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Application of convolutional neural networks in image super-resolution

TIAN Chunwei'?, SONG Mingjian®’, ZUO Wangmeng', DU Bo",
ZHANG Yanning™, ZHANG Shichao®

(1. Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China; 2. National Engineering Laboratory for Big Data
Application Technology of Integrated Space, Air, Ground, and Sea, Xi’an 710192, China; 3. School of Software, Northwestern Poly-
technical University, Xi’an 710072, China; 4. School of Computer Science, Wuhan University, Wuhan 430072, China; 5. School of
Computer Science, Northwestern Polytechnical University, Xi’an 710072, China; 6. School of Computer Science and Engineering,
Guangxi Normal University, Guilin 541004, China)

Abstract: Known for their strong learning abilities, convolutional neural networks (CNNs) have become mainstream
methods for image super-resolution. However, substantial differences exist among deep learning methods of various
types, and there is limited literature to summarize the relations and differences of different methods in image super-res-
olution. Thus, it is important to summarize such studies according to the loading capacity and the execution speed of
devices. This paper first introduces the principles of CNNs in image super-resolution and then introduces CNN-based
bicubic interpolation, nearest neighbor interpolation, bilinear interpolation, transposed convolution, subpixel layering,
and meta-upsampling for image super-resolution to analyze the differences and relations of different CNN-based inter-
polations and modules. The performance of these methods is compared through experiments. Finally, this paper presents
potential research points and drawbacks and summarizes the whole paper to promote the development of CNNs in im-
age super-resolution.

Keywords: deep learning; convolutional neural networks; image reconstruction; image processing; image restoration;

image resolution; neural networks; low-level vision
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Table 1 Image super-resolution methods using convolutional neural networks based on bicubic interpolation
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Table 2 Blind image super-resolution methods using convolutional neural networks based on bicubic interpolation
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Table 3 Image super-resolution methods using convolutional neural networks based on nearest neighbor interpolation
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Table 4 Blind image super-resolution methods using convolutional neural networks based on nearest neighbor interpolation
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Table 5 Image super-resolution methods using convolutional neural networks based on bilinear interpolation
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Table 6 Blind image super-resolution methods using convolutional neural networks based on bilinear interpolation
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Fig. 10 Classification structure of modular convolutional neural network methods for image super-resolution
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Table 7 Image single super-resolution methods using convolutional neural networks based on transposed convolution
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Jia%F  MA-GANUY - 20224F R BE 23 TE RO 4
Chen%¥ MFENUS 20244 EHRHESHE ST Z RIS 28 1 L G0R  HER  FRph 22 k 2%
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Table 8 Blind image super-resolution methods using convolutional neural networks based on transposed convolution
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Table 9 Image super-resolution methods using convolutional neural networks based on the sub-pixel layer
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Table 10 Blind image super-resolution method using convolutional neural networks based on the sub-pixel layer
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Table 11 Image super-resolution methods using convolutional neural networks based on the meta-upsampling module
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Table 12 Training and testing datasets for single image super-resolution and blind super-resolution

Jrork PGB BT 1% PlIE =€ R €IS
SRCNN!Y ImageNet Set5. Setl4
VDSRI” T91.BSD Set5. Set14, BSD100., Urban100
CMSCH T91.BSD300 Set5. Set14, BSD100. Urban100
DRCNE! T91 Set5. Set14, BSD100, Urban100
DRRNM! T91.BSD Set5. Setl4, BSD100. Urban100
MemNet?*! BSD Set5. Setl4, BSD100. Urban100
Eﬁ;ﬁ EDSR™ DIV2K Set5. Setl4, BSD100. Urban100, DIV2K
MDSRM DIV2K Set5. Set14. BSD100. Urban100, DIV2K
ProSREY DIV2K Set5. Set14, BSD100. Urban100, DIV2K
RCAN® DIV2K Set5. Set14, BSD100, Urban100, Mangal09
DCSCNH1 T91.BSD Set5. Set14, BSD100
SSF-CNNPZ Harvard CAVE, Harvard
LISTAP? T91 Set5. Set14, BSD100
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IDNB4 T91.BSD Set5. Set14, BSD100., Urban100
CFSRCNN DIV2K Set5. Set14, BSD100, Urban100, 720p
FSRCNNU# T91 . General-100 Set5. Set14, BSD100
USRNet!®! DIV2K ., Flickr2K BSD68
BT-SRN! DIV2K DIV2K
EnhanceNet!"! MSCOCO Set5. Setl4, BSD100. Urban100
ESRGAN? DIV2K, Flickr2K , OST Set5. Set14, BSD100. Urban100, PIRM
RFB-ESRGAN! DIVS8K. DIV2K, Flickr2K, OST DIVSK
PAN! DIV2K, Flickr2K Set5. Setl4, BSD100, Urban100, Mangal09
CCNet!™ SRResNet SRResNet
Blind ESRGAN(® DIV2K, Flickr2K, WED ., FFHQ DIV2K4D, RealSRSet
MANEet"™ DIV2K Set5. Set14, BSD100, Urban100
MC-SRCNNV# T91 Set5. Setl4
m-SRCNN! Nico-illust Nico-illust
FEQEX” DIV2K Set5. Set14, BSD100, Urban100
PRLSRE! DIV2K Set5. Set14, BSD100. Urban100
SCNH#4 T91 Set12, BSD64 ., Urban100
DefRCNFZ DIV2K Set5. Set14, BSD100, Urban100
CTU®! UCID UCID
RED-NETM BSD BSD200
LapSRNP! T91,BSD200 Set5. Set14
SEES ] DN T91.BSD200 Set5 . Set14, BSD100., Urban100
SR SRFBN™I DIV2K, Flickr2K Set5. Set14, BSD100. Urban100, Mangal09
MMCNP4 T91 Set5 . Set14, BSD100., Urban100
DBPNY?! DIV2K, Flickr2K , ImageNet Set5 . Set14, BSD100, Urban100, Mangal09
DRFNP¢! T91.BSD200 Set5. Set14, BSD100. Urban100. ImageNet400
SRCliqueNet?” DIV2K Setl4, BSD100. Urban100
EEDSP® T91 Set5 . Set14, BSD100
SRDenseNet!*!! ImageNet Set5. Set14, BSD100, Urban100
MSRNP DIV2K Set5. Setl4, BSD100. Urban100, Mangal09
ESPCN!! ImageNet Set5 . Set14 . BSD300., BSD500. SuperTexture
MSCNNS!'2% NYU Depth, Make3D NYU Depth, Make3D
GDSRI'2 T91.BSD200 Set5. Set14, BSD100. Urban100
ISCNNHE! BSD300 BSD300. BSD500
HANU'™ DIV2K Set5. Set14, BSD100. Urban100, Mangal09
HDNU'! DIV2K Set5. Set14, BSD100. Urban100, Mangal09
IMDN{!! DIV2K Set5 . Set14, BSD100, Urban100, Mangal09
Meta-RDN!?! DIV2K Setl4, BSD100, Mangal09., DIV2K
Meta-USR[*% DIV2K DIV2K, Set5. Setl4, BSD100. Urban100, Mangal09
RSAN?! DIV2K Set5. Setl4, BSD100. Urban100
Meta-SRGAN!'3! DIV2K, BraTS BraTS
MIASSR!' OASIS. Brals E:?CDC‘ coviIb- OASIS., BraTS . ACDC, COVID-CT
MSNL! ILSVRC 2012, DIV2K DIV2K ., Set5 . Setl4 . BSD100. Urban100., Mangal09
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CinCGAN DIV2K NTIRE2018
UISRE DIV2K NTIRE2018
IKCE DIV2K . Flicki2K Sets., Setl4, BSD100
KMSR DIV2K DIV2K
Kernel GANI! — NTIRE2018
DASRE! DIV2K . Flicki2K Sets. Setl4, BSD100, Urban100
BlindESRGAN®)  DIV2K, Flickr2K , WED , FFHQ DIV2K , RealSRSet
lEﬁZE;ﬁﬁ‘ RealESRGAN!! oEEﬁiZiltEszg RealSR . DRealSR ., OST300., DPED , ADE20K
EDKE!" DIV2KRK RealSR
MCGAN!"7 CelebA CelebA
MANet™! DIV2K BSD100
S2K ! DIV2K DIV2K, Flickr2K
PCSRI! DIV2K ., VOC2012 SetS . Setl4
SCHN!"! DIV2K . Flicki2K SetS, Setl4
MRDA"! DIV2K . Flicki2K Sets. Set14, BSD100, Urban100, Mangal09

32 MR
R RN R R B B 2 S, AR
2RE T UG 53 BE RN 8 br, 45 U5 15 e
It (peak signal-to-noise ratio, PSNR)!''! 2% 44 4 {2
P (structural similarity, SSIM)!'72 | #5712 80 DA I
BT A
W {17 M L (PSNR)FHES #4) AH AL (SSIM) 2
P35 44 1) 2 UL UG oL = A 48 4517, PSNR H
T i F A KRS S IR Z R AR LR,
A MG Z R K 1934 J7 1% 2% (mean square error,
MSE) 45, PSNR it AR H
M = 10-Tog 722 ) m
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o] WAL FEZ 0 240775 HE A8 ke 50 AE G 43 A 7Y
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SRCNN, FSRCNN, LapSRN ., MANet, CNF, De-
fRCN., SRFBN., MSRN ., HAN, RDN % J5 % 7
Set5. Set14, BSD100. Urban100 &/ %4
AR B0 G KB 4y HEPERE . 6 13 W, 7E SetS
B AE FCRAE Sk 2 BF, RDN [ 1 g 25 91
U5 6 14 P CRAREECR 3 R 15 Hhlt R ECh
4 1}, RCAN U PERE R B AF o AR, AR SC56 v L

BB 43R o3 PR AR AL AE R [ R /N R S BRiE AT,
AN R AR AL AR R A BCR 2 B A A B ] . 7
e 16 5128 ) ZFP AR R 2 ) CFSRCNN [ 455 74
b PR B e bR . R, ARSEE AR T LRl 2 LA
158 4y B AL Y S BN S TR, ans 17
/v, CARN-MUT [ S 80 -UBE B /) | 32 030 1 e
P RS % B BN o

F 13 EREB S PEEITE SetS. Set14.BSD100, Urban100 _E 7§ X 5 %14 2 Bt PSNR 5 SSIM
Table 13 Evaluation of PSNR and SSIM results for scale factor 2 in image super-resolution on Set5, Set14, BSD100, and

Urban100
ik Set5 Set14 BSD100 Urban100

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
VDSR!'" 35.53 0.9587 33.03 0.9124 31.90 0.8960 30.76 0.9140
CMSCH! 37.89 0.9605 33.41 0.9153 32.15 0.8992 31.47 0.9220
DRCNE2 37.63 0.8588 33.06 0.9121 31.85 0.8942 30.76 0.9133
DRRN™ 37.74 0.9591 33.23 0.9136 32.05 0.8973 31.23 0.9188
MemNet™! 37.68 0.9597 33.28 0.9142 32.08 0.8987 31.31 0.9195
EDSR™ 38.02 0.9606 34.02 0.92.4 32.37 0.9018 33.10 0.9363
MDSR* 38.17 0.9605 33.92 0.9203 32.34 0.9014 33.03 0.9362
RCAN®Y 38.33 0.9617 34.23 0.9225 32.46 0.903 1 33.54 0.9399

LISTAR 37.41 0.9567 32.71 0.9095 31.54 0.8908 — —
IDNP4 37.83 0.9600 33.30 0.9148 32.08 0.8985 31.27 0.9196
CFSRCNN#! 37.79 0.9591 33.51 0.9165 32.11 0.898 8 32.07 0.9273
FSRCNN!'®! 36.98 0.9556 32.62 0.9087 31.50 0.8904 29.85 0.9009
LapSRN®Y 37.52 0.9591 33.08 0.9130 31.08 0.8950 30.41 0.9101
MANet!" 35.98 0.9420 31.95 0.8845 30.97 0.8650 29.87 0.8877

CNFP¥ 37.66 0.9690 33.08 0.9136 31.91 0.8962 — —
DefRCN 38.02 0.9596 33.58 0.9151 32.21 0.8998 32.20 0.9286
SRFBNP 38.11 0.9609 33.82 0.9196 32.29 0.9010 32.62 0.9328
MSRN™ 38.08 0.9605 33.74 0.9170 32.23 0.9013 32.22 0.9326
HANU™ 26.83 0.7919 23.21 0.6888 25.11 0.6613 22.42 0.6571
RDN[? 38.24 0.9614 34.01 0.9212 32.34 0.9017 32.89 0.9353

x 14 BE&BSPHERITE Set5,Set14, BSD100, Urban100 L X %4 3 B PSNR 5 SSIM
Table 14 Evaluation of PSNR and SSIM results for scale factor 3 in image super-resolution on SetS, Set1l4, BSD100, and

Urban100
Sk Set5 Setl4 BSD100 Urban100

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
VDSR!'" 33.66 0.9213 29.77 0.8314 28.82 0.7976 27.14 0.8279
CMSCH 34.24 0.9266 30.09 0.8371 29.01 0.8024 27.69 0.8411
DRCN 33.82 0.9226 29.77 0.8314 28.80 0.7963 27.15 0.8277
DRRN# 34.03 0.9244 29.96 0.8349 28.95 0.8004 27.53 0.8377
MemNet*! 34.09 0.9248 30.00 0.8350 28.96 0.8001 27.56 0.8376
EDSR™ 34.76 0.9290 30.66 0.8481 29.32 0.8104 29.02 0.8685
MDSR* 34.77 0.9288 30.53 0.8465 29.30 0.8101 28.99 0.8683
RCAN 34.85 0.9305 30.76 0.8494 29.39 0.8122 29.31 0.8736

LISTAB? 33.26 0.9167 29.55 0.8271 28.58 0.7910 — —
CFSRCNN#! 34.24 0.9256 30.27 0.8410 29.03 0.8035 28.04 0.8496
FSRCNN!'®! 33.16 0.9140 29.42 0.8242 28.52 0.7893 26.41 0.8064
LapSRNEY 33.82 0.9227 29.87 0.8320 28.82 0.7980 27.07 0.8280
MANet" 33.69 0.9184 29.81 0.8270 28.80 0.7931 27.39 0.8331

CNFB# 33.74 0.9226 29.90 0.8322 28.82 0.7980 — —
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g3k 14
Jik Set5 Set14 BSD100 Urban100

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

DefRCNEF2 34.41 0.9263 30.34 0.8388 29.01 0.8044 28.16 0.8519
SRFBNP?I 34.70 0.9292 30.51 0.8461 29.24 0.8084 28.73 0.8641
MSRNP! 34.38 0.9262 30.34 0.8395 29.08 0.8041 28.08 0.8554
HAN!M 23.71 0.6171 22.31 0.5878 23.21 0.5653 20.34 0.5311
RDNP2 34.71 0.9296 30.57 0.8468 29.26 0.8093 28.80 0.8653
IDNE4 34.11 0.9253 29.99 0.8354 28.95 0.8013 27.42 0.8359

x15 BB YHERITE Set5,Set14,BSD100, Urban100 L K %414 4 B PSNR 5 SSIM
Table 15 Evaluation of PSNR and SSIM results for scale factor 4 in image super-resolution on SetS, Set1l4, BSD100, and

Urban100
ik Set5 Set14 BSD100 Urban100

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
VDSR!'" 31.35 0.8838 28.01 0.7674 27.29 0.7251 25.18 0.7524
CMSCH 31.91 0.8923 28.35 0.7751 27.46 0.7308 25.64 0.7692
DRCN 31.53 0.8854 28.03 0.7673 27.14 0.7233 25.14 0.7511
DRRN! 31.68 0.8888 28.21 0.7720 27.38 0.7284 25.44 0.7638
MemNet"*”! 31.74 0.8893 28.26 0.7723 27.40 0.7281 25.50 0.7630
EDSR™ 32.62 0.898 4 28.94 0.790 1 27.79 0.7437 26.86 0.8080
MDSR™ 32.60 0.8982 28.82 0.7876 27.78 0.7425 26.86 0.8082
RCAN®! 32.73 0.9013 28.98 0.7910 27.85 0.7455 27.10 0.8142

LISTAB? 31.04 0.8775 27.76 0.7620 27.11 0.7191 — —
CFSRCNN#! 32.06 0.8920 28.57 0.7800 27.53 0.7333 26.03 0.7824
FSRCNN!'®! 30.70 0.8657 27.59 0.7535 26.96 0.7128 24.60 0.7258
LapSRN®Y 31.54 0.8850 28.19 0.7720 27.32 0.7270 25.21 0.7560
MANet" 31.54 0.8876 28.28 0.7727 27.35 0.7305 25.66 0.7759

CNFP 31.55 0.8856 28.15 0.7680 27.32 0.7253 — —
DefRCNI® 32.21 0.8936 28.59 0.7810 27.57 0.7356 26.04 0.784 1
SRFBN!®*! 32.47 0.8983 28.81 0.7868 27.72 0.7409 26.60 0.8015
MSRN 32.07 0.8903 28.60 0.7751 27.52 0.7273 26.04 0.7896
HANU!4 21.71 0.594 1 20.42 0.4937 21.48 0.490 1 19.01 0.4676
RDNP2 32.47 0.8990 28.81 0.7871 27.72 0.7419 26.61 0.8028
IDNP4 31.82 0.8903 28.25 0.7730 27.41 0.7297 25.41 0.7632

K16 BEGEBEI VB 256%x256.512x512 71 1024x1024 T Set5 Fl Set14 /A ILEHEAE JEFT 920 . 52 18 5|
KN B G FR RS E0 2 9IS (TR 8]

7 2 B A TS Tk B =
Table 16 Runtime for image super-resolution models on 2T 2RV E S PR AR B LR AR L AT
images of size 256x256, 512x512, and 1024x R PR RE R B . N3 18 i, 7E Set5 % ¥
1024 with scale factor of 2 s £ |- HAZRCH 2 F1 4 I, DASR [PEfE £ 90 5 47
i BRI ®17 BRBHWERNERE
256256 512x512 1024x1024 Table 17 Complexity of image super-resolution models

VDSRI! 0.0172 0.0575 0.2126 AN SHR10° R AGE B R 10°

DRRN*! 3.0630 8.0500 25.2300 VDSR!" 665 582

MemNet®” 0.8774 3.6050 14.6900 DRRN™ 1774 .07

RDN® 0.0553 0.2232 09124 MemNet™! 677 16.06
193]

SRFBN 0.0761 0.2508 0.9787 CARN-M!"" 412 250
CARN-M["" 0.0159 0.0199 0.0320 CARNI 1592 10.13
CFSRCNNM! 0.0153 0.0184 0.0298 RDN2 21937 130.75

2) G 7 B R oA CFSRCNN™ 1200 11.08

XA E AT RO, AR K0 I SRFBNT. 3631 224
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Table 18 PSNR and SSIM for blind super-resolution models on Set5S and Set14 datasets at X2, X3, and x4 magnifications

. . TRAEECH2 TR AEECH3 TR AEECh4
Tk LD

Set5 Setl4 Set5 Setl4 Set5 Setl4

IKCH PSNR/dB 36.62 32.82 32.16 29.46 31.52 28.26
SSIM 0.9658 0.8999 0.9420 0.8229 0.9278 0.7688

PSNR/dB 37.87 33.34 34.11 30.13 31.99 28.50

[61]
DASR SSIM o - o o - -

PCSRI PSNR/dB 31.49 29.88 — — 29.20 26.82
SSIM 0.909 0.856 — — 0.807 0.694

SCHNI2? PSNR/dB 33.70 29.64 — — 27.81 24.70
SSIM 0.9310 0.8689 — — 0.8339 0.7056
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Fig. 11 Visualization effects of different image super-resolution methods on the BSD100 dataset at multiples of 3

©) DCN (f) CARN-M
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Fig. 12 Visualization effects of different image super-resolution methods on the BSD100 dataset at multiples of 4
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Fig. 13 Visualization effects of different image super-resolution methods on the Urban100 dataset at multiples of 3
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Fig. 14 Visualization effects of different image super-resolution methods on the Urban100 dataset at multiples of 4
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