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Introduction to Our Lab
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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

- Digital twin for A/C cycle simulation model
- Digital twin for refrigerator
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(Optimization of Endurance Test for Military Vehicles, ADD)
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(Data augmentation for improving washing performance prediction, LG)
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(Efficient Design of Experiments via Uncertainty Quantification)
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(Development of an Al-Based Performance Design Recommendation Algorithm for HRSGs, BHI)
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Graph Attention Network (GAT) 0| &%t &4l D
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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 Fault Diagnosis and Progn05|s Technologies for Heat Pump Cycles, LG)
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Oo{ &M Al 23 2IC 2 MLOps(Machine Learning Operations) 7H%

(Development of Acoustic Fault Diagnosis Model with MLOps for Air Solution, LG)
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(Digital twin model for air conditioner cycle models, LG)
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(Development of a CFD-AI Integrated Analysis Framework for Predicting Internal
Conditions of Refrigerators, LG)
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