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Research on hyperparameter optimization of military image classification model
based on hybrid genetic algorithm

XU Zhihan, ZHU Yanjiang, ZHAO Ruxin

(College of Information Engineering, Yangzhou University, Yangzhou 225127, Jiangsu, China)

Abstract; This paper proposes a hybrid genetic algorithm for the hyperparameter setting problem in convolutional neural network
models aimed at military image classification, and conducts experimental analysis on a self—constructed military image dataset. The
algorithm improves individual distinguishability through a designed fitness function and incorporates elite strategy, adaptive concept,
and multi—population parallelism to enhance the selection, crossover, mutation, and overall iterative processes, which increases
convergence speed, accuracy, and global convergence capability. A diversity preservation strategy is proposed to address the
phenomenon of individuals converging to the same individual in traditional genetic algorithms, in order to reduce the risk of falling
into local convergence. The experimental results have shown that over 1 000 iterations, compared to 7 classic intelligent optimization
algorithms, the proposed algorithm reduces the recognition error rate by an average of 1.41% and improves the global convergence
probability by an average of 107. 59%, verifying the effectiveness of the proposed algorithm in solving the hyperparameter setting
problem of convolutional neural network model training for military image classification.
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Fig.1 Flowchart of genetic algorithm
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Fig. 2 The basic process of hybrid genetic algorithm
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