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Application of improved deep learning model in differential diagnosis of benign and malignant

breast tumors
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Abstract: Objective To improve the defects and deficiency of traditional methods in clinical pathological image detection

and to solve the problem of misjudgment made by human. Methods The data sets of breast tumor cells are from clinical date.

The data sets were enhanced two fold at first and put into the proposed model for training. Results After 100 times of

iterations, the accuracy of validation set arrives 97.44%, the test set 96.4%, and the recall rate 95.5%. They are obviously

improved compared with the same type of literature. Conclusion The improved convolutional neural network proposed in

this paper has advantages of rapid convergence and excellent generalization ability. It can identify and classify the benign and

malignant breast tumor cells effectively.
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Fig.1 Improved convolutional neural network model
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Fig.2 Breast tumor cells (a, b are benign tumors, ¢, d are malignant tumor cells)
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Tab.1 Breast tumor cell dataset before enhancement
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Tab.2 Breast tumor cell dataset after enhancement
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Tab.3 Evaluation results of similar literature networks (%)

VGG-Improve 95.50 96.40
SCHR[14] 91.25 93.01
SCHk[13] 87.25 89.87
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Tab.4 Comparison of various parameters before and after VGG-16 improvement (Best Epoch)
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Tab.5 Comparison of the accuracy between related literatures and

B, et Ak 233 H B Ak the paper
i3 4 5 AT LU HHFE A O PLIR MR 4 I . T ] | soie] | e
=) 3 N " VAT S BN
ST AR TR T SRR ACR 4] S o som con
R ARLVER A AR K4 T, IEff R e . & Lk ‘
. . . . i e 800 800 800

XFHEAT LLE Y, A SCHE 9 VGG-Tmprove 45 FHLUA 48 S

. IR . - e I i R 89.87% 93.01% 96.4%
I £ R e T 24 SO AR o R AT s .

— . = 90 R
U 921 WL e 90 N e
901 , et ] zg_ o =N I /MI /,/
X < 897 / 1N \ v
5§50 / g 86| | 3 87 /
& f g0 0 =86 /
/ 1/ 84
4 80_
60 I'/ . ‘ ‘ = \BE—Innrmlel 781 I\/'fi . . . = paper—13 83 / . ‘ . = pap 1-:
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch Epoch

a: VGG-Improve 2R MR

b: SCERC13 TR BN i 2

c: RO 1414 BN R 2

3 MREERBESERRBB KR

Fig.3 Relationship between test set accuracy and number of iterations
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