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Abstract: Convolutional neural network (CNN) has recently achieved a great success for single image su-
per-resolution (SISR). However, most deep CNN-based super-resolution models use chained stacking to build the
network, which results in the fact that the relationship between layers is weak and does not make full use of hierar-
chical features. In this paper, a multi-path recursive convolutional network (MRCN) is designed to address these
problems in SISR. By using multi-path structure to strengthen the relationship between layers, our network can ef-
fectively utilize features and extract rich high-frequency components. At the same time, we also use recursive
structure to alleviate training difficulty. In addition, by introducing the operation of feature fusion into the model, our
network can make full use of the features extracted from each layer in the reconstruction process and select the ef-
fective features adaptively. Extensive experiments on benchmarks datasets have shown that MRCN has a significant
performance improvement against existing methods.
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%1 43B% Set5. Set14. BSD100 VA Urban100 fE L) B F 4 2x. 3xA= 4x T 49-F 34 PSNR/SSIM
Table 1 Average PSNR/SSIMs for scale factors of 2x, 3x and 4x on datasets Set5, Set14, BSD100 and Urban100
Setb5 Set14 BSD100 Urban100
Scale Method PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic 33.66 /0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403
A+ 36.54/0.9544 32.28/0.9056 31.21/0.8863 29.20/0.8938
SRCNN®19 36.66/0.9542 32.42/0.9063 31.36/0.8879 29.50/0.8946
VDSR!"? 37.53/0.9587 33.03/0.9124 31.90/0.8960 30.76/0.9140
2x DRCN!"! 37.63/0.9588 33.04/0.9118 31.85/0.8942 30.75/0.9133
DRRN!'"! 37.74/0.9591 33.23/0.9136 32.05/0.8973 31.23/0.9188
MemNet!' 37.78/0.9597 33.28/0.9142 32.08/0.8978 31.31/0.9195
MRCN(ours) 37.89/0.9602 33.37/0.9163 32.12/0.8985 31.36/0.9231
Bicubic 30.39/0.8628 27.55/0.7742 27.21/0.7385 24.46/0.7349
A+l 32.58/0.9088 29.13/0.8188 28.29/0.7835 26.03/0.7973
SRCNNI19 32.75/0.9090 29.28/0.8209 28.41/0.7863 26.24/0.7989
VDSR!'Z 33.66/0.9213 29.77/0.8314 28.82/0.7976 27.14/0.8279
3 DRCN!™! 33.82/0.9226 29.76/0.8311 28.80/0.7963 27.15/0.8276
DRRN!” 34.03/0.9244 29.96/0.8349 28.95/0.8004 27.53/0.8378
MemNet!'! 34.09/0.9248 30.00/0.8350 28.96/0.8001 27.56/0.8376
MRCN(ours) 34.24/0.9267 30.16/0.8413 29.06/0.8022 27.60/0.8391
Bicubic 28.24/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577
A+l 30.28/0.8603 27.32/0.7491 26.82/0.7087 24.32/0.7183
SRCNN®19 30.48/0.8628 27.49/0.7503 26.90/0.7101 24.52/0.7221
VDSR!"? 31.35/0.8838 28.01/0.7674 27.29/0.7251 25.18/0.7524
A DRCN!™! 31.53/0.8854 28.02/0.7670 27.23/0.7233 25.14/0.7510
DRRN!"” 31.68/0.8888 28.21/0.7721 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
MRCN(ours) 31.83/0.8904 38.31/0.7732 27.44/0.7301 25.52/0.7641
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The architecture of our proposed multi-path recursive convolutional network

Overview: Single image super-resolution is widely used in security monitoring, satellite remote sensing imagery, and
medical image processing. It aims at restoring a high-resolution image from corresponding degraded low resolution
LR-image. Recently, Dong et al. first discovered that convolutional neural networks can accomplish super-resolution by
end-to-end manner, opening the door for deep learning in the field of super-resolution. And a series of new network
model were proposed. Although these models have achieved good performance, the existing problems cannot be ig-
nored. First, with the increase of network depth, many models fail to take into account the effect of hierarchical features
on super-resolution, and the extracted features of each layer can only be learned once, which cannot be fully utilized.
Second, the many models use pre-processing methods to get the target size, which not only increases the computational
complexity, but also destroys the information carried by the original image. In response to this problem, ESPCN based
on subpixel convolution and FSRCNN based on deconvolution are proposed. However, their structure is too simple to
complete the exact mapping. Third, most methods use the mean square error (MSE) to optimize the model, resulting in
overly smooth images.

To solve these problems, we propose a multipath recursive network (MRCN). We use multi-path structure to extract
features and improve the ability of non-linear mapping, which accelerates the transfer of feature and gradient in the
network. Then we use recursive methods to reduce network parameters. Finally, all the features were merged to com-
plete super-resolution. Compared with other models, our network mainly has the following differences. First, different
from the traditional single-chain structure, our network adopts a multi-path structure, which enables the extracted fea-
tures of each layer to be learned multiple times, improving feature richness, and the reconstructed image contains more
high-frequency information. Second, most models use the last layer of the network to complete reconstruction, while
our network uses all the features extracted from the network to complete reconstruction together. At the same time, we
use the nature of SENet to select the effective features of these features adaptively and suppress the useless features.
Third, we use the Charbonnier loss function to alleviate the problem that the reconstructed images are too smooth due
to MSE, and the performance of the network can be improved. A large number of experiments on the benchmark set
show that our method is superior to the existing methods in reconstruction performance.

Citation: Shen M Y, Yu P F, Wang R G, et al. Image super-resolution via multi-path recursive convolutional network[J].
Opto-Electronic Engineering, 2019, 46(11): 180489

Supported by National Natural Science Foundation of China (61672202)
* E-mail: yangjuan6985@163.com

180489-9




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


