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Abstract

Image super resolution reconstruction aims to reconstruct a low resolution image into a clearer
high-resolution image. The super resolution reconstruction algorithm is helpful to improve the
image quality and can recover the missing texture and detail information as accurately as possible. It
has important scientific significance and application value in the field of image processing. In or-
der to further improve the quality of image reconstruction, this paper combines the sparse repre-
sentation and deep learning algorithm. The reconstruction of the sparse representation model is
used to get the high resolution image as input of deep learning model, and on the basis of intro-
ducing the VDSR network since attention mechanism and gating mechanism, models can be dy-
namically in the process of training to learn the importance of different characteristics. Thus, the
pixel size and characteristics of granularity further enrich the characteristics of the image. We
carried out a large number of experiments on the public super-fractional reconstruction data sets,
such as Set5, SET14, B100 and Urban100. The results show that the multi-granularity feature ex-
traction reconstruction algorithm proposed in this paper can obtain better reconstruction details
and higher PSNR/SSIM values compared with the existing reconstruction methods.
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Figure 1. Algorithm structure diagram in this paper
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bicubic ASCHB

Figure 2. The image input was compared with the result of bicubic interpolation reconstruction using sparse representation

2. B DB RABRE RSN REEER LRI

FEK 2 1, LR AR PR EE, bicubic A EIGH AR KA = A {5 #EAT KB, SR &
FIGHAR N SCSR SEE @I EE, WEPRTLUABL, SCSR HEEIEREML T bicubic, Fr EAFRATR
SCSR H 5 ) SR BB A ST A5 ) i N BEAT B B0 7 R EL A

2.2. HFAEIREN

BT EE NS 2 AT MRS K 2 B FIBUE, SRARZRHE 5 IE B RE, BUE
O, AR —FH AR, BNZEGBOVEZ ARG S . PR SCYR M B R L St A7 R
HZRHAESEI AR T U HEAT UR BRI SR I, ATy 23 PR R e B 7 R AR RFAE A5 2

2.2.1. EEBIVGIFHERE
ARSCHE I 2 5% 22 W45 5 B R IVUHIAR S & AT IR AR IR IS M R EEH RA — MR ES W
VDSR Jfili EIEINE] 2 iR L5, Rt 3 R BRI 28R Relu W05 BT R, H IR — 2 Sh 44
MAH N LR EHE 5 R 4G HR BME 2 8] 1 s g 15 5% 22 B8 f N LR MR (ILR)IE o 45 B B ARRAE I
SR 5 KX SEARAE BRI i R AL A AR AT RRAE SR I, X MR, BEEANLIMLEI[13] [14] [15]
T 5 > BE— R E AN AR BT A 7 B AR 2 18] (19 96 F R AR R — 405 B, A BT E RHIE 2 21 JRi
MRS R, TR T BRI H R B85 o] /s B sk, (KRR I RE I3 =
o, AR M S PRI B RAE I X ik E) 3 A 1 * 1 BRUZ, FEEEBE Relu B ok 204 s
MHRAEE F(X), GX), H(X). )5 F(X) @ EEMS G(X) MR, JEH softmax ZRITHHAFRE
BAVFHEE . BATRRE R IIREE Y S, HitEd R a0 AR .
5, = 20) m
> exp(7.6))

R, S(X) TS H (X)) HATHIRAS B R 1= 3K R R E I, 3 R SR IR Q)
B

Input SCSR Self attention-1 Self attention-2 Self attention-3 EELIN]

Figure 3. The autoattention mechanism and gating mechanism were used to extract the feature map
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Table 1. Different SR algorithms use different amplification factor evaluation indexes on four benchmark data sets

#F# 1. TR SR BAEENEEMNKABIRSE ERBARBAR T RIFEIER

Stik ORI PSNie/tSSS M PSI\?l:t/IS“S IM PSI\?RI/OSOS M PISJ;II;:/H SISOI(I)\/I
Bicubic X4 28.42/0.810 26.10/0.704 25.96/0.669 23.15/0.659
SRCNN X4 30.49/0.862 27.61/0.754 26.91/0.712 24.53/0.724
VDSR X4 31.35/0.882 28.03/0.770 27.29/0.726 25.18/0.753
LapSRN X4 31.54/0.885 28.19/0.772 27.32/0.728 25.21/0.756
DRRN X4 31.68/0.889 28.21/0.772 27.38/0.728 25.44/0.764

EXEE X4 32.07/0.893 28.78/0.786 27.71/0.739 26.53/0.802
Bicubic X3 30.39/0.868 27.55/0.774 27.21/0.739 24.46/0.736
SRCNN X3 32.75/0.909 29.28/0.821 28.41/0.786 26.24/0.799
VDSR X3 33.66/0.921 29.77/0.831 28.82/0.798 27.14/0.828
LapSRN X3 33.78/0.921 29.87/0.833 28.81/0.797 27.06/0.827
DRRN X3 34.03/0.924 29.96/0.835 28.95/0.800 27.53/0.838

A X3 34.45/0.937 30.47/0.846 29.15/0.814 28.64/0.864
Bicubic X2 33.65/0.930 30.34/0.870 29.56/0.844 26.88/0.841
SRCNN X2 36.65/0.954 32.29/0.903 31.36/0.888 29.52/0.895
VDSR X2 37.53/0.958 32.97/0.913 31.90/0.896 30.77/0.914
LapSRN X2 37.52/0.959 33.08/0.913 31.80/0.895 30.41/0.910
DRRN X2 37.74/0.959 33.23/0.914 32.05/0.897 31.23/0.919

FHEZ X2 37.93/0.961 33.79/0.921 32.25/0.904 32.58/0.936
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Figure 4. A visual comparison of models with magnification factor of 4 in Set14 “Zebra”
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Figure 5. Visual Comparison of different models with magnification factor of 4 in Urban “IMG043”
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Figure 6. Visual comparison of SET14 “Comic”, B100 “8023” and Urban100 “Image034” with magnification factor of 4
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