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Three-Dimensional Visualization of Medical Image using Image
Segmentation Algorithm based on Deep Learning

++
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ABSTRACT

In this paper, we proposed a three-dimensional visualization system for medical images in augmented
reality based on deep learning. In the proposed system, the artificial neural network model performed
fully automatic segmentation of the region of lung and pulmonary nodule from chest CT images. After
applying the three—dimensional volume rendering method to the segmented images, it was visualized
in augmented reality devices. As a result of the experiment, when nodules were present in the region
of lung, it could be easily distinguished with the naked eye. Also, the location and shape of the lesions
were intuitively confirmed. The evaluation was accomplished by comparing automated segmentation
results of the test dataset to the manual segmented image. Through the evaluation of the segmentation
model, we obtained the region of lung DSC (Dice Similarity Coefficient) of 98.77%, precision of 98.45%,
recall of 99.10%. And the region of pulmonary nodule DSC of 91.88%, precision of 93.05%, recall of 90.94%.
If this proposed system will be applied in medical fields such as medical practice and medical education,
it is expected that it can contribute to custom organ modeling, lesion analysis, and surgical education
and training of patients.
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Fig. 1. The entire process of proposed system,
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Fig. 3. The process of 3D volume rendering and visualization of segmented medical images.
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Table 1. The evaluation of segmentation model with test dataset (DSC, Dice Similarity Coefficient)

Target DSC (%) Precision (%) Recall (%)
Lung Region 98.77 (+ 0.05) 98.45 (+ 0.06) 99.10 (+ 0.05)
Nodule Region 91.98 (+ 0.11) 93.05 (= 0.15) 90.94 (= 0.07)
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Fig. 6. The evaluation of segmentation model using precision—recall curve, (a) Precision—recall curve of lung nodule
segmentation model. (b) Precision—recall curve of lung segmentation model.(AP, Average Precision).
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Original CT image Ground Truth Prediction Result CT + Result
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onginal CT Image Ground Truth Prediction Result CT + Result
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Fig. 7. The examples of segmentation result depend on threshold value 0.5, (a) The example of lung nodule segmenta—
tion result.(b) The example of lung segmentation result
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