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Parameter Estimation

Confidence Regions
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Rigorous Models in Process Engineering
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High-Pressure LDPE Tubular Reactors Mi E
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High-Pressure LDPE Tubular Reactors

Complex Kinetic Mechanisms

~ 35 Elementary Reactions

~100 Kinetic Parameters
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Parameter Estimation Problem Mi E

- Maximum Likelihood Estimation
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- Previously Intractable Problems

- Full Discretization Approach - Large-Scale NLPs
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Solution of Large-Scale NLP Mi E

- Robust General Algorithms -IPOPT- vs. Ad-Hoc Estimation Algorithms
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Results — standard Least-Squares Mi E

_ _ Sparsity Structure
- Single Data Set (On-line Parameters)
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Results — standard Least-Squares

Improved Match of Reactor Temperature Profile = On-line Estimation
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Advanced Regression Methods Mi E

Errors-In-Variables (EVM)

- Standard Least Squares - Errors in Output Variables - Biased Parameters

- EVM - Errors in Output AND Input Variables - Unbiased Parameters
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Advanced Regression Methods Mi E

Errors-In-Variables (EVM)
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Results — advanced Regression Methods

Improved Prediction of Polymer Molecular Properties
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Post-Optimal Analysis Mi E
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Post-Optimal Analysis - NLP Sensitivity

Solution Triplet
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Post-Optimal Analysis - NLP Sens
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- Already Factored at Solution
- Cheap Sensitivity Calculations

- Confidence Regions

KKT Matrix IPOPT
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Post-Optimal Analysis Mi E

Confidence Regions - Reliability of Parameters
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Summary and Conclusions
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Summary and Conclusions Mi E

Parameter Estimation Fundamental in Science and Engineering

Large and Complicated Optimization Problems

Robust and Comprehensive Optimization Algorithms -IPOPT-
Cope with General Complexity
Adapt to Problem Specifics

Solve Previously Intractable Estimation Problems
Highly Nonlinear, Many Degrees of Freedom
Advanced Regression Methods

Nonlinear Estimation Problems - Globalization Strategies -
Exploit Directions of Negative Curvature Naturally - Trust-Region Methods
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