ICJK

ICCK Transactions on Intelligent Cyber-Physical Systems
http:/dx.doi.org/10.62762/TICPS.2026.636441

PERSPECTIVE

Check for
updates

Digital Twin Production Lines: A Perspective on
Intelligent Sensing, Prediction, and Cognitive

Manufacturing

Yuxing Ding!”

1School of Automation, Nanjing Institute of Technology, Nanjing 211167, China

Abstract

Digital twin (DT) technology has evolved beyond
static physical mapping into a dynamic intelligence
layer for smart manufacturing. We argue that
three capabilities are now decisive for advancing
DT production lines in complex industrial
environments:  data-driven quality correction
through nonlinear feature learning, real-time
edge vision for surface defect sensing, and deep

time-series modeling for predictive maintenance.

We further contend that the next inflection point lies
not in individual algorithmic improvements, but in
the cognitive integration of structured engineering
knowledge-such as Manufacturer Knowledge
Packages (MKP) and the Theory of Inventive
Problem Solving (TRIZ)—with generative Al
within DT frameworks. This perspective identifies
the critical open challenges at each layer and
outlines a convergent path toward Industry 5.0
manufacturing systems capable of autonomous
conflict resolution and adaptive decision-making.
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1 Introduction

In smart manufacturing systems, production lines
are transitioning from reactive management to
data-driven autonomous optimization.  As the
core carrier of this transformation, a digital twin
can reproduce the dynamic behavior of production
lines with high fidelity through the integration
of multi-physics and multi-source heterogeneous
data [1]. However, as process complexity increases,
rapidly capturing anomalies and correcting them
from massive Industrial Internet of Things (IIoT)
data remains a highly challenging task due to the
lack of semantic querying and high-frequency feature
extraction capabilities.

2 Production Quality Management and
Multi-dimensional Data Learning Correction

In actual production, physical attributes of products
(such as volume and mass) are prone to minor
deviations due to environmental temperature and
equipment vibration, leading to batch quality
degradation. Modern DT systems introduce
multi-dimensional data learning to correct complex
production line errors in real time.

For nonlinear manufacturing processes, effective
dimensionality reduction and feature extraction are
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prerequisites for precise control. Research by Lee et
al. [2] demonstrates that Kernel PCA has significant
advantages in monitoring complex nonlinear chemical
and manufacturing processes, effectively isolating the
principal components that cause volume and mass
deviations.

At the system dynamics level, the state evolution of the
production line and the DT compensation mechanism
can be expressed by the discrete-time state-space
equation:

Tpg1 = f(og, Q) + wy,

where z, is the state vector at time £k (including
deviation indicators such as volume and mass), @
is the control variable (representing the real-time
compensation command issued by the DT system),
and wy, is the process noise. By performing receding
horizon optimization on @), the system can converge
the error within a safe threshold while maintaining
the production rhythm.

This perspective examines three interconnected
technological pillars that we consider critical for
advancing DT production lines: multi-dimensional
data learning for quality correction, edge-deployed
vision systems for defect detection, and deep
time-series networks for predictive maintenance. We
further reflect on how knowledge-driven methods may
shape the trajectory of DT systems in the Industry 5.0
context.

3 Machine Vision and Time-Series Deep
Prediction Networks

The stable operation of a DT production line heavily
relies on perception capabilities at the edge and
prediction capabilities in the cloud.

3.1 Efficient Defect Detection at the Edge

When processing printed circuit boards or precision
machinery, the real-time performance of surface
defect detection is crucial. Traditional two-stage
detection algorithms often suffer from high inference
latency. Recent practices show that the YOLOv10
architecture [5], utilizing an anchor-free design,
eliminates the post-processing bottleneck of
Non-Maximum Suppression (NMS) and can achieve
high-precision detection with millisecond-level latency.
Experimental validations on industrial-grade defect
datasets, such as DeepPCB, have demonstrated the
superior generalization capabilities and deployment
advantages of such lightweight networks.
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3.2 Machine Health and Remaining Useful Life
(RUL) Prediction

Equipment degradation exhibits significant long-range
time dependencies. Time-series data, such as
vibration and temperature collected by multi-source
sensors, are the core basis for evaluating machine
health [3]. LSTM networks and their bi-directional
variants (Bi-LSTM) [6] can simultaneously capture
forward and backward dynamic correlations in
industrial time-series data. This effectively overcomes
the shortcomings of traditional Markov models
in long-term memory, providing high-precision
algorithmic support for Predictive Maintenance
(PdM).

4 Towards Industry 5.0: Cognitive Upgrade
and Conflict Resolution

As the industry evolves towards Industry 5.0,
mass personalization and human-machine cognitive
collaboration have become new focal points [4].

In high-mix, low-volume flexible production lines,
Manufacturer Knowledge Packages (MKP) are
embedded into DT models as structured prior
knowledge, enabling the system to adaptively
reconfigure process routing. Furthermore, during
requirement-driven product development, systems
frequently face multi-objective conflicts caused by
the propagation of engineering changes. The latest
research integrates the contradiction matrix of TRIZ
with Artificial Intelligence Generated Content (AIGC),
allowing the DT space to automatically deduce and
evaluate massive design solutions, providing a highly
valuable innovative path for engineering change
decision-making.

5 Conclusion

Digital twin production line technologies have
broken through mere physical mapping, evolving into
autonomous control hubs driven by multi-dimensional
data learning and deep neural networks. By
integrating Kernel PCA correction algorithms,
YOLOv10 visual detection architectures, and Bi-LSTM
time-series prediction models, the system’s robustness
under complex disturbances has seen a qualitative
leap. Looking ahead, knowledge-driven engineering
decision methods (such as MKP and TRIZ) will further
empower digital twins, propelling the manufacturing
industry toward the Industry 5.0 era characterized
by deep cognitive capabilities. From our perspective,
the most pressing open challenge lies in developing
unified DT frameworks that can seamlessly bridge the
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gap between physical sensor fidelity and the semantic
richness required for autonomous decision-making in
highly dynamic production environments.
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