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Small Tumor Segmentation Using Multi-Slices in CT Image

Takuya GOTO, Hiroki NAKANO, Atsushi YAMASHITA and Hajime ASAMA

This paper proposes a novel method to improve auto detection of small tumors in segmentation of computed tomography
(CT) images. For medical images, there is a high bias in a dataset that most parts of images are non-tumor. For recent

tumor auto detection, convolutional neural network (CNN) is used. In these methods, small tumors are hardly detected
because it is difficult to detect from only single slice image. In the proposed method, sequential multi-slices including a
target slice image are used as an input patch. For training CNN model, a loss function called Multi-Slices (MS) loss which
is calculated with several annotations of sequential multi-slices is proposed. By using multi-slices for segmentation of CT

images, the segmentation model gets to recognize a small tumor which exists in sequential several slices. Our proposed

method using multi-slices improves 5.9% in DICE coefficient compared with a conventional method using a single slice.

This paper presents that the proposed method is effective for detection of small tumors.
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Fig. 1 Samples of input slices (a, ¢, e) and annotations of tumor (b, d, f)
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Fig. 2 Comparison of methods to calculate training loss
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Table 1 Statistical information of dataset

Training Test
Number of CT images 98 20
Number of slice images 8065 1478
Max. tumor size in a slice (pixels) ~ 1.91 x 10°  1.45 x 10°
Min. tumor size in a slice (pixels) 298 98
Mean tumor size in a slice (pixels)  1.61 X 10° 1.45 x 10°

Table 2 Results of experiment

Method MAP MAR MAF mDICE
2D input with BCE Loss 0.783  0.618  0.558 0.558
3D input with MS Loss
(ours)

0.840 0.614  0.591 0.591
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Fig. 3 Segmentation results
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Fig. 4 Detection rate per range of tumor size
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