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Review of transfer learning in medical image classification

Li Ying, Song Peihua”

Guangxi Key Laboratory of Human-machine Interaction and Intelligent Decision, Nanning Normal University, Nanning 530001, China

Abstract; Medical image classification is a key element of medical image analysis. The method of medical image classifica-
tion has been evolving in deep learning and transfer learning. A large number of important literatures of medical image clas-
sification are analyzed based on transfer learning. As a result, three transfer learning strategies and five modes of medical
image classifying are summarized. The transfer learning modes are constructed based on general characteristics which
extracted from designed transfer learning processes theoretically. The relevance of the transfer learning strategies and the
modes is illustrated as well. These transfer strategies and modes illustrated the application of transfer learning in this field
from a higher level of abstraction. The applications, advantages, limitations of these transfer learning strategies and modes
are analyzed. The transfer learning in the context of medical image feature extraction and classification is the model-based
transfer learning. Most of the migrated models are deep convolution neural network (DCNN) . High classifying efficiency
is obtained due to ImageNet (a large public image database) training results. To migrate model from the source domain to

the target domain, the model needs to be adapted to the tasks of the targeted domain. From the important literature of medi-
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cal image classification, three transfer model adaptive strategies were sorted out. They are structure fit, parameter option
and migrated model based features extraction. The strategies of fitted structure are to modify the structure of the migrated
model. Layers can be deleted or added as needed. These layers can be as convolution layer, full connection layer, feature
smoothing layer, feature extracting layer, and batch normalizing layer, respectively. The optional strategies of parameter are
to re-train the migrated model to adjust the model parameters via using the target domain data. Both the parameters of con-
volution layer and the parameters of full connection layer can be fitted. The migrated-model-based strategy of features
extraction is only used for feature extraction. Image features can be extracted from the convolution layer and the full connec-
tion layer. Five transfer learning modes were sorted out based on the literature of medical image classification. They are the
DCNN mode, the hybrid mode, the mode of fused feature and classification. The mode of multi-classifier fusing and the
mode of transferring are conducted two times all. For instance, the fitting strategies of structure and parameters of convolu-
tion layer are used in the DCNN mode to get more accurate features. The transfer learning modes can basically cover all
kinds of transfer learning processes in medical image classification researches. The DCNN mode is to use a DCNN to com-
plete image feature extraction and classification. The hybrid model is composed of a DCNN and a traditional classifier. The
former is used for feature extracting and the latter is used for classifying. It has the advantage of DCNN feature extraction
and advantage of traditional classified classifier. The mode of integrated feature and classification is composed of feature
extraction methods and a classifier. Feature extracting methods can be a DCNN or manual features. The mode of multi-clas-
sifier fusing is composed of multiple classifiers. The final classifying result is obtained based on multiple classified integra-
ting results. The integrating result is more reliable than the result from single classifier mode (i. e. , the DCNN mode and
the hybrid mode). In the twice mode of transferring, the initial model is trained in the source domain, then it is migrated
to the temporary targeted domain to be trained for the second time, and finally it is migrated to the final targeted domain to
be trained for the third time. Compared to first transfer, this mode priority is that the triple migrated model accumulates
more knowledge of training. The transfer-learning based issues and of medical image classification potentials are illustrated
as below: 1) It is difficult to pick an efficient transfer learning algorithm. Due to the diversity and complexity of medical
images, the generalization capability of transfer learning algorithm is to be strengthened. Manual option for a specific image
classifying task is often based on continuous high computational cost tests. A low cost automatic transfer learning algorithm
is a challenging issue. 2) The modification of transfer model and the setting of mega parameters are lack of theoretical
mechanism. The structure and parameters of the migrated model can only be modified through the existing experiences and
continuous experiments, and the setting of mega parameters is not different, which lead to the low efficiency of transfer
learning. 3) It is challenged to classify rare disease images due to pathological image data samples of rare diseases. The
antagonistic transfer learning can generate and enhance target domain data. The heterogeneous transfer learning yield to
transfer the knowledge of different modalities or the source domain to target domain. Therefore, the two methods of transfer
learning can be further developed in image classification of rare diseases.

Key words: medical images; image classification; transfer learning; transfer learning strategies; transfer learning mode
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Fig.1 Classification of transfer learning
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