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Gastric Carcinoma Classification Based on Convolutional
Neural Network and Micro-Hyperspectral Imaging
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Abstract In order to explore the application of hyperspectral technology in the pathological diagnosis of gastric
cancer, we combine hyperspectral imaging and microscopy to acquire hyperspectral images of gastric slices.
According to the difference of spectral characteristics between gastric cancer tissue and normal gastric tissue in the
wavelength of 410-910 nm, we propose a classification method based on convolutional neural network (CNN). The
original spectrum is preprocessed by S-G smoothing and the first order derivative. We establish the optimal network
structure and parameters by analyzing the spectral data characteristics and the classification efficiency. Experimental
results show that the classification accuracy of cancerous and normal gastric tissues is 96.53%, the sensitivity and
specificity of distinguishing gastric carcinoma reach 94.29% and 97.14%, respectively. Compared with shallow
learning methods, the CNN model can fully extract the deep spectral characteristics of cancerous tissues and
effectively prevent over-fitting. The method of deep learning combined with micro-hyperspectral imaging can also
provide a new idea for the medical pathology research.
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Fig. 2 Flow chart of CNN modeling towards

medical micro-hyperspectral data
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Table 1 Statistics of training and test sets of samples

Sample Training set Test set Sum
Gastric cancer tissue 800 140 940
Normal tissue 800 140 940
Sum 1600 280 1880
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Table 2 Specific parameters of CNN classification model of gastric carcinoma slices

No. 11 C2 P3 C4 P5 F6 07 Accuracy /%

CNN-1 200 8 X5 1X2 16 X5 1X2 100 2 92.50
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Table 3 Classification results obtained by three kinds of models

Model Accuracy /%  Sensitivity /% Specificity /%
NN 89.14 91.43 88.57
RBF-SVM 92.62 91.43 93.57
Our CNN 96.53 94.29 97.14
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