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Abstract

In this paper, we propose an automated method for the ground-glass nodule(GGN) classification using GGN-Net based on
intensity, texture, and shape-enhanced images in chest CT images. First, we propose the utilization of image that enhances
the intensity, texture, and shape information so that the input image includes the presence and size information of the solid
component in GGN. Second, we propose GGN-Net which integrates and trains feature maps obtained from various input
images through multiple convolution modules on the internal network. To evaluate the classification accuracy of the
proposed method, we used 90 pure GGNs, 38 part-solid GGNs less than Smm with solid component, and 23 part-solid
GGNs larger than Smm with solid component. To evaluate the effect of input image, various input image set is composed
and classification results were compared. The results showed that the proposed method using the composition of intensity,

texture and shape-enhanced images showed the best result with 82.75% accuracy.
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Figure 1: Characteristics of Ground-glass Nodule in Chest CT images. (a) solid nodule, (b)

pure GGN, (c) part-solid GGN with solid component more than Smm, (d) part-solid GGN

with solid component less than Smm
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Figure 3: Structure of a proposed classification network, GGN-Net (Ground-glass Nodule Network)
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Table 2: Performance evaluation of GGNs classification results using different composition

of input image

Accuracy(%) Sensitivity(%) Specificity(%o)

Method A Overall accuracy 72.41%

GGN-P 75.00 66.67 90.00
PSN-S 80.77 71.43 84.21
PSN-L 84.00 100.00 80.95
Method B Overall accuracy 68.97%

GGN-P 71.43 72.22 70.00
PSN-S 76.92 85.71 73.68
PSN-L 83.33 25.00 95.00
Method C Overall accuracy 75.86%

GGN-P 81.48 83.33 77.78
PSN-S 81.48 57.14 90.00
PSN-L 84.62 75.00 86.36
Method D Overall accuracy 75.86%

GGN-P 81.48 83.33 77.78
PSN-S 75.86 42.86 86.36
PSN-L 91.67 100.00 90.00
Method E Overall accuracy 75.86%

GGN-P 81.48 83.33 77.78
PSN-S 84.62 42.86 100.00
PSN-L 81.48 100.00 78.26
Method F Overall accuracy 75.86%

GGN-P 75.86 77.78 72.73
PSN-S 81.48 57.14 90.00
PSN-L 91.67 100.00 90.00
Proposed Method Overall accuracy 82.76%

GGN-P 85.71 94.44 70.00
PSN-S 85.71 42.86 100.00
PSN-L 92.31 100.00 90.91
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