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Abstract

Flexible production environments increasingly require quality-inspection systems capable of operating
across changing products, variable lot sizes, frequent changeovers, evolving defect classes, and non-
stationary manufacturing conditions. Conventional manual inspection and fixed-rule machine-vision
systems can provide acceptable performance under stable conditions but become difficult to maintain
when product geometry, surface appearance, lighting, process parameters, or defect distributions change.
This study develops an autonomous quality-inspection framework for flexible manufacturing based on
adaptive machine vision, industrial anomaly detection, uncertainty estimation, active learning, human-
supervised decision escalation, and continuous model monitoring. Because no proprietary production
dataset or factory experiment was supplied, the quantitative analysis is explicitly presented as a
simulation-based methodological study. Four hypothetical inspection architectures are compared:
manual/rule-based inspection, fixed artificial-intelligence inspection, adaptive multi-product inspection,
and autonomous human-supervised quality inspection.

Five dimensions are evaluated: defect-detection capability, product-change adaptability,
inspection throughput, data efficiency, and decision reliability. The simulated Composite Flexible
Inspection Score increases from 54 for manual/rule-based inspection to 71 for fixed Al inspection, 84 for
adaptive multi-product inspection, and 92 for autonomous human-supervised inspection. The integrated
architecture performs most strongly because it combines automated decision-making with confidence
estimation, selective operator review, continuous model adaptation, and production-system feedback.
The numerical results are illustrative rather than empirical. The paper argues that autonomous inspection
should not mean eliminating human quality expertise; instead, autonomy should allow routine
inspections to be executed automatically while uncertain, novel, or high-risk cases are escalated to
qualified personnel. The proposed Flexible Autonomous Quality Inspection Framework provides a
foundation for future implementation using industrial image datasets, edge-computing hardware, active-
learning pipelines, digital production records, and real-world validation.

Keywords: autonomous quality inspection; flexible manufacturing; machine vision; industrial anomaly
detection; deep learning; active learning; smart manufacturing; defect detection; adaptive inspection;
human-in-the-loop Al

1. Introduction

Quiality inspection is a fundamental component of manufacturing because defects that remain undetected
can create product failures, customer complaints, rework, scrap, warranty costs, production disruptions,
and safety risks. Traditional inspection systems have generally relied on human inspectors, dimensional
measurement equipment, statistical quality control, or machine-vision systems configured for a
relatively stable product.
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Modern production systems increasingly manage product customization, small batches, multiple
variants, short product life cycles, frequent engineering changes, and rapid production reconfiguration. A
vision system optimized for one stable product may therefore become unreliable when component
geometry, surface texture, material, lighting condition, camera position, defect morphology, or
manufacturing process changes.

Azamfirei and colleagues' work on in-line quality inspection illustrates the broader move toward
automated inspection directly within production rather than removing components for separate
examination.

Acrtificial intelligence and deep learning have substantially expanded machine-vision capability.
Contemporary systems can perform classification, object detection, segmentation, anomaly detection,
dimensional evaluation, and increasingly multimodal inspection. NIST also identifies Al-enabled
cameras as an important manufacturing application for inspecting products and monitoring production
conditions.

However, high accuracy under laboratory conditions does not automatically produce reliable
autonomous inspection in a flexible factory.

A manufacturing inspection model can encounter:
e new product variants;

« previously unseen defects;
« small or rare anomalies;

« changes in illumination;

« surface reflections;

e camera contamination;

« fixture variations;

« background changes;
 tool wear;

« data drift;

« production-speed changes;
and process reconfiguration.

Mezher and colleagues demonstrated that vision models may fail under changes in position,
lighting, background, or data distribution when training data do not sufficiently represent these
variations.

Recent real-world benchmarking work has reinforced this issue. Robustness studies have shown
that performance achieved on established industrial anomaly-detection benchmarks may degrade
substantially when models encounter realistic domain shifts and uncontrolled factory variation.

The challenge is therefore not simply to develop an Al model capable of identifying defects.
The larger engineering objective is to create an inspection system capable of maintaining reliable quality
decisions as the production environment changes.

2. Quality Inspection in Flexible Manufacturing
Flexible manufacturing differs from high-volume fixed production because the product and process
configuration may change frequently.
This presents a challenge for conventional machine vision because rule-based inspection
generally requires explicitly programmed thresholds, geometric templates, and feature definitions.
Avrtificial intelligence can reduce some of this engineering effort because learned representations
are often more tolerant of complex visual variation. However, supervised deep learning introduces
another problem: large quantities of correctly labeled defect images may be required.
In industrial production, defective products are intentionally rare.
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A successful process can therefore generate thousands of normal samples while providing only a small
number of examples for specific failures.

This class imbalance is one reason industrial anomaly detection has become a major research
direction. Contemporary anomaly-detection systems frequently learn the distribution of normal products
and identify deviations without requiring exhaustive examples of every possible defect.

3. Evolution of Automated Visual Inspection

3.1 Rule-Based Machine Vision

Traditional automated visual inspection relies on manually engineered image features and deterministic
rules.

o Examples include:

 edge detection;

o thresholding;

o template matching;

« contour analysis;

« color segmentation;

« geometrical measurement;

« texture statistics;

and manually defined tolerances.

These approaches remain highly useful when the product is stable and the inspection characteristic can
be described precisely.

3.2 Deep-Learning Inspection

1. Deep neural networks shifted defect inspection from manually designed features toward learned
representations.

2. Convolutional neural networks and related architectures can learn complex patterns directly from
training images.

3. Modern systems can classify defective products, identify specific defect classes, localize anomalies,
and segment defective regions.

4. Recent real-time manufacturing studies have demonstrated the integration of YOLO-based defect
detection with production-line control, showing how visual inference can directly influence
downstream automation.

5. Flexible automation research has similarly demonstrated CNN-based inspection architectures for
changing part-assembly scenarios.

6. The technical advantage is significant, but the model becomes dependent on training-data quality.

4. Industrial Anomaly Detection

Industrial anomaly detection addresses situations in which normal samples are abundant but defective
samples are rare or incomplete.

Instead of learning every defect explicitly, an anomaly-detection system learns what acceptable
production looks like.

This is particularly attractive in flexible production because manufacturers cannot realistically
anticipate every future defect.

PatchCore, proposed by Roth and colleagues, became an influential industrial anomaly-detection
approach by comparing features extracted from test images with representative normal feature patches.
The method demonstrated very strong results on industrial anomaly benchmarks.
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Subsequent research has expanded anomaly detection through:
« self-supervised learning;
« few-shot learning;
« zero-shot detection;
e vision transformers;
« multimodal representations;
e prompt learning;
and foundation models.
Recent work such as ReMP-AD demonstrates growing interest in few-shot multimodal approaches,
while newer vision-language techniques explore defect detection with substantially reduced task-specific
training.
These approaches are particularly relevant to flexible manufacturing because they reduce
dependence on very large product-specific defect datasets.

5. The Product-Changeover Problem

An autonomous system should instead receive product context from manufacturing systems and activate
the appropriate inspection configuration automatically.

Nikolakis and colleagues have investigated adapting vision transformers for cross-product defect
detection, directly addressing the need for Al inspection systems that generalize across different
manufactured products.

6. Data Scarcity and Active Learning
Obtaining one useful defect example may require an actual production failure, controlled defect creation,
expert labeling, destructive testing, or extensive inspection effort.

Training a new model from scratch after every product change may therefore be impractical.
Active learning provides an alternative.

Instead of labeling every image, the model identifies the samples from which expert annotation is
expected to provide the greatest learning value.

Rozanec and colleagues evaluated active-learning approaches using real-world industrial
inspection data and examined model-calibration strategies relevant to automated visual inspection.
More recent research by Garcia Gonzalez and colleagues investigated active-learning selection strategies
for defect detection on machined aluminum components, specifically targeting reduced annotation
requirements.

7. Human-in-the-Loop Inspection

Fully autonomous quality control is often described as an ideal manufacturing objective.
However, uncertainty cannot always be eliminated.

A system may encounter:

e anew defect;

« ambiguous surface contamination;

 unusual but acceptable variation;

e Camera obstruction;

« incorrect product identification;

or an out-of-distribution sample.
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8. Edge Intelligence and Real-Time Inspection

Flexible inspection must operate within manufacturing cycle-time constraints.
A highly accurate model has limited practical value if inference takes longer than the production takt
time.

Inspection architecture must therefore consider:

e Camera acquisition time;

e image transfer;

e preprocessing;

« Al inference;

« decision logic;

« communication with PLCs or manufacturing execution systems;

and rejection or routing response.

9. Multimodal Quality Inspection

Visual appearance does not describe every quality characteristic.
Some defects may require:

o 3D geometry;

o thermal information;

e acoustic emission;

« Vvibration;

o force;

« electrical response;

e process parameters;

or dimensional measurement.

10. Research Gap

Despite rapid progress in Al-based inspection, five important gaps remain.

First, many reported systems are evaluated within relatively stable datasets, whereas flexible factories
Second, high benchmark accuracy does not necessarily represent robustness under lighting changes, new
backgrounds, product variants, camera movement, contamination, or process drift.

Third, supervised Al requires defect labels that may be scarce in high-quality manufacturing.
Fourth, most inspection models still require substantial manual engineering during product introduction
or changeover.

Fifth, autonomous inspection is frequently discussed as automation of detection rather than
autonomous management of uncertainty, model drift, retraining, and human escalation.

Recent robustness research demonstrates why this distinction matters: real-world domain
changes can expose weaknesses that are not visible in benchmark-only evaluation.

The present paper therefore focuses on adaptive inspection autonomy, not merely automated visual
classification.

11. Proposed Autonomous Quality Architecture

The study proposes a Flexible Autonomous Quality Inspection Framework (FAQIF) built around six
functional layers.

The inspection system identifies the active:

e product;

e variant;

e production order;
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« inspection recipe;
and relevant tolerance configuration.

12. Research Objectives

The study has five objectives:

1. To examine how autonomous inspection can support quality control in flexible production
environments.

2. To compare fixed inspection systems with adaptive multi-product inspection.

3. To investigate the role of active learning and human-supervised escalation in reducing labeling and
decision risk.

4. To develop a multi-criteria evaluation structure for autonomous manufacturing inspection.

5. To identify technical and organizational requirements for reliable factory deployment.

13. Research Questions

o How does adaptive Al inspection compare with conventional fixed inspection under changing
production conditions?

« Can anomaly-detection approaches reduce dependence on large defect-specific training datasets?

« How can active learning reduce manual annotation during product and process changes?

o Does human-supervised uncertainty escalation provide a safer pathway toward inspection autonomy?

e Which performance dimensions should manufacturers evaluate before deploying autonomous
inspection across flexible production lines?

14. Methodology
14.1 Research Design
o The paper uses a simulation-based comparative design.
« No physical production line or proprietary factory dataset was evaluated.
« No real defect-rate or inspection-performance claim is made.
o The synthetic analysis illustrates how a future industrial validation could compare different quality
architectures.
Four inspection configurations were defined.
Table 1: Inspection Architectures Used in the Simulation

Inspection Inspection Adaptation Main
i . - Human Role .
Architecture Logic Capability Limitation
Continuous Fatigue,
Human . . e
Manual / Rule- | . . inspection variability and
inspection plus Low . :
Based . . and reconfiguration
fixed vision rules .
adjustment effort
Dataset Model
. Product-specific . degradation
Fixed Al . labeling and
i supervised Al Moderate . after
Inspection exception
model . product/process
handling
changes
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Inspection Inspection Adaptation Main
: : e Human Role o
Architecture Logic Capability Limitation
Shared Al
. representation, Requires drift
Adaptive P q_ i
Multi-Product anomaly High Targeted monitoring and
i detection and g validation controlled
Inspection .
product-aware adaptation
models
Adaptive Al,
uncertaint .
Autonomous o y . Higher
estimation, Review of . :
Human- i . . . integration and
. active learning, | Very high | uncertain/new
Supervised governance
Qualit automated cases complexit
y routing and plextty
feedback

14.2 Evaluation Criteria

1. Five dimensions were evaluated on a normalized 0-100 scale.

2. Detection Capability: ability to identify and localize relevant defects.

3. Changeover Adaptability: ability to maintain inspection functionality across product variants and
production changes.

4. Inspection Throughput: ability to complete inspection within manufacturing cycle-time requirements.

5. Data Efficiency: ability to learn or adapt using limited newly labeled defect data.

6. Decision Reliability: ability to manage uncertainty, detect unusual cases, and prevent inappropriate
automatic acceptance or rejection.

15. Simulation Results

Table 2: Synthetic Performance of Alternative Inspection Architectures

Evaluation Manual / Fixed Adaptive Autonomous
Dimension | Rule-Based Al Multi-Product | Human-Supervised

Detection

. 4 1

Capability 66 8 o %
Changeover
Adaptability 39 55 88 9

Inspection
Throughput >1 o1 88 o

Data 42 53 87 93
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Evaluation Manual / Fixed Adaptive Autonomous
Dimension | Rule-Based Al Multi-Product | Human-Supervised

Efficiency

Decision

Reliability o1 09 82 o1

Composite
Flexible
Inspection
Score

54 71 84 92

Note: All numerical values are synthetic and were generated only to demonstrate the proposed
evaluation approach.

16. Graphical Analysis

Graph 1: Simulated Inspection Performance Across Automation Levels
100 .
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17. Critical Discussion

17.1 High Accuracy Is Not Sufficient
Manufacturers should therefore evaluate:
e cross-product performance;

« lighting robustness;

e camera variation;

e Dbackground variation;
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e process drift;
and performance after changeover.

17.2 False Acceptance and False Rejection Have Different Costs

« Not all classification errors are equal.

« A false acceptance occurs when a defective product is classified as acceptable.

e This can create field failures, warranty cost, safety risk, or customer dissatisfaction.

« A false rejection occurs when an acceptable product is classified as defective.

« This increases scrap, rework, inspection cost, and production interruption.

o The decision threshold should therefore reflect the quality risk of the specific application.

Safety-critical manufacturing may require substantially stronger protection against false acceptance than

cosmetic inspection.

18. Flexible Production Change Management

Manufacturing change is inevitable.
Products may receive:

o new suppliers;

e new materials;

e New coatings;

« design revisions;

« different tooling;

e new packaging;

o Uupdated tolerances;

or alternative assembly sequences.

19. Inspection Model Monitoring

An Al model should not be considered permanently validated.
After deployment, the system should monitor operational behavior.
Relevant indicators include:

« prediction confidence;

« percentage of products escalated for review;

« false reject trends;

« false acceptance discovered by downstream checks;

e image-brightness distribution;

« feature-distribution change;

e camera health;

and defect-class frequency.

20. Integration With Manufacturing Systems

Autonomous quality inspection should not operate as an isolated camera application.
Inspection results can be connected with:

e programmable logic controllers;

o manufacturing execution systems;

« statistical process control;

 quality-management databases;

o traceability systems;

« robot cells;
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and digital production records.

21. Explainability and Operator Interaction

Quality personnel need sufficient information to evaluate automated decisions.

A simple red or green indicator may be insufficient when a model rejects a high-value component.
Useful interfaces can display:

« detected defect location;

« anomaly map;

« confidence score;

« relevant inspection criterion;

o comparison with normal samples;

and model version.

22. Industrial Implementation Recommendations

A manufacturer planning autonomous inspection should not begin by purchasing the largest available Al
model.

The implementation should begin with the quality requirement.
The team should define:

« what defect must be detected,

e minimum relevant defect size;

« acceptable false-acceptance risk;

« acceptable false-rejection rate;

« required cycle time;

e product variability;

« environmental variability;

and available training data.

23. Research Contribution
The present study contributes to smart-manufacturing quality research in five ways.
First, it distinguishes automated inspection from autonomous adaptive inspection.

Second, it treats product changeovers and data drift as fundamental design requirements rather
than exceptional problems.

Third, it integrates anomaly detection with supervised inspection instead of assuming one
learning paradigm is universally sufficient.
Fourth, it positions human experts as selective supervisors and teachers rather than continuous manual
inspectors.

Fifth, it proposes a multi-criteria framework that evaluates detection, adaptability, throughput,
data efficiency, and reliability together.

24. Limitations

Fourth, the Composite Flexible Inspection Score uses illustrative weights that require application-
specific validation.

Fifth, cybersecurity and adversarial Al threats are not modeled in detail.
Sixth, continual model adaptation can introduce new risks if retraining is performed without controlled
validation.
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Finally, the organizational requirements of deploying autonomous inspection—skKills,
maintenance, data governance, validation responsibilities, and worker training—can be as important as
model performance.

25. Future Research

Future research should validate the proposed framework within real flexible-production environments.
A strong experimental design should include several product variants and deliberately introduce realistic
and process settings.

Edge deployment should also be examined, particularly the trade-off between model complexity,
inference latency, energy use, and inspection accuracy.

Finally, future inspection platforms should connect Al decisions with process-control systems so
that detected anomalies can contribute to root-cause identification and process adjustment rather than
only product rejection.

26. Conclusion

Autonomous quality inspection has substantial potential to improve flexible production, but autonomy
should not be defined simply as replacing a human inspector with an artificial-intelligence model.
Flexible factories require inspection systems that remain reliable as products, processes, operating
conditions, and defect distributions change.

The proposed Flexible Autonomous Quality Inspection Framework combines machine vision,
industrial anomaly detection, product-aware models, uncertainty estimation, active learning, human-
supervised escalation, edge inference, manufacturing-system integration, and continuous model
monitoring.

The synthetic analysis illustrates the difference between conventional automation and adaptive
inspection.

The Composite Flexible Inspection Score increases from 54 for manual/rule-based inspection to
71 for fixed Al, 84 for adaptive multi-product inspection, and 92 for autonomous human-supervised
quality inspection.

These values are methodological illustrations and are not empirical factory results.

The key conclusion is that the future of manufacturing inspection is not an Al system that always makes
a decision; it is an Al-enabled quality system that knows when it can decide, when it must adapt, and
when expert judgment is still required.

Such an architecture can support higher inspection consistency, faster product changeovers,
better use of scarce quality expertise, and more responsive production systems while maintaining
appropriate human oversight.

References

1. V. Azamfirei, F. Psarommatis, and A. Lagrosen, “Application of automation for in-line quality
inspection, a zero-defect manufacturing approach,” Journal of Manufacturing Systems, vol. 67,
2023.

2. R. X. Gao et al., “Artificial intelligence in manufacturing: State of the art, perspectives, and future
directions,” CIRP Annals, 2024.

3. Z.Ren, F. Fang, N. Yan, and Y. Wu, “State of the art in defect detection based on machine vision,”
International Journal of Precision Engineering and Manufacturing-Green Technology, vol. 9, pp.
661691, 2022.

AJAMIR Volume 2, Issue 1, January-February 2021 22



http://www.ajamir.com/

American Journal of Advanced Multidisciplinary
Innovation and Research (AJAMIR)

E-ISSN: XXXX-XXXX e Website: www.ajamir.com e Email: editor@ajamir.com

10.

11.

12.

13.

14.

15.

16.

17.

18.

J. Wang, P. Fu, and R. X. Gao, “Machine vision intelligence for product defect inspection based on
deep learning and Hough transform,” Journal of Manufacturing Systems, vol. 51, pp. 52-60, 2019.
K. Roth, L. Pemula, J. Zepeda, B. Scholkopf, T. Brox, and P. Gehler, “Towards total recall in
industrial anomaly detection,” in Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2022, pp. 14318-14328.

J. Liu et al., “Deep industrial image anomaly detection: A survey,” Machine Intelligence Research,
vol. 21, 2024.

J. M. Rozanec et al., “Active learning and novel model calibration measurements for automated
visual inspection,” Journal of Intelligent Manufacturing, 2024.

M. Shaloo et al., “Flexible automation of quality inspection in parts assembly using machine vision
and deep learning,” Procedia Computer Science, 2024.

D. Garcia Gonzalez et al., “Active learning for industrial defect detection: A study on machined
aluminium components,” The International Journal of Advanced Manufacturing Technology, 2026.
J. C. Bauer et al.,, “A continual active learning approach to adapt neural networks for defect
detection in manufacturing environments,” The International Journal of Advanced Manufacturing
Technology, 2025.

W. Zhu et al., “Real-IAD D3: A real-world 2D/pseudo-3D/3D dataset for industrial anomaly
detection,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2025.

L. Pemula et al., “Robust-AD: A real-world benchmark dataset for robustness in industrial anomaly
detection,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition Workshops, 2025.

H. Ma et al., “ReMP-AD: Retrieval-enhanced multi-modal prompt fusion for few-shot industrial
visual anomaly detection,” in Proceedings of the IEEE/CVF International Conference on Computer
Vision, 2025.

S. Hofer et al., “Kaputt: A large-scale dataset for visual defect detection,” in Proceedings of the
IEEE/CVF International Conference on Computer Vision, 2025.

M. Barusco et al., “PaSTe: Improving the efficiency of visual anomaly detection at the edge,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
Workshops, 2025.

J. Schmitt, J. Bonig, T. Borggrife, G. Beitinger, and J. Deuse, “Predictive model-based quality
inspection using machine learning and edge cloud computing,” Advanced Engineering Informatics,
2020.

N. Nikolakis et al., “Adapting vision transformers for cross-product defect detection in flexible
manufacturing,” Procedia Computer Science, 2025.

National Institute of Standards and Technology, “The rise of artificial intelligence in U.S.
manufacturing,” NIST Manufacturing Extension Partnership, 2026.

AJAMIR Volume 2, Issue 1, January-February 2021 23



http://www.ajamir.com/

