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ABSTRACT

, Kwanghoon Sohn

FHEEE

We present a novel deep learning architecture for obtaining a latent image from a single blurry image,
which contains dynamic motion blurs through object/camera movements. The proposed architecture
consists of two sub—modules: blur image restoration and optical flow estimation. The tasks are highly
related in that object/camera movements make cause blurry artifacts, whereas they are estimated through

optical flow. The ablation study demonstrates that training multi-task architecture simultaneously

improves both tasks compared to handling them separately. Objective and subjective evaluations show
that our method outperforms the state-of-the-arts deep learning based techniques.
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Fig. 1. (a) Blurry images generated by (3), (b) Ground truth sharp images.
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Fig. 2. The overall framework of the proposed multi—task architecture for simultaneous deblurring and optical flow
estimation.
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Fig. 3. (a) Blurry image, (b) Ground—truth for deblurring, and (c¢) Ground—truth for optical flow estimation.
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Fig. 4. Experimental results for ablation study: (a) Blurry image, (b) optical flow without deblurring netowork, (c)
deblurry image without flow estimation network, (d) ground—truth shparp image, (e) optical flow via our mul—

ti—task, and (f) deblurry image via our multi—task.
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Fig. 5. Visual comparison on dynamic blurry image. (a) Blurry image, (b) ground—truth, (¢) Sun 5[17], (d) Nah &[14],

(e) DeblurGAN [15], and (f) Ours.

Table 2. Quantitative deblurring comparison on the GoPro dataset [14]

Measure Sun &[17] Nah %&[14] DeblurGAN [15] Ours

PSNR 24.6 28.7 30.1

SSIM 0.842 0.958 0.969
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