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A Method of the Breast Cancer Image Diagnosis Using Artificial
Intelligence Medical Images Recognition Technology Network

Daewon Kwak®, Jiwoo Choi’, Sungjin Lee™

=R 3T o5adikeld] 7es Zgsle]
Zags] olnlx|, g3} olulx], ZAHE] o|n|AE AMgsle, olnlx] EF W} oln]x] Ea IS Fdf #
el et dd S $XE FEske B AEw S $1g AEEC dis] skl & s #HA3)
E 8l o7 o|n|x] R & 2 o|v|x] B JHEY dE EAE Foll 4 o5 dlolE] ¥ 29
71es AEsisle, A9 A HAASE 2 dlole 37 7S AAEIAeE AlAE s ES Bal BAE Ay,
] 7o) dlole] 27} 7lsS 48P o]nlA] £ 7]EeliE ResNets00] 7F 2 A58, olvA £
ZeRs wrads) g 289 Ak BE UNet 7]1%0] 7B 22 A% Jehgoh dld 714e A8s)
Az}, wrngeu] dAbellx]e] o|nx] F3F 2l A= 33.3%, 28} dAtellAe] o|nlx] B3t 2tellx= 29.9%,

Yosl

H

2Apge] ojvlAolAle] olvlA| i 2

0.

7l E : R Ol0IX] &R/, Ol0X] 2&, HolH &,

Key Words : Breast cancer, Image recognition, segmentation, Classification

ABSTRACT

The recent advance of image recognition technology comes from the accumulation of numerous data and
deepening of neural network. However, training these various data on a deep neural network causes various
problems. Overfitting caused by a small amount of data, class imbalance resulting from the difference in the
amount of data between classes, and multi-class training problems. This paper found and analyzed these
problems occurring in such small data sets, and suggested solutions and analyzed the performance through
experiments. For these goals, we compared open small data sets and the differences between them and selected

the training techniques that perform well for each dataset.
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Fig. 1. Process of breast cancer diagnosis
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Table 4. the performance according to loss functions in basic Mammography dataset
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Loss BCD DICE Tversky BCD DICE Tversky BCD DICE Tversky
Metric |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice
Vanilla [0.56| 0.39 [0.62| 0.41 [0.63| 0.43 |0.54| 0.41 |0.63| 0.42 |0.63| 0.44 |0.52| 0.36 [0.62| 0.39 |0.63 | 0.42
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Table 5. the performance according to various data augmentation techniques in augmented Mammography datasets

xray UNet ResUNet++ Deeplab V3
Loss DICE Tversky DICE Tversky DICE Tversky
Metric IOU | DICE | IOU | DICE | IOU | DICE | IOU | DICE | IOU | DICE | IOU | DICE
Vanilla 0.624 | 0411 | 0.634 | 0438 | 0.631 | 0.421 | 0.639 | 0.441 | 0.619 | 0392 | 0.631 | 0.417
Filter 0.819 | 0.786 | 0.832 | 0.808 | 0.777 | 0.712 | 0.745 | 0.658 | 0.786 | 0.729 | 0.809 | 0.765
Geometric | 0.714 | 0.608 | 0.711 | 0.604 | 0.701 | 0.506 | 0.685 | 0.548 | 0.691 | 0.557 | 0.691 | 0.557
All 0.771 | 0.704 | 0.774 | 0.708 | 0.736 | 0.612 | 0.724 | 0.617 | 0.737 | 0.639 | 0.754 | 0.672
F 6. 25T 4 dloleldlells &A% 1 e
Table 6. the performance according to loss functions in basic Ultrasound dataset
Model UNet ResUNet++ Deeplab V3
Loss BCD DICE Tversky BCD DICE Tversky BCD DICE Tversky
Metric [IOU| Dice |IOU | Dice |IOU | Dice |IOU | Dice [IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice |IOU | Dice
Vanilla {0.75| 0.71 |0.76| 0.72 {0.79| 0.76 [0.67 | 0.61 |0.78| 0.74 |0.75| 0.70 |0.75| 0.73 [0.79 | 0.77 |0.79| 0.76
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Table 7. the performance according to various data augmentation techniques in augmented Ultrasound datasets
Z&} UNet ResUNet++ Deeplab V3
Loss DICE Tversky DICE Tversky DICE Tversky
Metric 10U DICE 10U DICE 10U DICE 10U DICE 10U DICE 10U DICE
Vanilla 0.758 | 0.716 | 0.789 | 0.764 | 0.778 | 0.742 | 0.752 | 0.704 | 0.793 | 0.764 | 0.792 | 0.764
Filter 0984 | 0988 | 0980 | 0986 | 0.962 | 0.965 | 0.962 | 0.964 | 0.980 | 0.983 | 0.978 | 0.982
Geometric | 0.816 0.799 0.836 0.800 0.833 0.808 0.812 0.789 0.820 | 0.799 0.812 0.789
All 0.906 | 0.905 | 0902 | 0.902 | 0.877 | 0.870 | 0.875 | 0.872 | 0.890 | 0.885 | 0.893 | 0.887
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Loss | 8|3l 7532 24 A-457) SrlEo 2] A
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E 8. We ofvixlelx dlefe] 24 7Y ¥ A%
Table 8. Performance of Histopathology according to
Data Augmentation Techniques

e VGG Dense ResNet EffNet
= 0.79 0.83 0.84 0.83
MixUp 0.84 0.85 091 0.83
CutMix 0.87 0.90 0.94 0.94
e 0.92 0.94 0.97 0.94
71514 0.82 0.88 0.90 0.85
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