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[ Abstract] With the rapid development of Artificial Intelligence, people’s life is now more and more intelligent, all kinds of face
recognition detection, fingerprint detection technology is more and more widely applied to people’s daily life, which is inseparable
from image visual recognition algorithm and the development of related technologies. Among them, Convolutional Neural Networks
have an absolute advantage in visual recognition techniques and methods. At present, many researchers try to improve the accuracy
and speed of image recognition by optimizing the structure and performance of Convolutional Neural Network algorithms, which
makes it widely applicable to various fields of data mining and its application in real life. This paper introduces the training process,
application and characteristics of the three image visual recognition models of The Residual Network, DenseNet, GooglLeNet, and
briefly introduces and forecasts the application of image visual recognition algorithms and techniques in real life, especially in Data
Mining applications. Image visual recognition technology is a research topic that can be applied to various fields and the analysis of
human behavior.
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data mining
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Fig. 1 Inception module in GoogLeNet
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Fig. 2 ResNet example
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Tab. 1 The contrast between three visual recognition models
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