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Abstract

Image deblurring aims to remove image blur, which can be generated while shooting the pictures by the movement of objects,
camera shake, blurring of focus, and so forth. With the rise in popularity of smartphones, it is common to carry portable digital
cameras daily, so image deblurring techniques have become more significant recently. Originally, image deblurring techniques have
been studied using traditional optimization techniques. Then with the recent attention on deep learning, deblurring methods based
on convolutional neural networks have been actively proposed. However, most of them have been developed while focusing on
better performance. Therefore, it is not easy to use in real situations due to the speed of their algorithms. To tackle this problem,
we propose a novel deep learning-based deblurring algorithm that can be operated in real-time on HD resolution. In addition, we
improved the training and inference process and could increase the performance of our model without any significant effect on the
speed and the speed without any significant effect on the performance. As a result, our algorithm achieves real-time performance
by processing 33.74 frames per second at 1280x720 resolution. Furthermore, it shows excellent performance compared to its speed
with a PSNR of 29.78 and SSIM of 0.9287 with the GoPro dataset.

Keyword : Deblurring, Real-time, HD resolution, Deep-learning, Neural Network
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Fig. 1. The overall structure of the proposed deblurring network. Each green block represents a convolutional layer, and each blue block represents
a combination of convolutional layer and pixel shuffle.
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Table 1. Experimental results when each method is excluded one by
one from the neural network structure design process or replaced with
another method. "MSFA" stands for the multi-scale feature set, and
"global skip" stands for global skip connection.

MSFA | global skip Up-sampling PSNR| SSIM
Ours 1 (0} o pixel shuffle 29.79 | 0.9287
Ours 2| X (0} pixel shuffle 29.74 | 0.9281
Ours 3| X X pixel shuffle 29.66 | 0.9274
Ours 4| X X transposed convolution | 29.50 | 0.9253
Ours 5| X X bilinear interpolation | 29.44 | 0.9244
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Table 2. Experimental results when each method is excluded one by
one in the neural network learning process or replaced with another
method. "Warm-up" stands for warm-up training, "cos" stands for co-

sine learning rate decay strategy, and "L1" stands for L1 loss function.

=1 cos L1 PSNR SSIM

Ours o] o] o] 29.79 0.9287

Ours X o] o] 29.74 0.9278

Ours X X o] 29.57 0.9257

Ours X X X 29.38 0.9219
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Table 3. Deblurring performance and FPS when 32-bit floating-point
and 16-bit floating-point are used as basic data types in the neural
network inference process

PSNR SSIM FPS
Ours (FP32) 29.79 0.9287 21.68
Ours (FP16) 29.79 0.9287 33.74
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Table 4. Performance comparison with other previous deblurring
methods

PSNR SSIM FPS
Kim and Lee® 23.64 0.8239 0.0008
Sun et al® 24.64 0.8429 0.0003
Nah et al® 30.40 0.9018 4.96
STRCNN® 28.74 0.8465 4.10
SRN! 30.10 0.9323 1.32
IFIRNN(c2h3)®! 29.97 0.8859 3.23
DMPHN(1-2)"! 29.77 0.9286 24.21
ESTRNN(B9C80) 30.79 0.9016 4.82
Ours 29.79 0.9287 33.74
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