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Image Super-Resolution in Combination with Convolution Neural Network
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Abstract: Aimed at the problems that the VDSR model convolution kernel is single and the DRRN model
fails to take advantages of global features, a combined convolution image super-resolution model is pro-
posed based on parallel residual convolution neural networks. Firstly, the combined convolution neural
layer is structured by the original convolution layer and dilated convolution layer, and the skip connection
approach is employed to connect the different layers to take advantage of different level features, comple-
ting super-resolution network. There are two advantages of this model: D Combination of dilated convolu-
tion neural layers and original convolution layers can capture multi-scale features without computation-con-
suming. Based on this approach, the network can get more presentation capacity. @ Skip connection ap-
proach fuse low-level information and high-level information. From this approach, different level features
can be learned. This means that stronger learning ability can be obtained. Based on the experiment results
on multiple data sets, more than 0. 1 IFC improvement is achieved, compared with the state-of-the-art
models VDSR, DRRN, SRCNN in most tasks.
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Dataset Scale Bicubic SRCNN VDSR DRCN DRRNB1U9 Present study
X2 33.66/0.929 9 36.66/0.954 2 37.53/0.958 7 37.6370.958 8 37.66/0.958 9 37.67/0.960 0
Setb X3 30.39/0.868 2 32.75/0.909 0 33.66/0.921 3 33.82/0.922 6 33.93/0.923 4 33.93/0.924 5
X4 28.42/0.810 4 30.48/0.862 8 31.35/0.883 8 31.53/0.8854 31.58/0.886 4 31.56/0.890 0
X2 30.24/0.868 8 32.45/0.906 7 33.037/0.912 4 33.04/0.911 8 33.19/0.913 3 33.22/0.913 9
Set14 X3 27.55/0.774 2 29.30/0.821 5 29.77/0.831 4 29.76/0.831 1 29.94/0.833 9 29.92/0.834 2
X4 26.00/0.702 7 27.50/0.751 3 28.01/0.767 4 28.02/0.767 0 28.18/0.770 1 28.15/0.770 9
X2 29.56/0.843 1 31.36/0.887 9 31.90/0.896 0 31.8570.894 2 32.01/0.896 9 32.03/0.897 2
BSD100 X3 27.21/0.738 5 28.41/0.786 3 28.82/0.797 6 28.80/0.796 3 28.91/0.799 2 28.93/0.800 7
X4 25.96/0.667 5 26.90/0.710 1 27.29/0.7251 27.237/0.723 3 27.35/0.726 2 27.37/0.727 5
X2 26.88/0.840 3 29.50/0.894 6 30.76/0.914 0 30.7570.913 3 31.02/0.916 4 31.10/0.917 8
Urban100 X3 24.46/0.734 9 26.24/0.798 9 27.14/0.827 9 27.15/0.827 6 27.38/0.833 1 27.40/0.834 2
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g Y J7 2 DRRN, KA B BTt %7 AE Setl4 Ml Urbanl00 |y
2 AR T A BT A TFC 1535316 0 . 2 f5 M 4y BE R @ TIFC SF 3 43 ) @ i T DRRN
WL AR AT LVE A SCHE S 1 7 YA TR Set5, Setl4 0.29 F10.323, SRR 0 Fr4 il iy ik & 5 3
Al Urban100 | #f K KM b 7 A J5 ik 1y 5 7F B 75 W) 45 45 A6 BB 68 70 AH ) 1) 090 2468 T B2 T B - el 2 B
gr o FLRHLARSCH T IEAE Sets b2 5 3 MM A A JFRIHE A KWL NI RAE S BRSO R i
Ay BE R T A IFC 3% 43 43 i B i T DRRN AL T My B A
0.228,0. 081 #10.093, @i WEE W] H, iZTTVEAE 2

%2 IFC 5%
Dataset Scale Bicubic ~ SRCNN PSyCo VDSR  DRRNBI1U9 Present study

X2 6.083 8.036 8.642 8. 569 8.583 8.811

Setb X3 3.580 4,658 5.083 5.221 5.241 5.322
X4 2.329 2.991 3.379 3.547 3.581 3.674

X2 6.105 7.784 8. 280 8.178 8.181 8.471

Setl4 X3 3.473 4. 338 4. 660 4.730 4,732 4. 820
X4 2.237 2.751 3.055 3.133 3.147 3.235

X2 6. 245 7.989 8. 589 8. 645 8.653 8.976

Urban100 X3 3.620 4,584 5.031 5.194 5.259 5. 368
X4 2.361 2.963 3.351 3.496 3.536 3.649

B SHI T 2 USRS F B s T4 W P AR (7 % . X OB B T IR E 22 T 1)
Bk A Setl4. 55 2 410 ok 1 BSD100, #41E 4 Oy ik B i i 45 R WAL SE B 39 4 735 3 1)
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By R EMR B 5 — ik N di /NAT R (Ground P E K, AR~ RE FIES TG 5
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Bickiik: SRCNNHT% VDSREL DRRNHX AR TS %
(34.14/0.951 8/6.9056)  (36.42/0.9692/8.6091)  (36.5424/0.971 6/7.5913) (37.33/0.9738/8.1754)  (37.57/0.9739/9.0408)
(a) Sel 14 U BB S 30xT LI

Bickik SRCNNHT%: VDSREL: DRRNZH32: KL
(26.25/0.8288/5.3202)  (28.82/0.8917/6.9674)  (29.68/0.9174/7.7021) (29.71/0.9173/7.6695)  (29.78/0.9179/7.8162)
(b) BSD 100X A2 UG S50} Hh &

B3 TR 4 151 45 1 PSNR/SSIM/TFC X b 1]
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