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Improved CNN classification algorithm based on adaptive

convolution kernel for numerical data
CHENG Cheng ,REN Jia
(Faculty of Mechanical Engineering &. Automation, Zhejiang Sci-Tech University,
Hangzhou 310018, China)

Abstract: To tackle the problems of insufficient use of features and poor performance of model
classificationof convolutional neural network (CNN) model in the classification of industrial numerical
data, an improved CNN based on adaptive convolution kernel (ACK-ICNN) algorithm is proposed. In the
algorithm, a multi-scale convolution kernel model structure is constructed in order to increase the reuse
rate of features, which is realized by fusion processing of different features extracted from convolution
kernel to enhance the adaptability of the model. To further improve the performance of the algorithm, the
grid search methodis used to select the optimal convolution kernel size in CNN in adaptive way, so that the
model can extract the optimal features.The fault data of the TE process is used to test the performance of
the proposed algorithm, accompanied with comparison with typical data-driven methods such assupport
vector machine, extreme learning machine and nearest neighbor. The test results show that the proposed
algorithm is helpful to largely improve the classification accuracy of various faults.
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