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*  Pros: Easy to understand and provides consistent results across *  Pros: Combines strengths from PM and ML approaches for ' | =  Pros: More flexible with two parameters to learn. * Impact on PhD Workflow:
different INSAR geometries. robustness/accuracy with limited labeled data. + Cons: Requires additional work to tune i. * Enables quicker experimentation—an essential
e Cons: Uses only the direct relationship between InSAR *  Cons: Complex to develop and implement. component for promptly achieving research
coherence y and penetration bias, based on simplified milestones.
assumptions of /(z).
* Enhanced DEM Accuracy: * Effectiveness of Physics-Informed ML:
e Corrected DEMs exhibit higher precision and reliability. e Successfully corrects biases even with an unbalanced training dataset.
* Penetration Bias Reduction: * Delivers superior overall performance with limited training data.
* Achieved MAE of approximately 0.5 meters across different elevation ranges.
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