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AWS Industrial Data Fabric (IDF):

A blueprint for success with industrial Al




What is the AWS IDF?

AWS IDF best practice patterns

How to use this blueprint
AWS IDF maturity assessmé'nt' overview
Stage 1: Foundation

Stage 2: Intelligence

Stage 3: Transformation
Sample IDF maturity scoring

Conclusion: Expected outcomes



There's a fundamental shift underway in how manufacturers operate. The Fourth Industrial Revolution, commonly known as Industry
4.0 or smart manufacturing, integrates advanced digital technologies with traditional manufacturing processes.

Done correctly, smart manufacturing involves intelligent, adaptive production systems that respond in near real time to changing
conditions and require proper data management and governance. Humans, machines, and digital systems work together seamlessly
to optimize outcomes.

But most manufacturers face significant challenges as they seek to automate tasks, make sense of multifaceted industrial data,
and implement industrial Al and other cutting-edge technologies. With diverse formats and standards, multiple sources, and the
integration of historical and real-time information, the nature of industrial data introduces complexity that drives these core challenges:

» Context management, including data governance and observability into what data exists
» Scaling issues, such as resource constraints, security, network topologies, and integration bottlenecks
o Technical expertise, with training and knowledge-retention limitations and shortages in skilled personnel

To address the fundamental challenges of data accessibility, security, governance, and scalability, AWS has developed the Industrial
Data Maturity Model. This model serves as a strategic blueprint that's tailored for automotive and manufacturing organizations that
are navigating the complexities of digital transformation, particularly in the era of Al.

AWS approaches the challenges of industrial data management through the step-by-step approach of creating and applying the
AWS Industrial Data Fabric (AWS IDF).

The AWS IDF represents an approach to managing the complex industrial data environment. It operates as a comprehensive data-
management architecture that helps organizations seamlessly integrate, analyze, and use their industrial data assets across multiple
applications and use cases.

Manufacturers no longer need to rely upon traditional, waterfall-style decision-making based on sequential inputs from experts.
Rather, using the AWS IDF, organizations embrace an agile, concurrent decision-making model that's powered by data.

Successful implementation of the AWS IDF powers simultaneous decision-making across different business levels and functions,
breaking down traditional process dependencies and bottlenecks. After manufacturers have established the robust data foundation
of the AWS IDF, they ultimately benefit from autonomous operations, sophisticated industrial agentic Al systems, digital-physical
integration, and continuous innovation.

By focusing on industrial data management as a critical factor, manufacturers can unlock new levels of efficiency, agility, and
competitive advantage, driven by autonomous agentic monitoring and actions.




The AWS IDF follows proven architectural patterns across four core pillars for scalable, secure, and efficient industrial data
management to support industrial Al:

Data ingestion patterns:

o Multiprotocol support from diverse industrial sources (MCP, OPC UA, MQTT, REST APIs)

« Edge processing capabilities for near real-time data validation and filtering at the source

« Batch and streaming ingestion patterns that are optimized for different data velocities and volumes
« Automated data validation and cleansing for data quality from point of collection

Data storage patterns:

 Hierarchical storage management with hot, warm, and cold data tiers that are optimized for access patterns
» Time-series optimization for the 80 percent of industrial data that is time based

« Data lake architecture supporting both structured and unstructured industrial data

» Scalable storage solutions that grow with organizational needs

Data contextualization patterns:

« Metadata management systems that preserve industrial context across edge and cloud systems

» Asset hierarchy mapping that maintains relationships among equipment, processes, and business units
» Industrial knowledge graphs that connect disparate data sources through semantic relationships

» Business rules integration that applies domain expertise to raw data

Data act patterns:

« Near real-time analytics for immediate operational insights and automated actions
« API-first architecture for flexible data access across applications

» Role-based access controls for appropriate data exposure

» Decision-automation frameworks that prompt actions based on data insights




The AWS Industrial Data Maturity Model categorizes a manufacturer’s preparedness for industrial Al into three progressive stages of maturity:
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Foundation Intelligence
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Each stage contains four sections:

1. Stage overview

2. Sample use cases: general, discrete manufacturing, and process manufacturing
3. Evaluation questions sorted by job description

4. Assessment tools to determine organizational readiness for the next stage

This blueprint addresses the unique challenges of stakeholders—executives, plant managers, IT professionals, quality assurance teams, and others—as
they seek to transform operations with industrial Al. Regardless of an organization’s maturity level, each stage integrates common themes:

Data sources and integration: Identify all relevant data sources and how they connect to target systems.
Scalability: Determine how the integration approach will scale across the enterprise.

Monitoring and success metrics: Establish how the team measure success and monitor data flows.

Use case prioritization: Select high-value initial use cases with clear stakeholder benefits.

Technical architecture: Map data locations, formats, and transmission requirements.

Security and governance: Safeguard secure connections and appropriate data exposure controls.
Organizational readiness: Assess team capabilities and training needs.

Enterprise alignment: Connect initiatives to broader business strategy and growth plans.



This step-by-step implementation of industrial Al helps manufacturers prioritize investments, identify capability gaps, and create
a road map to advance specific use cases. Organizations advance through three progressive stages, with special attention to the
transformative potential of Al technologies.

Stage 1: Foundation
The organization is creating an industrial data foundation to support industrial Al use cases.

Stage 2: Intelligence
The organization is actively implementing Al solutions with proper governance and validation.
The organization is integrating Al throughout operations and using it to drive new business models.

Each stage contains a list of evaluation questions. If most questions receive satisfactory answers, proceed to the evaluation questions
of the next stage. If not, work with the organization on a road map to advance to the next stage of maturity.

Baseline nadeauste answers 1. Help the organization to identify the most pressing capability gaps.
assessment @ ,:ngqizstsio:: ° 2. Select one or two high-value use cases to develop the data foundation.
Stage 1 questions, page 9 3. Create a road map for advancing to Stage 2.

LT e —— 1. Help the organization to identify the most pressing capability gaps.
Answers to most questions evaluation nadequate answers to 2. Select one or two high-value use cases to implement analytics.
are satisfactory most questions g L
Stage 2 questions, page 14 3. Create a road map for advancing to Stage 3.

. 1. Help the organization to identify the most pressing
Leadership capability gaps.
Answers to most questions potential MESSE R IE T 2. Select one or two high-value use cases for
el Ry d sophisticated Al systems.
3. Create a road map for completing Stage 3.

Stage 3 questions, page 20

Potential for autonomous
operations and business
transformation

Answers to most questions
are satisfactory
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Focus: Awareness and connectivity

Key characteristics Technology stack

Digital transformation fundamentals Data collection systems

« Smart manufacturing concept adoption Automated data collection
o Manual-to-automated transition Basic infrastructure for loT
« Basic system integration Edge computing devices
« Data-collection infrastructure Industrial DataOps

Initial visualization capabilities Visualization platforms

Operational changes Infrastructure components

« Standardized data collection Network connectivity

« Basic process monitoring Basic security measures

« Digital recordkeeping Data storage solutions

« Automated alerts Communication protocols
« Performance tracking Monitoring tools

Stage 1: Foundation: IDF technical implementation

AWS IDF components delivered

« Data ingest layer: Basic loT infrastructure and edge computing devices establish reliable data collection from
operational technology systems.

 Data store layer: Centralized repositories with standardized formats provide the foundation for scalable data
management.

« Data context layer: Initial metadata management and basic asset hierarchies facilitate data discoverability.

« Data act layer: Automated alerts and basic visualization platforms deliver immediate operational value.

Technical completion indicators

» Automated data collection tools operational across key production lines
« Standardized data formats implemented for critical operational metrics
« Basic security measures and access controls established

» Network connectivity and communication protocols configured




~ Stage 1:

Sample use cases

Centralized repositories for
production and process data

Automated tracking of production
metrics

Basic maintenance logs with
automated alerts

Recordkeeping for quality
inspection

Near real-time visualization of
machine status and use

Automated collection and reporting
of key performance indicators (KPIs)

Discrete
manufacturing

Automated tracking and status
updates of work orders

Digital quality-inspection checklists
for assembly operations

Use tracking for computer
numerical control (CNC) machines
and robotics

Digital inventory management for
components and subassemblies

Assembly-line balancing based on

cycle-time data /

Process
manufacturing

ik

Automated batch record collection
and management

Monitoring of equipment
parameters for mixing and reaction
vessels

Consumption tracking and
reconciliation of raw materials

Implementation of process historian
for trending analysis

Monitoring of environmental

parameters such as temperature,
humidity, and pressure /




Stage 1: Evaluation guide

The following questions will determine if the organization has established a sufficient data foundation and digital capabilities.

If most answers are satisfactory, skip to Stage 2 evaluation.

Production managers

» How do you track and monitor near real-time production
metrics across your lines?

« What visibility do you have into bottlenecks or production
delays?

» How do you communicate and track production targets across
shifts?

Maintenance teams

« How do you log and track equipment maintenance activities?

« What process exists for equipment operators to report
problems?

« How do you prioritize maintenance activities across your
facility?

Quality personnel

« How do you record and track quality inspections?

» What process exists for documenting defects and their
causes?

« How quickly can you access historical quality data for a
specific product or line?

IT or operational technology teams
Data sources and infrastructure

» What are your primary data sources and target systems?

» How do you integrate your systems?

« Where is your operational data located, for programmable
logic controllers (PLCs), machine controllers, databases, vision
systems, and loT sensors?

« Is the data immediately available in the right format, or will it
need to be derived?

« What types of machines and equipment do you use for
production?

» How do these machines differ among locations?

Data collection and management

« Do you know how much time your teams spend collecting
data on an ad-hoc basis?

« What do you use to manage the data from your
manufacturing process (databases, hardware, operating
systems)?

« How do you manage your inventory, orders, and other data
throughout your business? For example, do you use enterprise
resource planning (ERP) or warehouse management solutions
(WMS)?

« What type of hardware and software do you use to monitor
your equipment and processes?

« Do you use near real-time data or informational data, also
known as metadata?

« How would you know if data is not flowing or a connection is
down?

Use case development

« What will your first (or next) use case be?

« Who are the stakeholders, and how will they benefit?

» What does success look like, and how will you measure it?
« How many plants or factories do you have?

« How representative is this plant of your other facilities?



Assessment tools

. Review the Stage 1 best practices.
. Answer the Al readiness assessment questions.
. Fulfill the five readiness indicators.

Automated data collection provides complete visibility into production
metrics.

Centralized operational data repositories have standardized formats.
Near real-time dashboards show critical KPIs across operations.

Basic alert systems notify appropriate personnel of deviations.

Each shift demonstrates consistent data collection with minimal manual
entry.

Clear data ownership exists with basic governance processes.

Early wins demonstrate the value of data-driven decision-making.

The organization has reduced the time to collect and report operational
data.

Production teams use data to make daily decisions.

. What text-based documentation do you maintain manually, such as
standard operating procedures, maintenance logs, or quality reports?
Have you digitized any of these?

. What types of unstructured data (text documents, images, audio,
maintenance logs) are you collecting but not fully using or actively
analyzing?

. How are you managing, storing, and accessing your operational
documentation and historical records?

. Do you have a system to capture operator knowledge, troubleshooting
techniques, and domain-specific expertise that you could formalize in a
knowledge base?

AWM=

. Have you identified any repetitive documentation tasks or processes that

could benefit from automation?

What historical maintenance records, operational procedures, or
troubleshooting guides exist in text format that you could use for
analysis?

. What is your approach to labeling, annotating, and organizing

unstructured information?

You have a digital documentation-management system in place.

You can conduct a text search on operational documents and procedures.
You have basic image repositories for quality and maintenance.

Your documents are standard across facilities.

You have established initial data labeling practices.

Goal review: Have you created a reliable, consistent foundation

of industrial data that can support future advancement?




Goal:

Begin to use data for predictive insights and
process optimization.




Focus: Modernizing business processes led by data-driven insights and decisions

Key characteristics Cross-functional integration Technology implementation
Predictive capabilities Organizational integration Advanced tools

« Equipment failure prediction » Automated data collection « Data contextualization platforms

« Quality issue forecasting « Basic infrastructure for loT Industrial knowledge graphs
Demand planning » Edge computing devices Algorithms for machine learning (ML) and Al
Resource optimization Industrial DataOps Near real-time processing systems
Performance modeling « Visualization platforms Digital twin foundations

. . . . . Advanced visualization tools
Near real-time monitoring systems Process integration complete

Process parameter tracking o Complete visibility Integratlon architecture

Quality metrics o Automated workflows « Enterprise data bus
Energy consumption « Near real-time reporting API management
Asset performance o Connected systems Microservices
Production efficiency Integrated planning Cloud integration
Edge computing

Stage 2: Intelligence: IDF technical implementation

AWS IDF components enhanced

« Data ingest layer: Advanced multiprotocol support and near real-time streaming capabilities facilitate comprehensive data capture.
« Data store layer: Time-series optimization and hierarchical storage management support predictive analytics workloads.

» Data context layer: Industrial knowledge graphs and relationship mapping provide rich contextual understanding.

« Data act layer: Near real-time processing systems and ML/AI algorithms drive predictive insights and automated optimization.

Technical completion indicators

» Edge-to-cloud data context management and APl management provide cross-functional integration.
« Advanced analytics platforms process near real-time operational data.
« Digital twins—uvirtual representation of physical systems—are established for key manufacturing processes, such as:
« Near real-time digital representation of critical production lines that mirror physical operations and performance
« Models that can forecast equipment behavior, quality concerns, and process variations before they occur in the physical system
» Microservices architecture supports scalable analytics deployment.



Stage 2: Evaluation guide

The following questions will help to evaluate the maturity of the organization as it transitions toward the implementation of

advanced analytics. If most answers are satisfactory, skip to Stage 3 evaluation.

Production managers

» How are you using data analytics to optimize production
schedules?

« What near real-time visibility do you have into production-
efficiency metrics?

« How do you correlate production data with quality outcomes?

» What are your plant’s KPIs? How do you set them?

» To what extent do you collect KPI-related data automatically?

» How do you associate actions against your data?
» What is the association between plant-floor issues, such as
downtime, and production scheduling?

Maintenance teams

« What predictive indicators are you using to anticipate
equipment failures?

« How do you measure the effectiveness of your maintenance
program?

« How is maintenance data informing your spare-parts
inventory management?

« How do you monitor and maintain your equipment?

« Do you have a preventative-maintenance program in place?

Quality personnel

« How are you using data to predict potential quality issues?

« What automated quality checks have you implemented?

» What steps do you take to monitor product quality and yield
in near real time?

« How do you trace quality issues back to specific process
parameters?

IT or operational technology teams

How are integration costs impacting timelines to deliver
projects?

How is your current architecture structured, and what are its
strengths and limitations for scaling across your organization?
Where are your target applications located, such as on
premises, in a data center, in the cloud, or at the edge?
What communication protocols do your target applications
use to receive data, such as MCP, A2A, MQTT, OPC UA, REST,
or database load?

How much additional processing does your raw data require
to make it usable in analytical models, and how is this data
organized in target systems?

How have you structured your data flows or pipelines (cyclic,
event-driven, or time-series publishing)?

What security measures protect your data during movement?
What cloud strategies do you use, such as a multicloud
approach?

How do you balance edge and cloud processing in your
architecture?

How have you structured collaboration between IT and
operational technology teams?

What data governance practices have you established for
operational data?

What data analytics systems or strategies have you
implemented to monitor and improve operations, including
any advanced or predictive analytics capabilities?

What validation processes do you have for analytical
models? How are you using these predictive insights to drive
operational improvements?
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5 Sample use cases
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A

Stage 2:

General

T

Centralized repositories for
production and process data

Automated tracking of production
metrics

Basic maintenance logs with
automated alerts

Recordkeeping for quality
inspection

Near real-time visualization of
machine status and use

Automated collection and reporting

of KPIs /

Discrete
manufacturing

Automated tracking and status
updates of work orders

Digital quality-inspection checklists
for assembly operations

Use tracking for CNC machines and
robotics

Digital inventory management for
components and subassemblies

Assembly-line balancing based on
cycle-time data
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Process
manufacturing

ik

Automated batch record collection
and management

Monitoring of equipment
parameters for mixing and reaction
vessels

Consumption tracking and
reconciliation of raw materials

Implementation of process historian
for trending analysis

Monitoring of environmental
parameters such as temperature, /

humidity, and pressure

e




Assessment tools

. Review the Stage 2 best practices.
. Answer the Al readiness assessment questions.
. Fulfill the 10 readiness indicators.

Predictive maintenance reduces unplanned downtime.

Production scheduling is optimized based on multiple variables, such as
materials, workforce, and equipment status.

Cross-functional teams collaborate using shared data insights.

You trace quality issues to their root causes within hours instead of days.
Automated inventory management reduces stock levels while maintaining
availability.

You optimize energy consumption using near real-time monitoring and
analytics.

ML models continuously improve process parameters.

You accelerate decision-making using trusted analytics.

You have a defined program for identifying and prioritizing Al-based use
cases on a rolling basis.

You have reduced process variations through data-driven parameter
adjustments.

You have reduced the time to implement new data integrations from
months to weeks.

. Have you started to build a scalable knowledge base that captures existing
tribal knowledge?

. Have you experimented with generative Al tools or language models

for industrial documentation, technical procedures, or knowledge
management in your operations?

8.

9.

. What processes do you have for validating Al-generated content against

domain expertise, and what mechanisms exist for human review of Al
recommendations?

How are you addressing concerns about data privacy and intellectual
property when using generative Al in your industrial context?

. What structured datasets could you pair with your unstructured data to

create more context-aware generative applications?
What is your current approach to knowledge transfer between
experienced and new operators, and how might Al enhance this process?

. Have you identified specific use cases where generative Al could augment

human decision-making?

. You have established processes for validating Al-generated content

against domain expertise.

. You have begun initial implementation of chat-based Al or assistants for

technical documentation retrieval.

. You have mechanisms for human review and feedback on Al-generated

outputs.

. You have data privacy and IP protection protocols for Al systems.
. You have a cross-functional team with both Al and domain expertise.
. You have integrated structured operational data with unstructured

documentation.

. You have deployed initial use cases in which generative Al assists—but

does not replace—human decisions.

You have established quality metrics for evaluating Al-generated
content.

You regularly have retrain cycles for Al models to integrate new
operational data.

10. You have defined a taxonomy and knowledge-management structure for

manufacturing context.

Goal review: Have you begun to use data for predictive insights

and process optimization?




Goal:

Achieve autonomous operations and continuous
innovation through sophisticated Al systems and
complete digital-physical integration.




Key characteristics

« Autonomous and self-optimizing systems

« Seamless integration of physical and digital worlds

« Data-driven business model innovation

» Comprehensive digital twin simulations

« Extended data sharing across the value chain

« Continuous evaluation and integration of emerging
technologies

« Balance of near real-time operations with
collaborative decision-making

Technology stack

» Generative Al

» Advanced digital twins

 Closed-loop control systems

» Augmented reality and virtual reality applications
» Cyber-physical systems

« Autonomous robots

« Self-configuring production lines

« Industrial metaverse applications

» Cognitive computing

Stage 3: Transformation: IDF technical implementation

« Data ingest layer: Autonomous data validation and edge Al processing facilitate self-managing data pipelines.
« Data store layer: Advanced backup, recovery, and data lifecycle management support enterprise-scale operations.
« Data context layer: Comprehensive business-rules integration and process context promote autonomous decision-

making.

« Data act layer: Closed-loop autonomous Al agents operate at the edge and cloud.

« Fully autonomous data pipelines with self-healing capabilities
« Advanced digital twins for simulation-driven optimization
 Generative Al integration across all data fabric components

o Complete integration with cyber-physical systems and autonomous operations
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Complete digital twin simulations for
product design and manufacturing
Autonomous robotic systems with
self-learning capabilities
Data-driven business model
innovation, such as product-as-a-
service or other customization
Closed-loop process control and
optimization

Collaborative data-sharing
throughout the supply chain
Al-driven product development and
innovation

Self-optimizing supply chains and
production systems

Autonomousroboticsthatself-adjust
based on parts variations

Digital twins for simulating assembly
line reconfigurations

Product personalization at scale with
automated equipment adjustments

Self-optimizing machining
parameters based on material
properties

Cognitive quality systems that detect
anomalies in complex assemblies
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Closed-loop process control with
autonomous parameter adjustment

Digital twins for simulation of new
product introduction

Al-optimized formulations based on
desired product characteristics

Autonomous batch scheduling that
accounts for equipment conditions

Near real-time yield optimization
through continuous parameter
adjustment



The following questions will help to determine how well an organization is implementing autonomous operations to drive

business transformation.

« How have autonomous systems transformed your production
planning?

« What business-model innovations have emerged from your
digital transformation?

« How are you using digital twins to simulate and optimize
production?

« Do machine operators or similar personas receive near real-
time information?

« Can you share your KPI dashboard for this month and last
month?

« Where and how do you track actions?

« What are the escalation processes for issues?

« How have autonomous maintenance systems impacted your
operational efficiency?

« How is Al augmenting your maintenance team'’s capabilities?

« How do your maintenance systems self-optimize based on
production requirements?

« How predictive or reactive is your maintenance?

« What is the association between maintenance and production
planning?

« How are you using Al to identify previously undetectable
quality patterns?

» What closed-loop quality systems have you implemented?

« How has your quality approach shifted from detection to
prevention?

» Advanced analytics and implementation

« How will you implement your models once they are created?

« What descriptive data do your target systems need?

« On a scale from 1-10, how would you rank your ability to
quickly create or adapt integration? Why?

What information do you need for your use cases in advanced
analytics and implementation?

How frequently should you update data, and what drives
updates for these use cases?

What outcomes do you hope to produce with your use cases?

How are you extending data sharing across your value chain—
in product engineering, research and development, supply
chain, or customer service, for example?

What mechanisms ensure continuous innovation in your data
capabilities?

How do you balance autonomous operations with human
oversight?

How do you balance real-time operations with collaborative
decision-making?

What autonomous systems have you implemented in your
operations?

Could you walk someone through your current production
process?

Do you have any current bottlenecks or areas of inefficiency in
your production process?

How do you handle demand forecasting and planning?

How do you communicate any necessary changes?

What devices do production workers use, such as tablets,
phones, or wearables?

Is there a daily plan and, if so, how do you communicate the
plan each shift?

How do you document assignments and performance?

How does your team learn the required skills for their jobs?
How do you mitigate capacity constraints if people are absent?
Do you gamify processes or incentivize top performers?

How cloud-ready is your team?

Who owns the profit and loss—ultimately setting and carrying
out the vision—each plant manager or corporate personnel?
What is your growth strategy or data strategy?



. Review the Stage 3 best practices.
. Answer the Al readiness assessment questions.
. Fulfill the nine readiness indicators.

Autonomous systems make near real-time adjustments to optimize
operations.

Operational data drives new service-based business models.

Digital twins accurately simulate production scenarios before physical
implementation.

Supply chain partners integrate into data systems with secure sharing.
Self-optimizing production lines adjust to changing conditions.

Data insights power a continuous-innovation pipeline.

Al handles routine tasks while the human workforce focuses on high-value
activities.

Production processes adapt to external factors, such as energy prices or
supply constraints.

Manufacturing flexibility facilitates profitable batch-size-one production.
Digital simulation reduces time to market.

. How are you approaching digital-physical integration using Al?

. What guardrails have you established for autonomous Al-driven decision-
making?

. How are you using generative Al to create synthetic data for simulation
and training?

. What business processes have you reimagined or transformed through
generative Al capabilities?

. How are you combining generative Al with other technologies like
computer vision or loT?

. What mechanisms exist for continuous learning and improvement of your
generative Al models?

7. How are you measuring return on investment (ROI) from generative Al
implementations?

8. What new products, services, or business models have emerged from your
generative Al capabilities?

9. How are you using generative Al to enhance knowledge transfer and
workforce development?

10. What governance framework do you have for responsible Al across the
enterprise?

11. How do you use generative Al to optimize complex multivariable
manufacturing processes?

12. What approach do you take to fine-tuning foundation models with your
proprietary industrial data?

1. You have domain-specific foundation models trained on proprietary
manufacturing data.

2. You augment autonomous systems with generative Al for complex
decision support.

3. You have a comprehensive Al governance framework with clear ethics
guidelines.

4. Your product-development workflows integrate generative design.

5. Your advanced simulation capabilities use Al-generated scenarios.

6. Digital assistants provide near real-time guidance to operators based on
current conditions.

7. You have Al systems that can explain their recommendations in natural
language.

8. Your knowledge-preservation system captures expertise from the retiring
workforce.

9. You have established synthetic-data-generation capabilities for training
specialized models.



Sample IDF maturity scoring

Capability Area

Stage 1 Interpretation

Below 20 points: Early Stage 1 (Significant foundation-building needed)

[20-29 points: Developing Stage 1 (Focus on foundational elements)

130-39 points: Advanced Stage 1 (Address gaps before Stage 2)

{40-50 points: Ready for Stage 2 (Strong foundation)
Stage 1: Foundation (Score 1-5)

Instructions: Rate each capability/stage on a scale of 1-5, where:

1 = Not implemented/No capability .
2 = Basic implementation/Limited capability .
3 = Moderate implementation/Developing capability

4 = Advanced implementation/Strong capability
5 = Fully optimized/Leading capability

Comments

Reasoning

Data Collection & Integration Automated data collection from key sources 2 We have some automated data from our newer CNC machines, but most production data is still collected manually on paper forms. Only 30% of our equipment is connected. Need to implement data connection on legacy equipment
Data Storage & Ce i itories with standard formats 2 We have separate Excel files and a basic database but no centralized system. Data formats vary between shifts and plants. Priority: Implement centralized data repository
Data C ization Basic and asset hierarchies 1 No formal metadata management. We know what data we have, but it's not organized or documented systematically. Need to start with basic asset hierarchy mapping
Analytics & Basic vit and KPI reporting 2 We create basic reports in Excel weekly. Some simple charts for production metrics but no real-time dashboards. Have identified KPIs, need automated reporting
Cross-functional Integration Standardized data sharing among departments 1 Production, maintenance, and quality teams work in silos. No shared data systems exist among departments. Organizational change management needed
Security & Governance Basic access controls and data ownership 2 Basic network security but no formal data governance. Unclear data ownership for operational data. Need to establish data stewardship roles
[o] Digital doc and basic training 3 Management is committed to digital transformation. Some staff have basic computer skills but need training on data tools. Training budget approved, need curriculum
Business Impact Early wins and operational efficiency gains 2 We've seen some efficiency gains from the automated CNC data but haven't quantified the impact systematically. Need to establish baseline metrics
Al/ML Capabilities Basic Al readiness and unstructured data management 1 No Al experience. Most documentation is still paper based. Haven't identified use cases for Al yet. Very early stage, need education
Technology Architecture Basic loT infrastructure and edge computing 2 Basic network infrastructure is in place. Some edge devices on newer equipment but no comprehensive loT strategy. Network can support expansion
18/50 Early Stage 1 Significant foundation buil

Below 20 points: Early Stage 2 ional intelli capabiliti

20-29 points: Developing Stage 2 (Focus on predictive analytics and integration)

30-39 points: Advanced Stage 2 (Address gaps before Stage 3)

40-50 points: Ready for Stage 3 (Strong intelligence capabilities)

Capability Area Stage 2: Intelligence (Score 1-5) prs Reasoning Comments
Data Collection & Integration Real-time data processing and validation 4 Real-time data collection from 95% of equipment. Multiprotocol support (OPC UA, MQTT, REST APIs) implemented. Advanced data validation and cleansing automated. Minor latency issues during peak production hours
Data Storage & i i imization and hierarchical storage 4 Time-series database optimized for industrial data. Hierarchical storage with hot/warm/cold tiers. Data lake architecture supports structured and unstructured data. Storage costs higher than expected, optimizing retention policies
Data Contextualization Industrial knowledge graphs and relationship mapping 3 Industrial knowledge graph covers 70% of assets. Relationship mapping implemented for critical processes. Metadata management standardized across plants. Need to complete knowledge graph for all manufacturing assets
Analytics & Intelligence Predictive analytics and ML model deployment. 3 Predictive maintenance models deployed on 80% of critical equipment. Basic digital twin for main assembly line. ML algorithms predict quality issues with 85% accuracy. Digital twin capabilities need expansion to other production lines
Cross-functional Integration Unified platforms and shared KPI tracking 4 IT and operational technology teams collaborate daily. Unified data platform serves all departments. Shared KPI dashboards implemented. Cross-plant data sharing Excellent c some resistance from legacy system users
Security & Governance Advanced security measures and data governance 4 Advanced security measures including encryption and access controls. Data e policies il Al model processes Strong foundation, need to enhance Al ethics framework
o Cross- teams and change management 4 Cross-functional Al team Change program 80% of workforce trained on new data tools. Data-driven decision-making adopted. Strong cultural transformation, ongoing training needed
Business Impact Predictive capabilities and process optimization 4 Predictive maintenance reduced downtime by 35%. Process optimization improved efficiency by 25%. Quality prediction prevented 90% of defects. ROI achieved within 18 months.| Excellent results, to supply chain
Al/ML Capabilities Generative Al implementation with governance 2 Initial generative Al pilot for maintenance procedures. Human review process established. Limited integration with structured datasets. Basic Al governance framework. Early stage, need comprehensive Al strategy and expanded use cases|
Technology Architecture Enterprise data bus and microservices architecture 4 Enterprise data bus handles all major integrations. APl management platform deployed. Microservices architecture supports scalability. Cloud-hybrid architecture operational. Architecture robust and scalable, ready for Stage 3 expansion
36/50 Advanced Stage 2 Address Al gaps before Stage 3 transition
Stage 3 Interpretation

Below 20 points: Early Stage 2 i

20-29 points: Developing Stage 2 (Focus on predictive analytics and integration)

30-39 points: Advanced Stage 2 (Address gaps before Stage 3)

40-50 points: Ready for Stage 3 (Strong intelligence capabilities)
Data Collection & data pipeline 4 :gt::;r:no?:t;t:rzgi ines with self-healing capabilities operational. Edge AT processing validates and filters data at source. 95% of data collection requires Working toward 99% autonomous data collection
Data Storage & Management Advanced lifecycle management and backup/recovery 4 Advanced lifecycle management with automated archiving. Backup and recovery fully automated. Storage optimization algorithms reduce costs by 30%. Excellent performance, exploring quantum storage options
Data C [« ive business rules and process context 4 cmmmm. Al-riven metadata Leading capability, expanding to supply chain context
Analytics & decisit king and 3 Autonomous decision-making deployed on 70% of processes. Cognitive computing assists complex scheduling. Self-optimizing systems reduce waste by 40%. nrenemtopexpan autonomous capabilities to remaining
Cross-functional Integration Complete IT/operational technology convergence and value chain integration 4 Complete IT/operational technology convergence achieved. Value chain integration with key suppliers. Near real-time collaboration across global operations. | Industry-leading integration, expanding to customer systems
Security & Governance Comprehensive Al governance and autonomous security 3 i‘z::r?\r:r?tus security systems detect and respond to o of threats. Al governance framework comprehensive. Ethica guidelines implemented but nee Strong foundation, enhancing ethical Al practices
[o] Conti i ion culture and 3 Continuous innovation culture established. 60% of operations autonomous. Workforce successfully transformed to Al-augmented roles. Good progress, need to complete autonomous transformation|
Business Impact New business models and competitive advantage 4 Equipment-as-a-service generates 20% of revenue. Data-driven insights create new customer value. Industry leadership in smart manufacturing recognized. o)f(fceeri:;‘t usiness transformation, expanding service
Al/ML Capabilities Advanced Al integration and synthetic data generation 4 Advanced Al integration across all operations. Synthetic data generation for training and optimization. Autonomous learning systems continuously improve. | Leading Al capabilities, exploring generative design
Technology Architecture Cyber-physical systems and industrial metaverse 3 Cyber-physical systems operational in 80% of facilities. Digital twin accuracy at 99%. Beginning industrial metaverse implementation. Strong architecture, completing cyber-physical integration

36/50 Advanced Stage 3 mmmﬁﬂgw

Usage instructions:

UAWN =

. Complete the assessment with cross-functional team, including IT/operational technology, operations, and business stakeholders.
Score each capability honestly based on the current state, not aspirational goals.

Identify the lowest-scoring areas as priority improvement opportunities.

Use the total score to determine the appropriate maturity stage and next steps.

Reassess quarterly to track progress and adjust the road map accordingly.



Conclusion: Improving outcomes

The AWS IDF provides manufacturers with a structured and standardized framework for building and integrating smart manufacturing
systems, embracing Industry 4.0 principles. Unlike other data fabric approaches that may require complete platform migration, the
AWS IDF is designed to integrate seamlessly with existing IT investments and third-party analytics platforms such as Databricks,
Snowflake, and other enterprise data solutions. This open, interoperable approach means that organizations use their current
technology investments while progressively building advanced industrial data capabilities. In addition to underpinning a robust
foundation for digital transformation, the AWS IDF positively affects the relationship between IT and business teams as organizations
progress through the three maturity stages, facilitating a gradual evolution rather than a disruptive replacement of existing systems.
Business teams no longer depend on IT for data-related tasks. Instead, they operate autonomously in their data initiatives, relying
on IT only for the necessary governance framework and infrastructure. IT is no longer a bottleneck; rather, it facilitates business agility.
Furthermore, the advent of data-driven decision-making and generative Al introduces the powerful concept of collapsing
processes. The concept of collapsing processes represents a paradigm shift. Linear workflows that traditionally involve complex,
sequential steps instead function as integrated, simultaneous operations. Manufacturers significantly enhance operational efficiency
and responsiveness to market demands.
The AWS IDF helps organizations to enhance their adherence to the core principles of lean manufacturing. As examples:

« Value stream: Through loT sensors and analytics, value stream mapping becomes dynamic in near real time.

« Standardized work: Manufacturers maintain steady, quality output with minimal waste using Al-assisted adaptive
procedures.

« Data-driven decisions: Statistical process control provides near real-time data and actionable insights into process behavior,
which helps manufacturers make informed decisions based on empirical evidence rather than intuition. This supports the
problem-solving essence of lean manufacturing.

« Empower and augment employees through data-driven autonomy: Equip employees with near real-time, data-driven
insights and advanced analytics using Al tools, helping them to make more informed, effective, and faster decisions within
their scope of responsibility.

Using the AWS IDF, manufacturers amplify the core principles of lean manufacturing, which converge with data-driven capabilities
to create a powerful synergy. Advanced analytics and Al capabilities accelerate and enhance the problem-solving approach of the
Define, Measure, Analyze, Improve, Control (DMAIC) methodology to eliminate waste and improve flow. For example, the measure
and analyze phases might typically take weeks. The AWS IDF helps to streamline these phases and power immediate insights through
near real-time data analysis.

Although the AWS IDF serves as a robust tool to achieve unprecedented levels of process optimization and waste reduction, each
organization should adapt its approach based on its specific needs and industry requirements. By embracing the principles and
appropriate technologies at each stage, manufacturers can transform operations and position themselves for unprecedented success.
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