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Abstract

A Study on Improvement of Deep Neural Network

using Extreme Learning Machine

Tatsuro MATSUO

Recently, the deep learning, which is learning methods for deeply multiple-layered
neural network is widely used for various scene. Deep learning methods enable the
automatic feature extraction. They use or make sparse network and then it is able to
learn weights of links between neurons placed in the early layers. Extreme learning
machine(ELM) has been proposed as the learning method of the full-connected neural
network whose number of hidden layers is limited to one. ELM enables the learning
speed increasing and the higher approximation capability. In this research, CNN-ELM,
which combines ELM in the final stage of the CNN(convolutional neural network) is
proposed. CNN-ELM is applied to three image recognition tasks. The datasets are
MNIST, which is for handwritten digits recognition, and Rectangles, which recognize
the square size, and Caltech 101, which is for general object recognition. The results
of the experiments show that the CNN-ELM is possible to realize a better recognition
accuracy compared with that of CNN, and CNN-ELM has the robustness for recognition
capability for the images including gaussian noise when the number of neurons in the
hidden layer of ELM is appropriately set. Also, the recognition accuracy of CNN-ELM
converges the same recognition accuracy of CNN in shorter time. This result shows that
CNN-ELM is useful not only in the case of obtaining a high accuracy but also in the

case of recognition tasks for the images including noise, and in the case of early learning
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convergence.
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