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Improved scheme of automated detection of pulmonary nodules
in PET/CT images using convolutional neural network
and conventional characteristic features
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Abstract In the existing method for automated detection of pulmonary nodules in PET/CT images, false positives (FPs)
are eliminated by the combination of shape feature extraction and classifier. In this study, we develop an improved scheme of
automated detection of pulmonary nodules by adding the convolutional neural network (CNN). The proposed scheme detects
pulmonary nodules using both CT and PET images. In the CT images, a massive region is first detected using an active contour
filter that we developed so far. Subsequently, high-uptake regions detected by the PET images. FP candidates are eliminated
using shape features and CNN output, followed by two support vector machines. In the experiments, we evaluated the
detection capability using 104 cases of PET/CT images. As a result, the proposed method eliminated approximately half the
FPs existing in the previous study.
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