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Type of neural network

Regression



DNN (Dropout)
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» \arious neural network architectures.

« To improve the generalization ability of DNN.
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DNN (Deep neural network)
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DNN (Parameters)
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SSIM (Structural similarity index)
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Results (Dropout)
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» Using the dropout technique, The
generalization ability of DNN has
improved.
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Results (Hidden layers, Batch sizes) =
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* The number of hidden layers and the performance of the * The batch sizes and the performance of the DNN are

DNN are independent of each other. independent of each other.
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Results (Hidden nodes, Learning ratesf

Batch Hidden layer Hidden node Learning rate
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The number of hidden nodes and the performance of DNN
are related to each other.
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Batch  Hidden layer Hidden node Learning rate
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* The learning rates and the performance of DNN are
related to each other.
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Discussion
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Due to different subtraction algorithm,
SSIM performance is poor between the
reference image(DEI) and the DNN image.



Conclusion
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Ny and Sy, Ny, and the learning rate

The best parameters of the DNN investigated in this study were: Ny,; = 3~5, N, = 50~200, S,,=
15~20, the learning rate = 1072 ~ 1073

The study with original-sized radiographs will be a future study.

We will study subtraction algorithms for quantitative evaluation.
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