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Integration Loss on Volumetric Chest CT Image
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ABSTRACT

++

Kwang Gi Kim

In the diagnosis of lung cancer, the tumor size is measured by the longest diameter of the tumor
in the entire slice of the CT. In order to accurately estimate the size of the tumor, it is better to measure
the volume, but there are some limitations in calculating the volume in the clinic. In this study, we propose
an algorithm to segment lung cancer by applying a custom loss function that combines focal loss and
dice loss to a U-Net model that shows high performance in segmentation problems in chest CT images.

The combination of values of the various parameters in custom loss function was compared to the results

of the model learned. The purposed loss function showed F1 score of 88.77%, precision of 87.31%, recall
of 90.30% and average precision of 0.827 at a=10.25,vy=4, 3=0.7. The performance of the proposed custom
loss function showed good performance in lung cancer segmentation.
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Fig. 1. Data set CT image and ground truth image. (a),
(c) Original CT image, (b), (d) Ground truth,
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Fig. 3. Results of lung cancer segmentation using U—Net. (a),(f),(k),(p) Original, (b),(g),(l),(q) Ground truth,
(c),(h),(m),(r) Balanced loss function, (d),(i),(n),(s) Focal loss function, (e),(j),(0),(t) Custom loss function.
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Model Parameters F1-score Pre[i/ios]ion R[L:Z?H AP
SegNet + BL a=0.75 67.88 55.87 87.71 0.746
SegNet + FL a=0.75,v=5 71.16 59.78 88.77 0.763
SegNet + CL a=0.75,v=5,5=0.6 72.45 63.30 85.28 0.770
E-Net + BL a=0.75 65.73 52.95 89.36 0.698
E-Net + FL a=0.75,y=2 67.03 57.81 85.43 0.726
E-Net + CL a=0.75,v=2,5=0.3 68.32 55.17 87.47 0.741
U-Net + BL a=0.25 83.35 8891 74.49 0.805
U-Net + FL a=0.25,v=4 88.39 87.70 89.15 0.813
U-Net + CL a=0.25,v=4,8=0.7 88.77 87.31 90.30 0.827

BL, Balanced loss function; FL, Focal loss function; CL, Custom loss function;
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