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An Improved Depth Convolutional Neural Network
for Fine Image Classification

YANG Guoliang WANG Zhiyuan ZHANG Yu

( School of Electrical Engineering and Automation Jiangxi University of Science and Technology Ganzhou Jiangxi 34100 China)

Abstract: Fine image classification is different from traditional image classification. Due to the similarity between in—
traclass and intraclass differences of fine—grained images themselves it is difficult to express the characteristics of
fine image based on manual feature and local feature combination method. Based on the improved depth convolution
neural network model due to the large number of deep convolution neural network structure parameters and the
large number of neurons the training model is difficult and the Gaussian distribution is used to initialize the first six
parameters. The activation function is used after the correction of the Relus=Softplus function the TOP1 accuracy
rate of the flower image database OXford402 flowers is 85.75% and the TOP3 accuracy rate is 94. 50% . The ex—
perimental results show that the model has obvious advantages over the traditional method and the recognition rate
is higher than that of the unmodified CNN model.

Key words: fine-grained image classification; deep convolutional neural network; activation function; feature extrac—

tion
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The Test Assemble Methods of Multistage Adaptive Test

LI Guiyu TU Dongbo® DAI Buyun ZONG Yitao GAO Xuliang MIAO Ying
( School of Psychology Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: The key to implement multistage adaptive test( MST) is to build multiple parallel tests( or panels) that
meet statistical and nonstatistical constraints required. Automated test assemble( ATA) provides a way to achieve
parallel tests. Existing assemble methods are mainly based on linear programming heuristic algorithm Monte Carlo
and on-theHly method. Future studies should focus on the comparison and improvement of these methods and the
development of ATA based on cognitive diagnosis tests.

Key words: multistage adaptive Test; automated test assemble; test assemble methods; test specification
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