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An algorithm of mass segmentation in mammogram by using deep convolutional neural

network based on sliding patch
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Abstract: Objective An algorithm which includes local patch classification and breast mass segmentation in whole images
was proposed based on sliding patch by using deep convolutional neural networks (CNNs) to provide effective morphological
features for clinical diagnosis. Methods Firstly, breast region was extracted by regional growing algorithm and dilation
algorithm, and the data were normalized. In order to obtain the diagnostic information of each pixel, the images blocks of
mass patches and non-mass patches were slid and extracted in corresponding location of the original image. Based on the
texture features extracted by deep CNNs, image blocks were classified. At last, based on the prospective classification results
of the image blocks, the mass segmentation was made based on coarse-to-fine, and the pixel-level segmentation in whole
image was obtained. Results Compared with the advanced deep CNNs, the experimental results demonstrated the algorithm
achieved the best accuracy of 96.71% for patches classification under the model of DenseNet and the best Fl-score of
83.49% for image segmentation in whole mammogram image. Conclusion According to the results achieved by CNNs, the
proposed algorithm can segment mass in mammogram images with good generalization and robustness performance. And it
provides a reliable basis for subsequent computer-aided diagnosis of breast lesions.
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Fig.1 Framework of the proposed algorithm
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Fig.2 Results of breast region extraction by using the proposed algorithm
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Fig.3 Examples of mammogram, ROI annotation and the automated segmentation
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Fig.4 Results of coarse—to—fine breast mass segmentation
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Tab.1 Image patch classification performance of three networks in
CCMU- HHNU dataset (%)

G S9N FJZEAERS Fl-score MUBRME FRSrE  HERAME

64x64/pixels AlexNet 95.69 97.46 93.64 95.57
ResNet152 95.61 96.92  94.06  95.53
DenseNet40 95.86 96.41 95.17  95.77

80x80/pixels AlexNet 95.73 9724 9474  96.26

ResNet152 95.76 96.55 9548  96.66

DenseNet40 95.99 96.26  96.18  96.71
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Tab.2 The mass segmentation performance of three networks in
CCMU- HHNU dataset (%)

[SEESS IR LR Fl-score fURSIE 455k HEBITE
64x64/pixels AlexNet 83.36 81.39 9796  97.58
ResNet152 8220 7887 97.87  97.65
DenseNet40 83.49 78.57 9775  97.67
80x80/pixels AlexNet 81.90 7754 97.74 97.53

ResNet152 80.42 75.57 97.68  97.40

DenseNet40 82.23 75.04  97.58  97.67
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Fig.5 Mass segmentation results of mammogram images of different patients using different patch sizes and CNNs
Sa~d ST IRFAFR A FUR X SEHG NG . BRAARIE LT EFR, UGHURGTH 64x64 , k€5, 5 ARFLL 65353 AlexNet . DenseNet40
H1ResNet152 A4 e o5 25 3 5 G H R SE A 80x80 , Whgk A | 1 €4 F1 B €243 7| {0 2% AlexNet, DenseNet40 fil ResNet152 A4 b b 731 2%

3 Wik54iL

ARt — P T SR A TR B B 22 M 45 7L
J A ey B o AT T B A TR A 2T Y 3
SR, BT PR  E T o S A LR X R B IR
(4 SR AR A AR AE , A A T B 13 s IR BG R 25
AP RRCR . BE A IR B TN 70 4R, 32 1 ke
FIANAIHEZL NI AR 1 G I B Gt 250 70 F124

Reo N T SENRA I R B AR TE R FLIR I AL FUGA By 3R
P IRME , A SCRHT T — RS 5 Tk 4= 5 U 2Rk
P ZAErE . fem il FE 0 1 Sk FLAAN TR I 2%
ZRAG AN [ S B R ST 1 0 RIS 4 Rk 1
ZELEBIA R . FEARK AHTFEE R XHRBUE AL
s Jeb ) DX AR A 25 S HOR B, 8 R
FUBRRAR IS Wil i O B 4R BEHOR S0FF



12 ,

X - 1519 -

[ % 30K]

[1] SIEGELR L, MILLER K D, JEMAL A. Cancer statistics, 2018[J].
CA Cancer J Clin, 2018, 68(1): 7-30.

[2] AKIN O, BRENNAN S B, DERSHAW D D, et al. Advances in on-
cologic imaging update on 5 common cancers[J]. CA Cancer J Clin,
2012, 62(6): 364-393.

[3] D'ORSIC J. ACR BI-RADS atlas: breast imaging reporting and da-
ta system; mammography, ultrasound, magnetic resonance imag-
ing, follow-up and outcome monitoring, data dictionary[ R ]. Amer-
ican College of Radiology, 2013.

[4] ¥ EARBHIREF LI & FBRBLIRES B S
LHGE(2019 1) I ], B £ &, 2019, 29(8): 609-680.
Chinese Anti-Cancer Association, Committee of Breast Cancer Society.
Clinical practice guidelines in breast cancer by Chinese Anti-Cancer
Association (2019 version)[ J ]. China Oncology, 2019, 29(8): 609-680.

[5] JIAO Z, GAO X, WANG Y, et al. A parasitic metric learning net for
breast mass classification based on mammography [J]. Pat-
tern Recognit, 2018, 75: 292-301.

[6] LIH, ZHUANG S, LI D O, et al. Benign and malignant classification
of mammogram images based on deep learning [J]. Biomed Sig-
nal Process Control, 2019, 51: 347-354.

[7] SRAFE, 9, 2235, % . A T 3D ResUnet M %649 i 25 ¥ o %
P EESFHEFEE, 2019,36(11): 1156-1161.

ZHANG Q W, CHEN M, QIN Y F, et al. Lung nodule segmentation
based on 3D ResUnet network [J]. Chinese Journal of Medical
Physics, 2019, 36(11): 1156-1161.

[8] ARAIK, 3 Fak, X A&, 5 R ABARANZ M A IS 77 T2 B
gl egm R[] FEESFHILEEE, 2018, 356): 621-627.
DENG J C, PENG Y L, LIU C C, et al. Application of deep convo-
lution neural network in radiotherapy planning image segmentation[ J |.
Chinese Journal of Medical Physics, 2018, 35(6): 621-627.

[9] DINIZJ O, DINIZ P H, VALENTE T L, et al. Detection of mass re-

gions in mammograms by bilateral analysis adapted to breast density

1]

using similarity indexes and convolutional neural networks [J].

Comput Methods Programs Biomed, 2018, 156: 191-207.

[10] LIN T'Y, DOLLAR P, GIRSHICK R, et al. Feature pyramid networks
for object detection[ C ]. IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). IEEE, 2017.

(1] 3R, 42 5 R TRAS T LR X LB G L7 s [T].
ML B A, 2018, 54(21): 13-19.

SUN L L, XU Y. Research on classification method of mammography
based on deep learning[J ]. Computer Engineering and Applications,
2018, 54(21): 13-19.

[12] LI S, DONG M, DU G, et al. Attention dense-U-net for automatic
breast mass segmentation in digital mammogram[J]. IEEE Access,
2019, 7: 59037-59047.

[13] ADAMS R, BISCHOF L. Seeded region growing[J]. IEEE Trans
Pattern Anal Mach Intell, 1994, 16(6): 641-647.

[14] HOOGI A, BEAULIEU C F, CUNHA G M, et al. Adaptive local
window for level set segmentation of CT and MRI liver lesions[J].
Med Image Anal, 2017, 37: 46-55.

[15] CHAN T F, VESE L A. Active contours without edges [J].
IEEE Trans Image Process, 2001, 10(2): 266-277.

[16] HOOGI A, SUBRAMANIAM A, VEERAPANENI R, et al. Adaptive
estimation of active contour parameters using convolutional neural
networks and texture analysis[] 1. IEEE Trans Med Imaging, 2017, 36
(3): 781-791.

[17] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks [C1//
International Conference on Neural Information Processing Systems.
Curran Associates Inc, 2012: 1097-1105.

[18] HE K, ZHANG X, REN S, et al. Deep residual learning for image
recognition[C]//IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). IEEE, 2016.

[19] HUANG G, LIU Z, MAATEN L, et al. Densely connected convolu-
tional cetworks| C J/IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). IEEE, 2017.

(% %% B E5)



