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Fig. 3 Flow chart of multi-layer fusion classification algorithm

based on residual network
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Hyperspectral Image Classification Based on Hierarchical Fusion of
Residual Networks

ZHANG Yi-zhuo, XU Miao-miao, WANG Xiao-hu, WANG Ke-qi*

College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China
Abstract Hyperspectral images contain a wealth of feature information, and they have been widely used in urban feature classifi-
cation in recent years. In the process of hyperspectral image classification, the extraction of spatial spectral features directly
affects the classification accuracy. Traditional hyperspectral image feature extraction methods only use 4 or 8 neighborhood pixels
for simple convolution processing., thus losing a lot of complex and effective information. Convolution neural network (CNN)
can automatically extract spatial spectral features and retain the same spatial information of the image, and the network model is
simplified. However, with the increase of network depth, the network classification will degenerate, and the network lacks com-
plementarity of relevant information, which will affect the classification accuracy. In this paper, a hyperspectral residual network
for feature classification is designed for the degradation problem. Firstly, define the residual network module of the low, medium
and high three-layer structure with convolution kernels of 16, 32, and 64. Then. convolve the 3-layer output features with 64
1 X1 convolution kernels to complete the dimension matching and feature map. Next, the global average pooling (GAP) of the
feature map is generated to generate the feature vector for classification. Finally, the Large-Margin Softmax objective function is
introduced to achieve hyperspectral image classification. The experiments were performed using hyperspectral images from the
Indian Pines, University of Pavia, and Salinas regions. The primary bands of the hyperspectral image were extracted by PCA.
With the sample set of batch training being 100, the initial learning rate being 0. 1, the momentum being 0. 9, the weight delay
being 0. 000 1, and the maximum number of training iterations being 2>X 10", when the sample sizes of the three data sets are set
to be 25X 25, 23X 23 and 27X 27, the network depth is 28, 32 and 28, the classification accuracy of the three data sets is the
highest, and the average overall accuracy OA is 98. 75% , the average accuracy AA is 98.1% and the average Kappa coefficient

is 0. 98. The experimental results show that the classification method based on residual network can get more affective features.
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It can improve the classification accuracy with the increase of the number of residual network layers and the fusion of complemen-
tary information of different network layer outputs; Large-Margin Softmax achieves intra-class compactness. Separation between
classes further improves classification accuracy.

Keywords Hyperspectral image classification; Deep learning; Residual network; Large-Margin Softmax
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