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Abstract

To diagnose brain diseases, Magnetic Resonance Imaging(MRI) can be used to calculate the Oxygen Extraction
Fraction(OEF) in the tissue blood and various studies are being conducted. This paper proposes a method to estimate
the QQ model parameters based on brain MRI and improve the accuracy of OEF calculation using a multi-channel
DenseNet model. In this multi-channel DenseNet model, each DenseNet model is composed of a total of three layers,
including Dense Block and Transition layers as 1-dimensional layers to properly train 1-dimensional data. Also,
Individual training and verification is performed to improve accuracy by focusing feature for each data to be trained.
The proposed method was trained and verified using the brain MRI dataset of 17 patients from Cornell Medical
College and OFEF prediction was performed with an average RMSE value of 5.44.
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