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     1. Executive Summary: AI in Manufacturing Is No Longer Experimental
For much of the last decade, artificial intelligence in manufacturing has been treated as an experiment. Innovation 

teams ran pilots. Data science groups explored models. Leaders attended conferences filled with bold 

predictions. Yet, in many organizations, AI rarely made it beyond controlled trials or isolated proofs of concept.

That phase is now behind us.

Manufacturing leaders today face a very different reality. Cost pressure continues to rise. Supply chains remain 

volatile. Skilled labor is harder to find and retain. Customers expect higher quality, faster delivery, and greater 

transparency. In this environment, incremental improvement is no longer enough. Operations must become more 

adaptive, more informed, and more resilient.

AI is increasingly seen as a practical way to support that shift. According to research from McKinsey and the World 

Economic Forum, a growing percentage of manufacturers are planning or expanding AI investments, with a clear 

focus on productivity, quality improvement, and downtime reduction. What stands out in these studies is not the 

sophistication of technology, but the nature of the use cases. The strongest results come from focused, 

operationally relevant applications rather than ambitious, end-to-end automation programs.

This is where many organizations struggle. The question is no longer whether AI belongs to manufacturing. The real 

challenge is where to start and how to scale responsibly.

Manufacturers that approach AI as a technology deployment often face slow adoption and unclear returns. Those 

that begin with well-defined operational problems tend to move faster and with less risk. Early wins create 

confidence. Clear value builds momentum.

Viewed as a maturity spectrum, most manufacturers today sit between digitized and AI-assisted operations:
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The objective is not to leap directly to fully AI-driven operations. For most organizations, success comes from 

taking practical first steps that move critical processes into the AI-assisted stage, laying out the foundation for 

broader transformation over time.
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2. Why Manufacturing Needs a Different AI Adoption Approach

Manufacturing operations are asset-heavy and process-dependent. Equipment, production lines, plants, and 

suppliers are tightly coupled. A small disruption in one area can cascade quickly across the value chain. Deloitte 

and IBM research consistently highlight the high cost of unplanned downtime, particularly in capital-intensive 

industries where minutes of lost production translate directly into financial impact.

There is also significant operational variability. Machines vary by age, vendor, and configuration. Processes evolve 

over time and differ across plants. Documentation standards change from team to team. Even within the same 

organization, what works well in one facility may not translate directly to another.

Data availability is rarely the core issue. Manufacturers generate enormous volumes of data every day through 

sensors, systems, reports, and documents. The challenge lies in how that data is stored and used. Engineering 

knowledge is locked inside CAD files and drawings. Quality data sits in inspection reports. Maintenance insights 

live in logs, emails, and the experience of seasoned technicians. Gartner estimates that a large portion of 

manufacturing data remains unused because it is fragmented, unstructured, or difficult to connect across 

systems.

Finally, manufacturing carries a high cost of disruption. Unlike office environments, production systems cannot be 

easily paused or reset. Testing new approaches in live operations requires caution. This makes large, experimental 

AI rollouts impractical.

These realities explain why AI initiatives fail when treated like standard IT transformations. Manufacturing requires 

an approach that respects operational constraints, works with existing systems, and delivers value without 

introducing unnecessary risk.

Manufacturing environments are unlike traditional enterprise IT environments, and this difference matters when it 

comes to AI adoption.
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3. What “Getting Started Right” with AI Looks Like in Manufacturing

Before tools and projects are ever determined and implemented, every successful manufacturer agrees upon a 

set of guidelines. Guidelines that influence decisions and keep goals in mind.

Start with operational bottlenecks
Why apply AI in an environment where delays are already occurring? Helping to resolve seen pain points will easily 

lead to value being seen.

Work with existing systems and data
Rather than trying to replace their MES, ERP, PLM, and plant systems, and by augmenting their current systems, 

suppliers benefit from earlier and more significant ROI gains by integrating AI into their systems.

Augment people, don’t replace them
A better ability to obtain insights and gain faster access to data is beneficial to engineers, operators, planners, and 

those in maintenance, and the role of human intelligence is, of course, still paramount.

Design for scale from day one
Technology solutions applied in early scenarios must always look forward to expansion. Technology solutions in 

remote areas have never had much impact.

These values combined ensure that the implementation of AI stays humble, feasible, and focused on the right 

goals.
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4. Foundational AI Use Cases Manufacturers Can Implement First

4.1      Modernizing Legacy Manufacturing  Systems with AI

4.2 Building Purpose-Specific AI Applications for Operations

The most successful early AI initiatives share a common trait. They focus on specific, high-impact problems and 

integrate smoothly into existing workflows.

Most of the manufacturers have been using established 

MES, ERP, and plant systems that have been developed 

over the years of their usage. These systems have 

valuable information, but it takes a lot of manual work 

to extract the information from them. AI can be used on 

top of these systems to analyze the information and 

help make better decisions.

Rather than using general-purpose AI platforms, 

companies can develop specific AI applications that 

match particular workflows like production planning, 

inventory management, or quality control. These 

applications are meant to integrate with the way teams 

work, using existing data and processes.

•  Faster and more informed decision cycles

•  Better use of existing system investments

•  Less dependence on manual data analysis

Use case perspective

Use case perspective

Business value

Business value
•  Increased user adoption rates because of 
      alignment with workflows

•  Ownership and accountability that is clear

•  More easily measurable ROI associated 
     with particular operational outcomes

4.3 Extracting Intelligence from Engineering and Manufacturing Documents

The critical knowledge for manufacturing is contained in CAD files, technical drawings, specifications, and 

BOM-related documents. AI can understand and organize unstructured data, and engineering and 

manufacturing data can be searched.

•  Engineering cycle times reduced

•  Fewer errors due to misunderstanding of  
      documents

• Improved collaboration between design,  
     engineering, and production groups

Use case perspective

Business value

CAD / 
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Structured 
insights 

Downstream
 systems
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4.4 Connecting AI Across Manufacturing Systems

4.5 Applying Generative AI for Manufacturing Knowledge and Support

The best use of AI insights is when they are able to flow 

from system to system rather than being isolated. This 

use case will concentrate on how the output of AI can be 

directly integrated into ERP, MES, PLM, and supply chain 

systems.

Use case perspective

Generative AI can be used as an operational knowledge 

layer, where AI assistants can be provided to help with 

maintenance guidance, SOPs, and engineering 

knowledge. The AI assistants provide answers based on 

existing knowledge.

Use case perspective

Business value
•  Reduced manual handoffs between teams 
    and systems
•  More consistent, data-driven decision-
     making across functions
•  Better coordination between planning 
     and execution

Business value

Business value

• Faster processing of new employees
• Less dependence on a few experts
•  Enhanced response times for maintenance 
      and operational services

4.6 Using Computer Vision for Shop Floor Intelligence

Computer vision is the application of AI to visual data collected on the shop floor. Examples of computer vision 

applications include quality control, safety surveillance, asset condition monitoring, and process compliance 

checking.

Use case perspective

Business value

•  Better quality consistency through 
      objective inspection
•  Less manual inspection work
•  Improved safety and earlier detection of 
     operational risks
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When Artificial Intelligence is used carefully and specifically, there is no dramatic change in operations 

happening.

In many manufacturing environments, day-to-day decisions rely heavily on manual effort and delayed 

information.

•  Manual checks and inspections dominate quality and maintenance processes

•  Data is reviewed after the fact, often through static reports

•  Issues are identified only once thresholds are breached or failures occur

•  Teams spend significant time firefighting rather than improving processes

•  Knowledge resides with a few experienced individuals, creating dependency and risk

This approach works, but it limits visibility and makes it difficult to anticipate problems before they impact 
production.

With AI embedded into existing workflows, operations become more assisted and proactive without losing 

human control.

•  Decisions are supported by real-time and historical insights

•  Anomalies and deviations are flagged earlier, allowing preventive action

•  Engineers, planners, and operators receive contextual guidance instead of raw data

•  Processes become more consistent across shifts, lines, and plants

•  Teams spend more time on optimization and less on reactive problem-solving

Research from McKinsey and PwC shows that manufacturers applying AI in this way see measurable reductions 

in defect rates and meaningful improvements in throughput and downtime, particularly when initiatives are 

tightly aligned with operational priorities.

5. What Changes Operationally When AI Is Applied Correctly

Before: Operations Without AI Assistance

After: Operations with AI Applied Correctly

Decision-making

Issue detection

Data usage

Process consistency

Team focus

Heavily manual, 
experience-driven

Reactive, a�er thresholds 
are breached

Varies by shi�, line, 
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Firefighting and manual 
follow-ups

Assisted by real-time and 
historical insights

Early anomaly and 
deviation detection

More consistent across 
operations

Optimization and 
preventive action

Fragmented reports 
reviewed a�er the fact

Continuous insights 
embedded in workflows

Area Before AI A�er AI Applied Correctly
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With the transition of AI from experimentation to operational deployment, the criteria for evaluation also need 

to be changed. At this point, the focus is not on what technology can do by itself but whether it can work in a 

manufacturing setting.

Industry executives should assess AI solutions based on their alignment with the realities of their operations, 

their ability to safeguard key assets, and their scalability within the organization. The following factors offer a 

useful framework for making such assessments.

The development of AI solutions involves very sensitive data, such as design data, process data, and intellectual 

property. It is important for leaders to establish clear ownership of the data and to provide mechanisms for 

access control, encryption, and isolation. Security should not be an afterthought. It should be integrated into 

the design and deployment of the solution.

6. How Manufacturing Leaders Should Evaluate AI Solutions

Security and IP protection

Adherence to manufacturing standards AI solutions must be able to work within the regulatory and quality 

environment that exists in manufacturing. This includes compliance with industry standards, audits, and 

traceability. Solutions that cannot support compliance are risky, even if they have strong analytical capabilities.

Compliance with manufacturing standards

Having clear policies on data usage, storage, and retention is a key factor in long-term sustainability. The heads 

of manufacturing companies should seek solutions that provide insights into data management and enable 

dynamic models of governance over time. Otherwise, trust in AI insights will be short-lived.

Data governance and retention

Manufacturing data is seldom clean and consistent. Machines differ from each other; processes tend to drift, 

and records differ from site to site. Good AI systems should work well in such conditions, adapting to imperfect, 

noisy, and shifting data, rather than ideal data. Integration with existing systems

Ability to handle real-world variability

Value is possible only when the insights are actionable. This calls for a smooth integration with the current ERP, 

MES, PLM, and supply chain processes. Tools that work as isolated solutions end up increasing the workload.

Integration with existing systems

While initial success in a given line or plant is only relevant if it can be replicated across facilities, it is important for 

manufacturing executives to consider whether a given AI solution can be scaled without requiring a lot of 

reworks.

When considered together, these factors can enable leaders to go beyond comparing features and move 

towards identifying AI solutions that are truly manufacturing-ready.

Scalability across plants
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•  Begin with a limited number of well-articulated use cases that are linked to operational issues

•  Prioritize regions that have apparent bottlenecks, manual work, or issues

•  Keep scope small to reduce complexity and speed up learning

•  Set up success metrics such as minimizing downtime, enhancing quality, or shortening decision cycles

For manufacturing executives, the biggest issue with AI is likely risk, rather than capability. Phased adoption can 

mitigate this risk by ensuring that value is demonstrated in a way that doesn’t disrupt current operations.

Each stage is based on the previous one, enabling the development of AI from support to a functioning system.

7. A Phased Path to AI Adoption in Manufacturing

Phase 1: Focused Use Cases

Outcome: Early, measurable wins that build confidence and internal buy-in.

•  Integrate AI results into existing MES, ERP, PLM, or maintenance systems

•  Less dependence on standalone dashboards or manual interpretation

•  Ensure insights flow directly into day-to-day workflows

•  Improve data governance and operational integrity

Phase 2: System Integration

Outcome: AI becomes part of how work gets done, not an external tool.

•  Apply AI insights to planning, production, quality, maintenance, and supply chain groups

•  Remove functional silos by providing common intelligence to all systems

•  Align decision-making across functions using shared data and context

Phase 3: Cross-Functional Intelligence

Outcome: More coordinated operations and fewer handoff-related delays or errors

•   Implement successful use cases at the plant, line, and geographic levels

•   Standardize wherever possible but also permit local variations for operational reasons.

•  Establish long-term support, monitoring, and continuous improvement processes

Phase 4: Scaled Deployment

Outcome: AI evolves from individual projects into a scalable operational capability.
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AI success in manufacturing is driven by relevance rather than sophistication.

Early wins matter because they build trust. Strong foundations matter more than speed. When AI is embedded 

into daily operations instead of treated as a one-time project, its value compounds over time.

The manufacturers who lead tomorrow will be those who start with the right problems today.

The perspectives and examples in this whitepaper are informed by a combination of industry research, 

benchmark studies, and real-world manufacturing practices. To maintain clarity and avoid unnecessary 

complexity, research has been used sparingly and selectively.

•  Approximately one data point per major section to support key arguments

•  Emphasis on operational impact rather than technical detail

•  Focus on broadly accepted industry insights rather than niche studies

•  McKinsey & Company – AI in manufacturing, productivity, and operations transformation

•  Boston Consulting Group (BCG) / Bain & Company – Industrial AI adoption and scaling

•  Deloitte Manufacturing Insights – Smart manufacturing and operational resilience

•  PwC – Manufacturing performance benchmarks and AI impact

•  Gartner – Manufacturing data utilization and AI adoption trends

•  World Economic Forum – Industry 4.0 and advanced manufacturing initiatives

•  IBM Institute for Business Value – AI and data-driven operations in industrial environments

These sources reflect widely recognized viewpoints across the global manufacturing ecosystem and provide a 

credible foundation for the practical recommendations outlined in this paper.

8. Closing Perspective: AI as an Operational Capability, Not a Project

Research & Credibility Guidance

Guiding approach

Primary research sources referenced or aligned with
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