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Tumor Recognition Method Based on Domain Adaptive Algorithm

TIAN Tian-yi and SUN Fu-ming

School of Information and Communication Engineering, Dalian Minzu University, Dalian, Liaoning 116600, China

Abstract It is extremely important to focus on human life and health and to conduct regular cancer screening. A tumor recogni-
tion model based on domain adaptive algorithm is proposed to solve the problem of small number of tumor image data sets and
some unlabeled ones. The structure of the backbone network is divided into three networks,feature extractor,domain discrimina-
tor and label classifier. The feature extractor extracts the features of source domain and target domain to learn tumor features. La-
bel classifier is used to classify and output tumor images. The domain discriminator determines the source of data features. The la-
bel classifier plays a game with the domain discriminator to obtain the data distribution of the source domain and the target do-
main until the distribution of the source domain and the target domain tends to be consistent in the feature space. Then the classi-
fier can classify the data of the target domain. Experimental results on BreakHis data set show that the average accuracy of the
proposed model reaches 87. 6% , which improves by 16. 2% and 14. 1% respectively compared with the two classical domain
adaptive methods. The proposed method shows a good performance in the classification of unlabeled data sets.

Keywords Domain adaptation, Tumor recognition,Characteristics, Labels,Image classification
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Fig. 2 Tumor recognition model based on domain adaptation
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Table 1 Specific distribution of BreakHis dataset

Multiple Benign/ Maligr‘]ant/ Total/

Magnitude Magnitude frame

40X 625 1370 1995

100X 644 1437 2081

200 X 623 1390 2013

400 X 588 1232 1820
Patient Number 24 58 82
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Table 2 Classification results of tumor recognition model on

BreakHis dataset

Cpz - %)
Multiple Accuracy Precision Recall F1-score
40 X 85.3 86.7 85. 1 86.0
100X 88.8 88.7 87.3 88.2
200X 88.6 89.3 86. 4 87.6
400 X 87.8 88.6 86.3 87.8
Average 87.6 88.3 86.3 87.4
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Fig.4 Tumor image characteristics visualization
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Fig. 5 ROC curve with different multiples
OPUR AL 1 R A b
EFE BreakHis "5 100 X [ BQ S e - X 126 AR5 7 v Ay
B 2% 78 Ak TN HE B AR AL HEAT SRR L QR 6 TR .

90

80 —

70 —

60

50

—=— Train data
«— Test data

0 160 2{)0 3(;0 4;)0
Epoch
Ca) M 25 8 A o 2k
12 -

<~ Train data
«— Test data

0 T T T T
0 100 200 300 400
Epoch
() #3325 8 fl i £

6 e TR A58 T A 1] R 4R R G AR b A 4 2 A5 1 R o i o
A7 Ak £ P
Fig. 6 Loss change and accuracy curve of tumor recognition model

in training set and test set
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Fig. 7 Confusion matrix of classification results
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Table 3 Comparative experimental results

CRAT 2 5)
Method Accuracy Precision Recall F1-score
SLY 67.6 69.7 66.5 67.1
DDC 71.4 72.0 69.6 72.2
DAN 73.5 76.1 72.0 74.3
Ours 87.6 88.0 86.2 87.0
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Fig. 8 Accuracy curve of each method
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