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Spectral-Spatial Feature Fusion by Neural Network

classification in remotely sensed hyperspectral images
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Abstract

Hyper-spectral image classification is a popular topic in the field of remote sensing. Hyperspectral
images (HSI) have rich spectral information and spatial information. Traditional hyperspectral image
(HSI) classification methods typically use the spectral features and do not make full use of the spatial or
other features of the HSI. In general, the classification approaches classify input data by considering the
spectral information of the data to produce a classification map in order to discriminate different classes
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of interest. The pixel-wise classification approaches classify each pixel autonomously without
considering information about spatial structures, further enhancement of classification results can be
obtained by considering spatial dependences between pixels. However, how to fuse and utilize spectral-
spatial features more efficiently, is a challenging task. So, the combination of spectral information and
spatial information has become an effective means to obtain good classification results. Specifically,
firstly, the principal component analysis (PCA) algorithm is used to extract the first principal
component in the original hyperspectral image. Secondly, the residual network Gabor, GLCM and MP
are introduced for each band to extract the spatial information of the image. Thirdly, the image is
classified by using SVM to get the final classification result. In this paper, we have used the neural
network classifier in the classification of hyperspectral images by integrating spectral and spatial
properties in two methods stack and the method based on binary graphs. In spite of the traditional stack
method, the use of local binary graph method to properly integrate spectral and spatial information is a
desirable method for the simultaneous use of spectral information along with spatial information
(Feature Fusion) in hyperspectral image classification. In each of these methods, the neural network
classifier is applied to the spectral and spatial features separately and then compared with the
performance of the support vector machine classifier in similar conditions. The classification results
show that the proposed method can outperform other traditional classification techniques.

Keywords: feature fusion, spectral, spatial, neural network, SVM, classification
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(Figure 1): spectral-spatial feature fusion methods [17]
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(Table 1): spectral-spatial feature fusion methods [19]
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[18] (Figure 2): stacked spectral and spatial Features
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(Figure- 8): performance comparison of SVM and NN
classifier in stack with 200 feature number
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(Figure-9): performance comparison of SVM and NN
classifier in LBG with 400 feature number
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(Figure-10): comparison in implementation time of the
training and test phases in the SVM, NN classification
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