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Background

Urban waste management
— High disposal costs and carbon emissions
— Circular economy and a net-zero green future

Urban Constraints and Challenges
— Fast-changing needs and complexity
— Space, economic factors, etc.

Bioenergy recovery from recalcitrant biomass

— E.g. Sewage sludge, Agricultural waste, Food waste (sometimes)

— Complex structure and barriers to the penetration of hydrolytic enzymes
— Pretreatment needs (e.g. thermal, chemical, electric methods)

— Enhanced destruction; Reduced digestate volume; Compact digester
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Challenges

* Technological constraints for system optimization
— Slow experiments, labor intensive, and highly expensive
— Tradeoffs with high-dimension of variables
— Difficult to fully explore/ comprehend

 Conventional performance simulation
— Time consuming; Unable to quickly handle increasing parameters
— More confined to mechanistic derivation (e.g. ADM)

* A unified computational framework (to tackle prediction needs)
— Artificial intelligence techniques in recent years; Fast-growing capacity
— Multiple use of algorithms for compiling heterogenous datasets
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The experimental data were collected from publications from 1990 to 2021, and there is
a total of 236 experimental references selected for the architectural computation.
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* Final prediction performance Lo S S S s

Probabilities of advantaged prediction
Prediction accuracy against others

R2 kNN SVM NN
Thermal dataset 0.929 0.901 0.854 0.810

Chemical dataset 0.903 0.953 0.972 0.939

Generic algorithm 0.878 0.969 0.908 0.992
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Summary

A computational approach
— to deal with prediction complexity & accuracy

— to encounter dynamic changes in urban environments
* Experiment-derived simulation with proven accuracy
* A generic algorithm with transferable and growth potentials

* Next: Integration with other artificial intelligence techniques
— E.g. Packaged programming for automated data analytics
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