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Abstract — In recent years, big data analysis has been expanded to include automatic control through reinforcement
learning as well as prediction through modeling. Research on the utilization of image data is actively carried out in var-
ious industrial fields such as chemical, manufacturing, agriculture, and bio-industry. In this paper, we applied NASNet,
which is an AutoML reinforced learning algorithm, to DeepU-Net neural network that modified U-Net to improve image
semantic segmentation performance. We used BRATS2015 MRI data for performance verification. Simulation results
show that DeepU-Net has more performance than the U-Net neural network. In order to improve the image segmenta-
tion performance, remove dropouts that are typically applied to neural networks, when the number of kernels and filters
obtained through reinforcement learning in DeepU-Net was selected as a hyperparameter of neural network. The results
show that the training accuracy is 0.5% and the verification accuracy is 0.3% better than DeepU-Net. The results of this
study can be applied to various fields such as MRI brain imaging diagnosis, thermal imaging camera abnormality diag-
nosis, Nondestructive inspection diagnosis, chemical leakage monitoring, and monitoring forest fire through CCTV.
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Fig. 1. U-Net architecture [5].
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Fig. 2. Architecture difference between U-Net and DeepU-Net.
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Fig. 4. Convert two-dimensional images to three-dimensional images.
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Fig. 5. U-Net vs. DeepU-Net Validation Accuracy (sample=10,000).
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