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A Target Recognition Method Based on Neural Network Structure

BIAN Weiwei, QIU Xuyang, SHEN Yan
(Beijing Institute of Mechanical Equipment, Beijing 100854, China)

Abstract In view of the requirements of target recognition, the deep learning methods based on neural
network are set off. Generally, there is a priori hypothesis of data contained in the in-depth learning mod-
el, the artificial design aimed at neural network for data needs an abundance of priori knowledge for ex-
perts in the field, and has the disadvantages of labor-intensive and high time cost. In order to obtain better
network performance beyond the personal experience of network design experts, an efficient structure
search method, i. e. Differentiable Architecture Search, is adopted. In this method, the search space is
broadened to be continuous, and then the performance of the verification set of the architecture is opti-
mized by gradient descent, finding the optimal neural network structure for target recognition. The simu-
lation results show that it is feasible to apply the target recognition method based on neural network struc-
ture search to the LSS target recognition.
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