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Research on Mammograms Recognition with Improved Xception Model

LI Jintong, AN Jiancheng, WANG Yue, CAO Rui
(College of software, Taiyuan University of Technology, Taiyuan 030600, China)

Abstract: Mammography is the primary method for the early detection of breast cancer, but the results is largely limited by the
radiologist’s experience in clinical diagnosis. Based on convolutional neural network, the study on automatic classification of mammog-
raphy images can provide advice for radiologists in clinical diagnosis, however the classification task of mammography images face
with many challenges due to the fuzzy edge and small difference between benign and malignant tumors. In order to improve the accura-
cy of mammography classification, an improved optimization algorithm based on the Xception model is proposed, the residual connec-
tion modules in the model are improved, and the Squeeze and excitation (SE) attention mechanism is embedded to optimize the model.
The optimized Xception model combined with transfer learning algorithm is used to extract the features of mammography images, and
the full-connection layer network is optimized for image classification. Experiments are conducted on the open data set CBIS-DDSM,
and the mammography images are automatically divided into benign and malignant. The experimental results show that this method

can effectively improve the classification effect of the model, and the accuracy and AUC reached 97. 46 % and 99. 12% respectively.
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43258 ACC/ % Iy %4 ACC/ %
ResNet50 86. 60 90. 54
MobileNetV2 71.24 74.92
InceptionV3 88. 64 92.26
Xception 89.52 93.14
Xception-C 93.76 97. 46

3.4.4  PHEH) Xception F I SE I 73 Hr

N T IR et idE Xception 5 5Y J5 32 H B9 Xception-A |
Xception-B I Xception-C #8945 %k, 5% H T EBR 55
AT 55 1 4 T M 242 ) 2% #5581 ResNet50, MobileNetV2, In-
ceptionV3 1 Xception fEX} . b T PFAli #5421 43 25 P i
FEMFHAER T (Accuracy) . AUC {H AR 5 X LI
WHE R RTPAG . Forb . HEHR A2 1 O IE 60 1Y A A KR
A ERFEATY L, 25 AE B 38 1 R A O I A 2 A8 1 ) T 45
Rl L T HIE R AUC #w L B2 & TAEFRRE
(ROC, receiver operating characteristic) ] Zk 5 Ak #r % [l
B TAR XA T AUE R 1, 2 TR i 4 B
Z M4 KRR M — R PR HE AR . 2 AUC B 8K
WAL 43 28 RO BT 5 TR VB I ) R T 2 A AR )
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DL B LR 45 3 28 28 00 B T 485 R . VA R R I IE X AR R
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F 2 JRRT BB E Y Xception # R 7E 3| 4148 ROT &
153 AT 55 b I 25 55 56 R I Al % L A Y )11 5 S 3 179 40 288 o
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W5y 2545 . AT LA H MobileNet V2 451 i) i i 2 e Ik, X
A 749200 HZBIIAE R iR R, SRR g >
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ML . Xeeption-A RIS B M HERG Ky 95. 1300, LR
Xception B[ 43 S fEf R 8 w5 10 200, IEWIAS B ST 4R
A BRE Xceeption A5 B 14 5% 22 3% B B 5 VA B A B0PE . X
J5 AR R 22 JE HRE AL 1 SR A 25 K O 2 i de Rl AR )2 Al
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2. HRCR IR 2 T — UORFE R B, Ok B Uk — 2 E R
FREAF BRI, TN s AR B () REAE 42 M B8 ) . Xception-B
BT (1) 43 S WA 2% Ll ok HE IR R R 5 T 2. 7300, RIIA
ST BRAETRBE T 3 B 5 BUS #R A SE T2 7 AL J7 5 i Wl A7
P, R AEES T EENEERE, REEEWN
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o TR L 3 R Y R 0 D7 3 (RIS AE Xceeption
BT DU SR R o R A HER R, e T 2t R Y Xeep-
tion-C 1 TR0 7 7Lk B B P50 RS 1 00 2R AT 55 AT S 4 PR R
BIAE ST . i H 5 e dE f A Xception BEHIMI e, R0 T 4>
SRR . MER R R 4. 3200, KUK SE R A
Xception YR JE 1T 53 85 45 B2 A0l alt 4% 22 3 B B U
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2 Pk Xception K7 5 il B TR S 06 45 2R 1 LA
B ACC/ % AUC/ % SRR
ResNet50 90. 54 94,41 25 953 665
MobileNetV2 74.92 80.47 3 837 505
InceptionV3 92. 26 95. 86 24 168 737
Xception 93. 14 98. 44 23 227 433
Xception-A 95.13 98. 54 23 369 115
Xception-B 95. 87 98. 87 24 278 313
Xception-C 97. 46 99.12 24 875 297
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EEiE 88.2
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