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Fully Convolutional Pooling algorithm
based on Dense Convolutional Neural Networks
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[ Abstract] Most convolutional neural networks ( CNN) currently used for image recognition are constructed using the same
principles: convolutional layer, pooling layer, and fully connected layer. The paper re—evaluates all the components used for image
recognition using dense convolutional neural networks and questions the need for the pooling layer to not exist. After experiments, it
is found that the pooling layer can be replaced by a convolutional layer with an increased stride, but it will not reduce the accuracy
of image recognition. The research also trains the proposed convolutional layer instead of the pooling layer on DenseNets to form a
new convolutional neural network architecture, and produces advanced performance on multiple image classification data sets
(CIFAR-10, SVHN). This paper proposes a fully convolutional pooling algorithm based on dense convolutional neural networks
(DenseNets ), which improves the accuracy of image classification. Finally, compared on multiple classic data sets, the
experimental results verify the efficiency of the fully convolutional pooling algorithm.
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Fig. 1 DenseNets structure
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Tab.1 The accuracy of different pooling methods tested on
CIFAR-10
A7 i% DenseNets
average pooling 89.77
max pooling 89.87
all-conv pooling 90.48
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Fig. 2 Comparison of the change trend of model accuracy
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Tab. 2 The accuracy of different pooling methods tested on SVHN
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Fig. 3 Comparison of accuracy on test set and training set
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