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= A decision-making algorithm was developed to help geothermal operators find the optimum
production well parameters that can deliver maximum output over the life of the field, while

accounting for parasitic losses

WELL PARAMETERS
RISK VS REWARD EFFICIENCY CURVE

The optimum well placement parameters vary with risk aversion;
parameters have different distribution types.

= Since geothermal operators may have different appetite to risk vs
reward, the algorithm that can quantify risk aversion for well placement
recommendations.
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Train using Light Gradient Boosting algorithm Tinj (°C) 84.06 83.00 88 P ( )
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PROXY MODEL across >44,000 combinations of reservoir
TRAINING realization vectors and decision vectors
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WELL Optimize using Dual Annealing \
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Adding 1-2 more wells to the producer-injector pair can greatly
increase the power output, however cost will also increase

Similar decision-making algorithm can be developed to find the most
optimum configuration of other energy sources, such as for solar
panel density or wind turbine placement
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