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Abstract: In recent years, with the development of computer science,deep learning plays a critical role in
the classification of hyperspectral bloodcell images. However, traditional deep learning models require a
large amounts of manually annotated training data, and ignore the nature of “graph-spectral uniformity”
property of hyperspectral image. As a result, these methods can not explore the intrinsic information of hy-
perspectral images. In addition, traditional convolutional neural network methods have too many parame-
ters, which takes a great deal of time to be trained. Aiming at these two shortcomings, a spatial-spectral

separable convolutional neural network (S’CNN) is proposed to improve the classification performance of
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bloodcell hyperspectral image and reduce the complexity of the model. First, due to the spatial consistency
of the hyperspectral bloodcell image distribution, a spatial-spectral combined distance (SSCD) was pro-
posed to select the spatial-spectral nearest neighbor of each pixel and expand the training samples. At the
same time, in the following neural network model, a group of depth convolution and point convolution are
used to replace classical convolution and optimize the complexity of the model. The experimental result on
bloodcell1-3 and bloodcell2-2 datasets show that the overall classification accuracies reaches 87.32% and
89.02%, respectively. Compared with other classification algorithms of bloodcells, the proposed S'CNN
achieves much higher classification accuracy. The training time of the separable convolution model is 27 %
less than that of the classical convolution model. Experimental results show that the proposed S’CNN is an
effective method to improve the classification performance of hyperspectral bloodcell and reduce model
training time.

Key words: hyperspectral image; bloodcell classification; convolutional neural networks; spatial-spectral

combined distance; separable convolution
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Fig.1 Flow chart of spatial-spectral separable convolution neural network
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Tab. 1 Classification results of different algorithms on Bloodcells1-3 dataset (overall accuracy + STD) (%)
Algorithm FEAS
5 10 20 40 60 80
1-NN 65.414+2.81 67.0042. 47 69.55+1.28 72.1341.24 73.7841.50 74.784+0.97
SVM 67.9542.37 71.7345.55 80.6542. 28 83.23+1.35 84.7041. 00 85.78+1.33
SCN 71.92+3.16 74.53+1.04 76.6041.61 78.85+1.25 79.55+1.65 81.544+1.12
1DCNN 74.69+1.95 77.53+1.05 78.21+1.17 80.49+1.21 81.28+0.81 82.694+1.92
2DCNN 75.26+1.68 78.51+1.57 81.17x1.70 83.32+1.99 85.61=1.37 86.22+1.50
3DCNN 78.07%+1.10 80.84+1.24 82.69+1.13 84.53+0.86 86.53+1.30 87.014+1.42
S’CNN 78.9245. 20 81.62+1.26 83.14+1.57 85.21+1.51 86.42+1.17 87.32+1.43
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Fig. 6 Classification maps for different methods on Bloodcells1-3 dataset.
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Tab. 2 Classification results of different algorithms on Bloodcells2-2 dataset (overall accuracy += STD) (%)
Algorithm FEAS
5 10 20 40 60 80
1—NN 76.3044. 34 78.68+2.41 79.0541.87 80.32+1.95 82.504+2.74 83.22+1.37
SVM 75.94+4.61 78.8945.42 81.4841.52 83.8941.48 84.324+1.39 85.414+1.63
SCN 67.92+3.16 71.10+0.82 75.21+0.57 79.14+0.82 81.45+2.64 84.73+1.36
1DCNN 72.46+2.48 75.1241.43 78.14+1.23 81.8741.76 82.4141.28 84.69+1.24
2DCNN 73.72+1.86 76.73+1.65 82.11+1.84 85.61+1.41 86.91+1.50 87.98+1.54
3DCNN 74.07+1.32 77.05+1.13 83.42+1.55 87.89+1.39 88.09+1.63 88.80=1. 21
S’CNN 76.54+1.74 79.36+1.47 84.45+1.01 88.21+1.32 88.53+1.72 89.02+1.78
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Fig. 8 Classification maps for different methods on Bloodcells2-2 dataset.
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