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Abstract

With the recent development of deep convolutional neural network learning, deep learning techniques applied to single image
super-resolution are showing good results. One of the existing deep learning-based super-resolution techniques is RDN(Residual
Dense Network), in which the initial feature information is transmitted to the last layer using residual dense blocks, and subsequent
layers are restored using input information of previous layers. However, if all hierarchical features are connected and learned and
a large number of residual dense blocks are stacked, despite good performance, a large number of parameters and huge
computational load are needed, so it takes a lot of time to learn a network and a slow processing speed, and it is not applicable
to a mobile system. In this paper, we use the residual dense structure, which is a continuous memory structure that reuses
previous information, and the residual dense channel attention block using the channel attention method that determines the
importance according to the feature map of the image. We propose a method that can increase the depth to obtain a large
receptive field and maintain a concise model at the same time. As a result of the experiment, the proposed network obtained
PSNR as low as 0.205dB on average at 4x magnification compared to RDN, but about 1.8 times faster processing speed, about 10
times less number of parameters and about 1.74 times less computation.
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Dong®] W Abd & AEY 725 7HA B2 Fo A T 39 Yo g o7 AAEY Utk A E4 §F
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Global Residual Leaming

T2l 1. Residual Dense Network 1%
Fig. 1. The architecture of Residual Dense Network

Local Residual Learning

T2l 2. Residual Dense Block 1%
Fig. 2. The architecture of Residual Dense Block
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Table 1. Comparison of the number of RDB parameters according to
the number of input/output channels

|npUt(’;lnl;ane£)l?t‘;)ut(n) Number of Parameters

channels RDB - Residual Dense Block
64—64 36,864
128—64 73728
19264 110,592
256—64 147,456
32064 184,320
384—64 221,184
448—64 258,048
51264 204,912

Total 1,327,104
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Gold 6240R 2.40GHz CPUS} RTX 3090 GPU 24GE AM-
Skt

, ¥ 32 ZHIAE AlS o] 83t 7]E U EYA
=% xﬂo}ﬂ HEAF Ao tf #2H]|(Peak signal to
noise, PSNR), 3% -f-AHE(Structural Similarity, SSIM)
2z HEL A et o] o Aibgs Blag %0

Ho] RDN2 Al 93k 7]&] WHERT o =
2 45 TESY RDNF WSS w 3 2004 Ho]
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F 2. HAE Alof CHet HcH A of &34, 72X RALZ Hln
Table 2. Comparison of PSNR, SSIM for the test set

Set5!™3 Set141™ BSD100!"% Urban100!'®
Model scale

(PSNR,SSIM) (PSNR,SSIM) (PSNR,SSIM) (PSNR,SSIM)
x2 36.66 / 0.9542 32.45 / 0.9067 31.36 / 0.8435 29.51 / 0.8405
SRCNN x3 32.75 / 0.9090 29.29 / 0.8215 28.41 / 0.7863 26.24 1 0.7991
x4 30.48 / 0.8628 27.50 / 0.7513 26.90 / 0.7103 24.52 | 0.7226
x2 37.53 / 0.9587 33.05 / 0.9127 31.90 / 0.8960 30.77 / 0.9141
VDSR x3 33.66 / 0.9213 29.78 / 0.8318 28.83 / 0.7976 27.14 / 0.8279
x4 31.35 / 0.8838 28.02 / 0.7678 27.29 / 0.7252 25.18 / 0.7525
x2 37.63 / 0.9591 32.23 / 0.9136 32.05 / 0.8973 31.23/0.9188
DRRN x3 34.03 / 0.9244 29.60 / 0.8349 28.95 / 0.8004 27.53 / 0.8377
x4 31.68 / 0.8888 28.21 / 0.7720 27.38 / 0.7284 25.44 | 0.7638

x2 - - - -

SRDenseNet x3 - - - -
x4 32.02 / 0.8934 28.50 / 0.7782 27.53 / 0.7337 26.05 / 0.7819
x2 38.24 / 0.9614 34.01 / 0.9212 32.34 / 0.9017 32.89 / 0.9353
RDN x3 34.71 / 0.9296 30.57 / 0.8468 29.26 / 0.8093 28.80 / 0.8653
x4 32.47 / 0.8990 28.81 / 0.7871 27.72 1 0.7419 26.61 / 0.8028
x2 37.76 / 0.9590 33.52 / 0.9166 32.09 / 0.8978 31.92 / 0.9256
CARN x3 34.29 / 0.9255 30.29 / 0.8407 29.06 / 0.8034 28.06 / 0.8493
x4 32.13 / 0.8937 28.60 / 0.7806 27.58 / 0.7349 26.07 / 0.7837
x2 37.53 / 0.9583 33.26 / 0.9141 31.92 / 0.8960 31.23/0.9193
CARN-M x3 33.99 / 0.9236 30.08 / 0.8367 28.91 / 0.8000 27.55 / 0.8385
x4 31.92 / 0.8903 28.42 / 0.7762 27.44 | 0.7304 25.62 / 0.7694
x2 38.05 / 0.9610 33.61/0.9179 32.23 / 0.9005 32.18 / 0.9284
OURS x3 34.51 / 0.9278 30.40 / 0.8438 29.15 / 0.8067 28.26 / 0.8544
x4 32.32 / 0.8951 28.66 / 0.7837 27.63 / 0.7382 26.18 / 0.7888

E 3. 2t YET0| metn|e £9 oIARE H|m

o

Table 3. Comparison of the number of parameters and the computational complexity of each network

x4 SRCNN VDSR DRRN  |SRDenseNet RDN CARN CARN-M OURS
Parameter 0.057M 0.66M 0.29M 5M 22M 1.5M 0.4M 2.1M
Multi-Adds 52.7G 612.6G 6,796.9G 389.9G 1,309G 90.9G 32.5G 750G
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Fig. 5. Comparison of the number of parameters of the existing net-
works and the proposed network
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Table 5. Comparison of number of parameters, processing time, and performance according to the number of recursive blocks and the number
of recursion

Urban100, x4 RB1,RDB1 RB2,RDB1 RB2,RDB2 RB3,RDB1 RB1,RDB3 RB1,RDB6 RB1,RDB9
Parameter 2,079,015 3,489,739 3,497,931 4,900,463 2,087,207 2,099,495 2,111,783
Processing Time(sec) 0.0048 0.0117 0.0199 0.0236 0.0081 0.0131 0.0195
PSNR(dB) 25.60 26.08 26.22 26.26 25.97 26.14 26.18
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Fig. 6. Comparison of existing networks and proposed networks at scaling factor r=2
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Fig. 7. Comparison of existing networks and proposed networks at scaling factor r=3
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Fig. 8. Comparison of existing networks and proposed networks at scaling factor r=4
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