is to combine
twins with plans for keeping equipment healthy and making production run better. Engineers can try out changes, in a
test field before doing them on real machines. More study is needed to make models more exact sync data better speed
up calculations and let systems talk together. The price of building and caring for twins must be weighed against the
clear gains they bring.

D. Explainable and Trustworthy Artificial Intelligence

Manufacturing decisions can directly affect product quality, how well equipment works over time and the safety of
workers. That’s why future Al systems need to give results that're reliable. When needed they should also offer
explanations that engineers can actually understand and check. Explainable Al can help people see what factors in the
operation led to a prediction. It can also show why a part was labelled as defective. Research should look closely at how
model accuracy connects with how easy it's to interpret the results how much computing power it takes and how much
trust users have in the system. For Al in manufacturing to be trustworthy it must be properly. Validated. It should be
watched over for any drop in performance. Data must be handled properly with governance. Cybersecurity measures are
essential. There must be clear responsibility, for any decisions made by the Al. In situations where safety's critical Al
suggestions should not take the place of engineering rules or proven safety systems. Those systems must always remain
in place.

E. Advanced Robotics and Human—Robot Collaboration

Robotics will continue to be an area of research in manufacturing. Improvements in sensing, machine vision, motion
planning and adaptive control could help robots manage types of parts and deal with changing production situations.
Collaborative robots could help with jobs where people and machines work in the space as long as safety rules are
followed. Possible uses are assembly, checking parts, moving components and helping with tasks that are done over and
over. Future studies need to look at safety for jobs how predictable robot movements are, how good the working
conditions are for people how hard it is to program the robots and whether using them makes economic sense. Increases
in how the robots can adapt should be checked along, with how reliable and easy to fix the whole system is.

F. Sustainable and Energy-Efficient Manufacturing

Sustainability is a focus for the future of smart manufacturing. Artificial intelligence can help with tracking energy use
cutting down on waste planning production schedules and using materials more efficiently. In the future studies may
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look into how smart systems can lower the amount of energy used to make each product while still keeping the quality
and speed of production. Scientists also need to think about the energy needed to run computer systems and the impact
that sensors, electronic parts and machines have on the environment.

A full evaluation should take into account environmental measures and well-defined limits for the system being studied.
This would make it easier to see if an Al project actually helps the environment of just moving resource use, from one
task to another.

G. Edge AI and Real-Time Industrial Analytics

Edge Al works by handling data near the machines or sensors that create the data of depending only on faraway
computing centres. Edge Al can help in factories where quick replies, less network use or staying active during internet
gaps are needed. Edge Al can be used for spotting defects keeping track of machine health and finding strange patterns
locally. Future study should look at how to shrink models what computing power is needed limits of hardware keeping
data safe and how to balance Edge Al work, with analysis. Hybrid systems that mix Edge Al devices and big central
computers offer flexibility. Their performance has to be tested in real network and working conditions.

H. Integration of Generative Al in Manufacturing Engineering

Generative Al can help manufacturing engineering by making technical documentation easier to use by retrieving
maintenance knowledge by exploring engineering designs and by interpreting complex operational records. For
example, an Al assistant can help maintenance workers search equipment manuals. Summarise old maintenance reports.
Generative Al can also help with early-stage design exploration. The results of Generative Al still need to be checked
by engineers before they can be used in real applications.

Important research challenges include reliability, access, to proprictary information, traceability, protection of
intellectual property and the need to fit Generative Al into established engineering workflows. Generative Al must not
set machine settings on its own; Generative Al must only do so after proper validation and authorised oversight.

I. Research Opportunities and Open Challenges

Several research opportunities emerge from the development of Al-enabled manufacturing systems:
1. Generalisation across machines: Developing models that remain reliable across different machine
types, materials, and operating conditions.

2. Limited industrial data: Designing effective learning methods when labelled failures or defect
examples are scarce.

3. Real-time decision-making: Reducing analytical latency while maintaining acceptable model accuracy
and reliability.

4, Cybersecurity and resilience: Protecting connected production systems against data manipulation,
unauthorised access, and operational disruptions.

5. Economic feasibility: Establishing practical methods to estimate total lifecycle cost and measurable
return on investment.

6. Human-machine collaboration: Evaluating how intelligent systems affect worker safety, trust,

productivity, and skill requirements.

7. Sustainable manufacturing: Quantifying the overall environmental impact of Al and automation

across defined operational boundaries.
Future research should bring together laboratory testing, simulations and world industrial case studies. By comparing
how different technologies perform across manufacturing settings we can better understand which solutions work best
for specific uses and under what conditions they truly make a difference.

At the core of the future of Al and automation in manufacturing is the need for systems that're intelligent flexible, secure
and designed with people in mind. To move forward engineers, data scientists, automation experts, factory managers
and safety specialists must work together. Clear and reliable validation of results along with reporting will continue to
be key to turning new technologies into real improvements, on the factory floor.
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IX. CONCLUSION

Artificial Intelligence (Al) and automation are becoming tools for making manufacturing better and helping to build
smart factories. This paper looked at how Al and automations used in mechanical engineering. Some examples include
predicting when machines need repair by learning from data, Industrial Internet of Things (IoT) CNC machining, robots
moving materials, automatic quality checks, planning production watching energy use and digital twins. The review
shows that Al and automation can help increase how much work gets done keep product quality high monitor machine
condition and support decision-making using data. Predictive maintenance can catch when a machine is acting strangely.
Machine vision can find defects that might be missed. Robots can handle materials. Do repeated tasks with consistency.
Smart production planning can help use resources and schedule tasks efficiently. The amount of benefit from these tools
depends on what they're used for, how good the data's how well they are put into practice. With these opportunities many
challenges remain. High upfront costs, data quality, problems connecting with machines, security risks, lack of worker
skills and doubts about how reliable the models are can stop companies from adopting these tools. Safety rules and
regulations also need attention when adding automated systems to factories. So, companies should test if the technology
works and if it’s worth the money before rolling it out.

To address these problems the paper suggests a step-, by-step plan. It starts with identifying the problem measuring how
well the current system works, collecting data choosing the technology testing the model running a small-scale trial
linking the system into operations checking costs and continuously monitoring performance. The plan focuses on
performance measures, human oversight and regular checks to make sure the system stays reliable. Future studies should
look into Al, manufacturing, digital twins, edge computing people working alongside robots and green industrial
practices. More real-world experiments and case studies are needed to see how better the work gets to figure out costs
and to find when these tools are most helpful.

In short Al and automation can make manufacturing more efficient, flexible and dependable. Using them well means
combining technology with engineering practices, training workers protecting against cyber threats ensuring safety and
constantly checking performance. Since this paper is a review of existing work the ideas it presents should be tested in
factories through hands-on experiments.

REFERENCES

[1]. T. Zonta, C. A. da Costa, R. da Rosa Righi, M. J. de Lima, E. S. da Trindade, and G. P. Li, “Predictive
maintenance in the Industry 4.0: A systematic literature review,” Computers & Industrial Engineering, vol. 150,
Art. no. 106889, 2020, doi: 10.1016/j.cie.2020.106889.

[2]. M. Sharp, R. Ak, and T. D. Hedberg Jr., “A survey of the advancing use and development of machine
learning in smart manufacturing,” Journal of Manufacturing Systems, vol. 48, pp. 170-179, 2018, doi:
10.1016/j.jmsy.2018.02.004.

[3]. Y. Lei, N. Li, L. Guo, N. Li, T. Yan, and J. Lin, “Machinery health prognostics: A systematic review
from data acquisition to remaining useful life prediction,” Mechanical Systems and Signal Processing, vol. 104,
pp. 799-834, 2018, doi: 10.1016/j.ymssp.2017.11.016.

[4]. G. A. Susto, A. Schirru, S. Pampuri, S. McLoone, and A. Beghi, “Machine learning for predictive
maintenance: A multiple classifier approach,” IEEE Transactions on Industrial Informatics, vol. 11, no. 3, pp.
812-820, 2015, doi: 10.1109/T11.2014.2349359.

[5]- ] T. Wuest, D. Weimer, C. Irgens, and K.-D. Thoben, “Machine learning in manufacturing: Advantages,
challenges, and applications,” Production & Manufacturing Research, vol. 4, no. 1, pp. 23-45, 2016, doi:
10.1080/21693277.2016.1192517.

[6]. R.Y. Zhong, X. Xu, E. Klotz, and S. T. Newman, “Intelligent manufacturing in the context of Industry
4.0: A review,” Engineering, vol. 3, no. 5, pp. 616-630, 2017, doi: 10.1016/j.eng.2017.05.015.

[7]. A. Kusiak, “Smart manufacturing,” International Journal of Production Research, vol. 56, nos. 1-2, pp.
508-517, 2018, doi: 10.1080/00207543.2017.1351644.

[8]. J. Lee, B. Bagheri, and H.-A. Kao, “A cyber-physical systems architecture for Industry 4.0-based
manufacturing systems,” Manufacturing Letters, vol. 3, pp. 18-23, 2015, doi: 10.1016/j.mfglet.2014.12.001.
[9]. F. Tao, H. Zhang, A. Liu, and A. Y. C. Nee, “Digital twin in industry: State-of-the-art,” [EEE
Transactions on Industrial Informatics, vol. 15, no. 4, pp. 2405-2415, 2019, doi: 10.1109/TI1.2018.2873186.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM68110 | Page 19



https://ijsrem.com/

