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This research proposes an automatic region of interest (ROI) detection architecture with a deep neural network for
predicting the learners’ ROI from the lecture archives to generate content to fit smaller screens like smart devices.
To achieve this goal, we applied an Encoder-Decoder architecture that combines U-Net and Resnet with lecturer’s
action features as input to build a deep neural network model for predicting ROI. Through the experiment, the
agreement between the ROI labels and the predicted regions was evaluated by Dice loss using and improved from

0.9 in a single image as a baseline to 0.4 in Openpose and temporal features.
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