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Research on general neural network
image classification based on CNN pooling and evolutionary strategy

GAO Tao
(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] The explosive development of the network has produced a large number of images, and the errors and missing of image
labels are more common, and the research on image classification is necessary. CNN pooling can extract important features of the
input matrix and reduce the dimensionality of the data. Evolutionary strategy is a heuristic algorithm that imitates the evolutionary
method of " survival of the fittest" of biology, which can quickly find the solution of the problem. Based on CNN pooling, the
paper extracts the features of a set of images with correct labels, builds a neural network with three layers, optimizes the initial
weights by evolutionary strategy, trains the classification model through the training set, and verifies the pros and cons of the model
through the test set. The final model realizes the efficient classification of unknown category images. In the instance verification
stage, 100 dog pictures of 10 categories are collected, and the experiment is carried out according to the above steps. The algorithm
results verify the necessity of the evolution strategy to optimize the weight and the efficiency of the neural network model.
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Fig. 2 Partial processing of image miniaturization
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Fig. 3 Partial processing of data miniaturization
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Fig. 4 Image accuracy without considering evolutionary

strategy
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Fig. 5 Image accuracy considering evolutionary strategy
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Fig. 6 The learning rate is 0. 3 and the image accuracy is

considered with evolutionary strategy
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