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Background: Challenges of Thermal Management
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Practical Limit of Boiling Heat Transfer

Boiling Regimes in a Representative Boiling Curve Critical Heat Flux (CHF): A
catastrophic point of failure
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Steady-State Boiling Curve and CHF Condition

Steady-State Boiling Curve on Polished CHF Condition Observed During Pool Boiling
Copper Surface on Polished Copper Surface
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When CHF is triggered, heater temperature increases rapidly (~ 150 *C/min).




Thermal Management Challenges Due to Dynamic Loads
Transient heating conditions are very common in microelectronics, radio-frequency
power amplifiers, vehicles and airliners.

Transient heating in the advanced driver- EPA Urban Dynamometer Driving Schedule
assistance systems
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Heat Flux Measurements in Power Systems

Surface-mounted sensors

*  Transverse thermoelectric effect method
*  Temperature gradient method

*  Joule heating effect method
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Deep Learning Strategies for Visualization-Based Analysis of
Two-Phase Heat Transfer
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Pool Boiling Facility with Multimodal Sensing

Synchronized multimodal Sensing: i) High-speed imaging, ii) acoustic — hydrophone, iii)
acoustic — microphone, iv) acoustic — AE sensor, v) temperature profiles, vi) pressure.
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Multimodal Sensing in Boiling Systems
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1. Visualization-Based Heat Flux Measurement




Existing Methods: Static Image-Based Heat Flux Prediction
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Image Sequence-Based Heat Flux Prediction

Sequences Sampling Feature Extraction Regressor
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Heat Flux Prediction Performance: Static vs. Sequential

Model-predicted heat flux vs. true (experimental) heat flux for

e static image models: CNN-MLP, PCA-MLP, PCA-GPR, PCA-RFR, and

* Image sequence models: ConvLSTM, PC1-FFT-MLP, PC1-FFT-GPR, PC1-FFT-RFR
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Heat Flux Prediction Performance: Static vs. Sequential
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Role of Temporal | g-s=5F=="0 ] gas
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2. Acoustic-Based Heat Flux Measurement




Acoustic Sensing in Pool Boiling Experiments
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Machine Learning Algorithm for Heat Flux Prediction

Step 1: Sequence Sampling Step 2: Feature Extraction (2 options) Step 3: Regression (3 options)
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Model Performance and
Computational Time for
Training

FFT-GPR model leads to high performance
and low computational time.
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Physical Mechanisms of Acoustic Signals

Thermal Expansion Bubble Ebullition Flow-Structure Interaction
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3. Multimodal Fusion for Heat Flux Measurement




Multimodal Acoustic Sensing and Data Fusion
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Audio-Video Fusion for Improved Prediction Accuracy

CNN Feature Extraction
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