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Multiscale & Multifunctional Manufacturing

+ Additive manufacturing

» Lithographic pattering Multiscale/Multimaterial Fabrication

* Thin-film deposition

@ Tissue Engineering / Implantable Biomedical Device

* Multiscale tissue engineering scaffold via 3D printing and electrospinning
« Patient-specific medical device based on medical imaging of CT/MRI
+ Soft/Hard tissue engineering based on mechanical biocompatibility
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* 3D, 2D printing process
* Electrohydrodynamic jetting
* Leaching, Replicating process

@ Wearable Electronics / Health monitoring device

« Flexible physical sensor for pulse monitoring
* 3D customized interface for wearable device
» Self-powered system using piezo/triboelectricity
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@ Process Development

* Development of AM
¢ Industrial applications
* 4DP & Machine learning

4D]printing



AI-based intelligent manufacturing
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Object Detection (YOLO, etc.)
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Semantic segmentation (U-Net, etc.)

Semantic segmentation

Anomaly detection (VAE, etc.)
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AlI-assisted manufacturing processes

Al-assisted manufacturing with autonomous defect detection and correction

Image-based anomaly detection

(i) Machine error

With VAE-deep learning model

Anomaly detection and feedback system in
additive lathe process with VAE-DL model
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In-situ selective defect correction
in MEX process using object detection

(ii) Material error
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Semantic segmentation for realtime process
control in electrohydrodynamic printing
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Digital twin system with feedback strategy using
conditional LSTM-VAE model

Autonomous setting of process
parameters using Bayesian optimization

Jine parameters(Le 15 men)

Bayesian optimization process
Recommended parametersL= 15 )

Printed results using BO-recommended parameters(L= 12,15,18 mm)

P Wire-laser

DED

Welding
camera

T Vi
directiq,

ave|

n
31-ayer

Excessive
heat accumulation

Semantic segmentation for real-time process
monitoring in directed energy deposition(DED)
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Reinforcement learning based process strategy
optimization in material extrusion using a digital twin

Agent : Process strategy - IR heater control
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Gas sensor fabrication with high surface-to-volume
ratio using 3D printing and gas prediction with TCN
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Al-assisted engineering design

Al-assisted design optimization with autonomous adjustment of geometry parameters

Reinforcement learning based lattice
design for optimized performance
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Design optimization via reinforcement
learning and multi-physics FEA

Reinforcement learning based clamp

position optimization in machining process

interlocking interfaces of metal-polymer parts
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artificial vertebrae for evaluation of spinal implant
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Al-based industrial applications

Thermal/Mechanical design
(Home applicance parts)

~— Al-based design optimization
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Optimization for parametric
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Process optimization
(Automotive component manufacturing)
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Process monitoring
(Automotive production)
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Al-assisted manufacturing with autonomous defect detection and correction
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