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Abstract Existing deep learning methods only use deep layer features for recognizing cancer and ignore the spatial
information stored in the output of the surface network, yielding unsatisfactory recognition accuracy. To further
promote clinical applications and aid doctors improve the consistency and efficiency of breast cancer pathological
diagnosis, an improved Inception-v3 image classification optimization algorithm is proposed. This algorithm
optimizes the network model through model improvement and transfer learning. Breast cancer was classified based
on the pathological images of a large open database. The improved model of the proposed algorithm is superior to
the traditional deep learning method, with an accuracy rate of 96 %, which effectively improves the performance of
the deep learning model for breast cancer diagnosis. Moreover, the proposed algorithm lays a theoretical and
practical foundation for further clinical applications.
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Fig. 2 Architecture of convolutional neural network
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Fig. 3 Architecture of model and internal structure. (a) Architecture of improved model; (b) architecture of Pre-treatment

module; (c¢) architecture of Inception module
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Fig. 4 Overall strategy of experiment. (a) Process of training; (b) process of testing

0817001-4



£58% F8H/2021 F£4 A/MAENRBFFIHER

4.2 SLWIFE

A 528 3 F Ubuntul6.04 FR 48, X H
TensorFlow T B 2% > HE 58 52 90 2L i 98 s 31 2 19 &1
B 25K, R 8 #% 3. 6GHz iy CPU,16GB P
17,GPU GTX1080, 52K 1% 75 4 Python.,
4.3 HIEFABEMSEEE

T3k B A A o 3 R A S ROR R R 4% A
BAEAT IR . 9 R 0 265 10 1 R Ji A A% 2 e Ak 2 4
(batch_size) .2% 2 K (learning_rate) 55 & I X} 455 101
AT IR . IR 2% 2] TP 1) Inception-v3 A% Y 5]
A B R o B e AR o R R I b, ik
Softmax FREAE N 41 2k 28 %%, i i3 Inception-v3 &
A 25 S5 R L 25— LE X 25 I ZREL T X 48 AT 1B
TE s DT 25 b — T 3 45 9 B2 LIRS A

1) A A & R A =X 8

LY RN i SO T 2 — TP 455 Y A 45 ) EE
BFEAR R =R s AR G R AT 2, S
BaRmME 1 PR,

F 1 OARTE EGT TR WSt H]
Table 1 Convergence time of model under different the

image sizes

Picture size Convergence times /min

299 pixel X299 pixel 967
512 pixel X512 pixel 713
700 pixel X 700 pixel 1219

M1 n A5, 2k & R R/l 512 pixel X
512 pixel W, B AU 3K B g S5 T 75 I 18] e A0, 3% K/
AT B TR 5 AR B 2 3 B, AR A B Dy 5 B I
W R A2 A5 28 B Sy s 32 RS 43 28 ) i A A% =X,

2) batch_size BYE#E

batch_size [ UK W 75 2875 185 LA A7 AN
GPU W A7 G IR B SE e A i K A R R
X TR U 2R 7 55, W SR AR A O i Y
batch_size . e H B N A7 i 518 00 . i o SE 56t
W, Y E Y batch_size i 200,

3)learning rate HYEHE

learning_rate ¥R B 27 > th B 210 S 40, e
TE A H b5 R ERE 75 W SR JRy B /M B A I Wi S5 3
f/ME . B R A S R BERS I B AR R B 3 Y I
[F) P ST SR R v e /NEL . AR () Y Y 2% 454 L o)
S HL 0.1,0.01,0.001 By learning_rate #F1TII %,
LHERME 2 PR,

2 2 learning rate X i B9 IR 45 S
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Fig. 5 Loss change during training iterative process
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Table 3 Convergence time of different models

Model Convergence times/min
LeNet 1346
AlexNet 1120
VGG-16 1219
GoogleNet 927
Proposed model 713
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Table 4 Performance of the different models

Model Sensitivity /% Specificity /% Accuracy /%
LeNet 76.32 77.83 74.57
AlexNet 89.23 91.22 90. 10
VGG-16 93.15 96.17 93.21
GoogleNet 96. 1 93.1 95.19
Proposed model 96. 13 98. 47 96. 12
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