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(1) Data Analysis & Data driven Design

Data driven optimization and analysis, digital twin-based design
Fault Detection and Diagnosis

(2) Uncertainty Quantification

Parametric & Nonparametric statistical modeling

Statistical modeling for correlated variables

(3) Design under Uncertainties with Lack of Information
Reliability analysis

Reliability-based design optimization

(4) Computational Mechanics & design optimization

Design Optimization using CFD analysis & surrogate modeling
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Surrogate Modeling & Optimization

- Data augmentation for accurate modeling
- Multi-objective optimization

Data Driven Analysis

- Fault Detection and diagnosis

- Prognostics

Digital Twin Design

- NSH design

- Digital twin for A/C cycle simulation model
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(Optimization of Endurance Test for Military Vehicles, ADD)
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(Data augmentation for improving washing performance prediction, He))
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(Modeling prediction of washing machine spin performance vibration, LG)
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(Fault diagnosis of marine engines, RLRC)
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(Development of a Gas Turbine Engine Performance Prediction Model, RLRC)
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(PHM platform development for piping systems, NRF)
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(Development of a Data—Driven Fault Prognostics and Management Model, HAS)
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(Development of Al-based Fault Detection Model for Air Compressors)
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(Development of Acoustic Fault Diagnosis Model with MLOps for Air Solution)
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(Digital Twin based Design, NRF)

Local behavior
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(Digital twin model for air conditioner cycle models, LG)
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