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Abstract

In the study of medical imaging aided diagnosis, researchers often collect a lot of training data coming from different
hospitals (named variety fields). But because of the certain field has insufficient training data, the deep learning model
would get very poor performance on the test data of this field. To mitigate this problem, a method to study domain
adaptation of the difference between male and female brain images based on the generative adversarial network was
proposed. The data distribution of different domains was learned and the key features were extracted by using the
generative adversarial network, and then the differences between male and female brain images in different domains were
studied based on the extracted key features. Experiments show that the method can also achieve more than 80% recognition

accuracy in the domain with only a small amount of data involved in training.
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Abstract

The effective processing and deep mining analysis of data can provide manufacturers with more effective production
scheduling, equipment management and other strategies to affect production yield and efficiency. The processing methods
and technologies of multi-source heterogeneous data in the manufacturing process were systematically reviewed. Firstly,
the multi-source heterogeneous data content and classification in the manufacturing process was clarified. Secondly, the
data processing methods and techniques applied in various stages of data collection, data integration and data analysis
in the multi-source heterogeneous data processing were described. And the advantages and disadvantages of various
techniques and their applications were analyzed. Finally, the multi-source heterogeneous data processing methods and

techniques in the manufacturing process were summarized. And the challenges and development trends were pointed out.
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