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Design and application of dual-frequency microstrip patch
antenna based on GA-BP

WU Lang, LONG Fei

(School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China)

Abstract; To address the current challenges of prolonged design cycles and difficulty in simultaneously meeting multiple
performance requirements in dual —band microstrip antenna design, the paper proposes an automated dual—band microstrip patch
antenna design and optimization approach incorporating machine learning. This work proposes architecture combining Genetic
Algorithm (GA) and Back Propagation neural network( BP) —GA-BP. This framework optimizes the weights and thresholds of the
BP neural network through the genetic algorithm to enhance the prediction performance of the neural network. To verify the
effectiveness of the proposed model, a dual-band microstrip patch antenna is designed to construct a dataset, and both models are
trained and validated based on the same dataset. The experimental results show that GA-BP has stronger stability and more accurate
prediction results compared to the traditional BP neural network, and performs better in both forward and reverse predictions.
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Fig. 1 Single—fed dual-frequency rectangular microstrip antenna
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Fig. 2 Structure diagram of microstrip patch antenna
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Fig. 4 Flowchart of GA—optimized BP network
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