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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Fossil fuel decline and climate change 
drive innovations in clean energy.

• AI aids in maximizing conventional 
yield through process control and 
optimization.

• Energy use and environmental impact 
are key concerns for developing large AI 
models.

• Data-driven, human-assisted, AI-vali
dated strategies ensure safe digital 
transition.

• Integrating bioenergy with sustainable 
AI advances carbon-neutrality goals.
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A B S T R A C T

Biodiesel represents a sustainable alternative to fossil fuels and aligns with long-term decarbonization goals. 
Integrating economic efficiency with sustainability requires a reinvention of process technology and artificial 
intelligence (AI)-based advanced prediction tools to maximize performance and minimize costs and carbon 
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