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Parameter optimization of Random Forest model

SERAREED: A

based on adaptive genetic algorithm
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[ Abstract] Random Forest models mostly adopt the parameter optimization method of grid search, which has the disadvantages of
fixed search interval and low search efficiency. In order to overcome the above defects, a parameter optimization method of Random
Forest model based on adaptive genetic algorithm is proposed. By dynamically adjusting the crossover and mutation probability of
genetic operation, the research can retain as many dominant particles as possible and generate new dominant particles more
effectively, so as to jump out of the local optimization and quickly reach the global optimization. The proposed parameter
optimization method is used to optimize the number of decision trees and the max depth of trees attributes in the Random Forest
algorithm. The simulation results using Boston house price data set show that the regression prediction effect of the Random Forest
model optimized by this parameter optimization method is improved to a certain extent.
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Fig. 1 Flow chart of Random Forest regression model based on

adaptive genetic algorithm
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Tab. 1 Importance of model characteristic variables
FHEAEE  CRIM ZN  INDUS CHAS  NOX RM AGE DIS RAD TAX PTRATIO B LSTAT

RFR 0.0556 0.0006 0.0059 0.0024 0.0138 0.4860 0.0128 0.0633 0.0028 0.0190 0.0137 0.0104 0.3136

AGA-RFR 0.0562 0.0008 0.0062 0.0024 0.0140 0.4875 0.0135 0.0573 0.0031 0.0187 0.0134 0.0112 0.3158
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Fig. 2 Model characteristic correlation thermodynamic diagram
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Tab. 2 Comparison of prediction accuracy of models

TE RMSE R? MAE
RFR 4.174 0.833 2515
AGA-RFR 4.111 0.868 2.503
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Fig. 3 Comparison between model predicted prices and actual prices
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