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' Joint sparse representation

¥ Stacked Autoencoder

* Deep believe network

¥ Restricted Boltzmann machine

¢ Convolutional neural network
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® Hierarchical deep features
* Random patches network
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¥ Gabor filtering and deep network
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Abstract

In recent years, deep models have achieved great success in various fields of image processing. These models
have been used in some research fields of hyperspectral data processing, such as; classification and target
detection. The random patches network (RPNet) has recently been proposed to extract hierarchical deep
features for hyperspectral image classification. RPNet is important as it is an unsupervised method, and as a
consequence, it has a fast performance to extract deep features. Despite the good performance of this network,
due to the usage of the principal component analysis (PCA) method in its main structure, maximum
discrimination between classes is not guaranteed in extracted features. Therefore, in this paper,in order to
improve the performance of RPNet, a new method called LDA-RPNet based on linear discriminant analysis
(LDA) is proposed. Experiments on two hyperspectral datasets, Indian Pines and Pavia University, show that the
LDA-RPNet can extract more compact and suitable features for classifying hyperspectral images. Also, based on

the experiments, the LDA-RPNet can increase the overall accuracy by up to 2.5% compared to the classical
RPNet.

Key words: Hyperspectral image classification, Random patches network, linear discriminant analysis, Principal
component analysis, Hierarchical deep features.
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