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Abstract

Recently, deep learning technology is widely used in various computer vision applications, such as object recognition, classification,
and image generation. In particular, the deep learning-based super-resolution has been gaining significant performance improvement.
Fast super-resolution convolutional neural network (FSRCNN) is a well-known model as a deep learning-based super-resolution
algorithm that output image is generated by a deconvolutional layer. In this paper, we propose an FPGA-based convolutional neural
networks accelerator that considers parallel computing efficiency. In addition, the proposed method proposes Optimal-FSRCNN, which
is modified the structure of FSRCNN. The number of multipliers is compressed by 3.47 times compared to FSRCNN. Moreover,
PSNR has similar performance to FSRCNN. We developed a real-time image processing technology that implements on FPGA.
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F 1. Optimal-FSRCNN2| X
Table 1. Optimal-FSRCNN Structure

) #Input #Output
Layer Type Kernel Size Feature Maps Feature Maps
1 Convolutional 33 1 23
Layer
9 Convolutional 11 23 12
Layer
3 Convolutional 3x3 12 12
Layer
4 Convolutional 33 12 12
Layer
5 Convolutional 1x1 12 23
Layer_
6 Deconvolutional 3x3 23 1
Layer
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Table 2. Comparison of the Optimal-FSRCNN Performance

Test Bicubic Ours
Dataset FSRCNN [8] Interpolation  (Optimal-FSRCNN)
Set5 36.94 33.64 36.52
Set14 32.51 30.02 32.29
BSDS100 31.50 29.57 31.22
Urban100 29.85 26.87 29.25
Manga109 35.56 30.84 35.35
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Resource Utilization
LUT 106,796
FF 277,264
BRAM 208
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