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Up-Down Sampling Architecture

Ingu Kim®, Songhyun Yu?, and Jechang Jeong™*

Q ot
A2 9Y 9 ZAgE] 2 $H F A4UL 58 GueiFo] Bo] APHAL. BFsE Weld /W AT /MBS
MEQIS Fure] AYES JUEY e FEE K oldF FRE ANPEAN TAYES @ e 9L ) B A
g 25 22 FULIA MALH TEE ML B =RAE B84 ne 459 F25 N0E o AY 9F
ol g BEE o83 B 94 ZAE /WS Akt AUE F1ES ANPES DAY Y NE ERHOE o
Zale] w2 Fuigold 129 LnEel el A 0.14dB A% P4 ANY FHY AL NiF

Abstract

Recently, many deep convolutional neural networks for image super-resolution have been studied. Existing deep learning-based
super-resolution algorithms are architecture that up-samples the resolution at the end of the network. The post-upsampling
architecture has an inefficient structure at large scaling factor result of predicting a lot of information for mapping from
low-resolution to high-resolution at once. In this paper, we propose a single image super-resolution using Channel Attention
Residual Dense Block based on an iterative up-down sampling architecture. The proposed algorithm efficiently predicts the
mapping relationship between low-resolution and high-resolution, and shows up to 0.14dB performance improvement and enhanced
subjective image quality compared to the existing algorithm at large scaling factor result.
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gga7] glal Ad AF 1ES AT AL FS 4 719 A (patch) BIE W] Shgol] AT EE ¥
E4 gnitt T2k o do|E s FIstr] S8 A 29 33 vbds 23 dioly 27 WY (data aug-
o 3t £ (global average pooling), AZLEOIE (sig- mentation) 2 AHE-SHITE AHES A7) 93] B AEA
moid) S AH&-5HTh. 02 Sets!"™, Set14!"”), B100™”, Urban100*"& A}-&-3}¢]
H 3 B2 S Sheith gl ui &2 2w, 3ul, 4miE A
3. = st Gae ARske eI 25 B 9 0%, 0%,
180%, 270% 3]st A2 87| A3 94S Huslst
A% 29N A e T H*J EAES 98 E 2] PAE (self ensemble) 71W< 315t PSNR
AEE st 3x3 Y F& F3 RGB PO HAgit) Z7 A1 L1 loss7F L2 lossEt} 7 B4 o £ 3¢
A5S BAT &4 g4 Ll lossE AHEATH
Hw v 4 9 270, Dong 59 SRCNNE,
v, AlE Za Kim %] VDSR, Haris 52| DBPNY, Lim 5-¢] EDSR"
o2, F 5/ 71E GaEEH Btk A3 93]
AR dielEE AP sl yadE Gt ol A5E vlasty] sl A A% ol 5 Bl (PSNR: peak
Aoal= ABAE GAre] EA ) o) St} S5 93 ) signal-to-noise ratio)?} %% A (SSIM: structural
o[ElA S E DIV2K 800737 Flicki2K 26507¢-& AH&8I3 similarity)s ARSIt & 124 5 29] “= A7) s
E 1. AlE HlO|EAlof CHEH ZoH A1S Cf Z2H| (dB)
Table 1. The PSNR of test dataset
Dataset Scale | Bicubic | SRCNN® | VDSR® | DBPNF | DBPN+® | EDSR¥ | EDSR+" | Proposed |Proposed+
X2 33.69 36.72 37.53 38.09 38.15 38.11 38.19 38.12 38.18
Sets!"d X3 30.41 32.78 33.67 - - 34.65 34.71 34.68 34.76
x4 28.43 30.50 31.35 3247 32.52 32.46 32.52 32.61 32.67
x2 30.25 32.51 33.05 33.85 33.95 33.92 33.97 33.86 33.92
Set141" X3 27.55 29.32 29.78 - - 30.52 30.57 30.56 30.63
x4 26.01 27.52 28.02 28.82 28.87 28.80 28.87 28.89 28.97
X2 29.57 29.57 31.90 3227 32.33 32.32 32.35 32.29 32.34
B100'2 X3 27.22 27.22 28.83 - - 29.25 29.29 29.28 29.32
x4 25.97 25.97 27.29 27.72 27.76 27.71 27.76 27.77 27.82
x2 26.89 26.89 30.77 32.55 32.69 32.93 33.06 32.60 32.80
Urban1002" | 3 24.47 24.47 27.14 - - 28.80 28.94 28.84 29.00
X 4 23.15 23.15 25.18 26.38 26.55 26.64 26.77 26.77 26.94
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Table 2. The SSIM of test dataset
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Dataset Scale Bicubic | SRCNNF! | VDSR® DBPN® | DBPN+® | EDSR“ | EDSR+" | Proposed | Proposed+
X2 0.9312 0.9552 0.9590 0.9600 0.9629 0.9602 0.9628 0.9622 0.9625
Set5!®! X3 0.8687 0.9091 0.9213 - - 0.9280 0.9315 0.9313 0.9319
x4 0.8106 0.8627 0.8838 0.8980 0.9012 0.8968 0.9013 0.9014 0.9022
X2 0.8698 0.9083 0.9124 0.9190 0.9233 0.9195 0.9236 0.9221 0.9226
Set14!"9 X3 0.7747 0.8229 0.8314 - - 0.8462 0.8501 0.8503 0.8516
X4 0.7044 0.7534 0.7679 0.7860 0.7936 0.7876 0.7932 0.7940 0.7955
x2 0.8435 0.8889 0.8960 0.9000 0.9047 0.9013 0.9048 0.9040 0.9044
B1002 X3 0.7412 0.7878 0.7990 - - 0.8093 0.8150 0.8154 0.8161
X4 0.6701 0.7122 0.7261 0.7400 0.7491 0.7420 0.7501 0.7510 0.7519
x2 0.8413 0.8960 0.9140 0.9324 0.9347 0.9351 0.9360 0.9335 0.9347
Urban1002" X3 0.7369 0.8011 0.8290 - - 0.8653 0.8685 0.8678 0.8697
X4 0.6601 0.7254 0.7540 0.7946 0.8007 0.8033 0.8094 0.8098 0.8126
3. oj2tdlE &, AdAlZH)| e ds Hln
Table 3. Performance comparison of number of parameters, running time
5] 4] Proposed Proposed Proposed Proposed
DBPN EDSR (growth rate=16) stage4 stage7 stage10
Parameter 10M 43M 13M M 17M 25M
Running
time (sec) 0.194 1.218 0.872 0.101 0.582 0.872
PSNR (dB) 26.38 26.64 26.59 26.52 26.73 26.77
(self ensemble)e 283 A¥4E vehdich Fhe A3E 3290 109 ARk A ko) vlashH oF 2uf 7
® 13 ¥ 2% 7 A dolelel t@ 71E RYET =9 4L geuEE AT 2 A9 AL A
AQrsle= B Ak st rF AdE vwgt) 71 0.18dBRHE A FAE gtk Aol AHEE AR
71 e vl g A3, x49] S wj&olM o) 0.14dB B =9 3742 GTX 1080Ti GPUSt Intel i5-6600K
PaE ARE HolFEn A7) PFEL A4 AP CPUZ AHSIITE
20 0.17dBHE FAE AAE ) & 4% AE 7ol AEE A Q53 e} Bz 8
F 32 Aljtshe B o] -tk A& ] vHE Sl 9 AR o Fel WE s HIXE YR Sets A9
AE e S gtk 24 HAlE 4 E 328 7 G HelHA R B H BE 7HS A8 E 2 7Y
2 AR R 7 G-tk AEY BES she] BoE & AHEEHA okE wET E 5SS HoE
atod 4w, 74, 109 AR sArh
Urban100 A1E JA+ dlo]EAl 2] 256256 34 =2] < E 4. 7S UET MY MR} S5 AR OHE ds Hlw

Table 4. Performance comparison by using channel attention and
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