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Abstract: We propose inverse Tone Mapping Operators (iTMOs) that generate High Dynamic Range (HDR) image from an
Standard Dynamic Range (SDR) image using Deep Neural Networks (DNN). Recently, high precision iTMOs are required with
the progress of imaging and display devices. Inspired by the recent success of deep learning in a variety of fields, we propose a
deep learning based method and show efficiency of our method by PSNR.
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Figure 1 Overview of our proposed method.
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Table 1 Results of mean PSNR.

Pattern Mean PSNR
A 35.64
B 31.71
C 24.13
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Figure 2 Experimental results (top row: SDR images, middle
row: estimated HDR images, and bottom row: Ground truth

images)
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