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Image super-resolution reconstruction by fusing layered features
with residual distillation connections
CHENG Degiang', ZHU Xingguang', KOU Qigi’, CHEN Liangliang',
WANG Xiaoyi', ZHAO Jiamin'

(1. School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China; 2. School
of Computer Science & Technology, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: Aiming at the issue that several current image super-resolution reconstruction algorithms cannot fully utilize
the feature information by adopting a single-channel network structure, a super-resolution reconstruction algorithm that
fuses hierarchical features and residual distillation connections is proposed. In this method, a connection method that
combines layered features with residual connections is adopted to fully fuse the deep and shallow features of an image,
improving the utilization of feature information by the network. Further, a residual distillation attention module is used,
which enables the network to focus on the key features of the image efficiently, allowing efficient recovery of the de-
tailed features of the reconstructed image. The experimental results showed that the proposed algorithmic model exhib-
its better objective evaluation indexes on four test sets and has a superior reconstruction effect on the subjective visual
effect. Specifically, on the Setl4 test set, the peak signal-to-noise ratio of the four-fold reconstruction results of the mod-
el is improved by 0.85 dB on average relative to the comparison model and the structural similarity is improved by 0.034
on average, demonstrating the effectiveness of the algorithmic model.

Keywords: image processing; super-resolution reconstruction; U-network; residual connectivity; neural network; fea-

ture fusion; attention mechanism; subpixel convolution
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Fig.1 Fused hierarchical feature U-shaped network structure
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Table 2 Comparison of PSNR metrics of different algorithmic models on four test sets dB

Wikt RERET  Bicubic® SRCNN'Y EDSR' RCAN" DBPN®? CSNLNPY NLSNP? EFDNP? Ak

x4 28.42 29.33 32.25
Set5

x8 24.32 25.02 26.89

x4 25.89 26.11 28.67
Setl4

x8 23.19 23.45 25.02

x4 23.12 24.16 26.15

Urban100

x8 20.64 21.20 22.52

x4 25.26 25.77 26.85
B100

x8 22.07 23.82 24.76

3245
27.21
28.78
25.16
26.51
22.82
26.92
25.49

32.39 32.64 32.68 32.69 32.69
27.25 27.29 27.36 27.34 27.38
28.66 28.88 28.91 2893 28.95
25.18 25.22 25.24 25.26 25.31
26.38 26.76 27.24 27.24 27.28
22.72 22.84 22.87 22.89 2291
25.97 26.97 27.06 27.05 27.08
25.52 25.78 25.88 2591 25.96

R3 FEBEERERTE 4 Tl & LHY SSIM 5453t Lk

Table 3 Comparison of SSIM metrics of different algorithmic models on four test sets

MikdE  REEHET  Bicubic® SRCNN'" EDSR" RcAN™ DBPN®? CSNLNPY NLSNP? EFDNPY A i

x4 0.8102 0.8442 0.9066 09112 0.9091 09116 09120  0.9121 0.9121

Set> x8 0.6568 0.6971 0.7742 0.7872 0.7875 0.7891 0.7897  0.7902 0.7905
Setld x4 0.7026 0.7899 0.8669 0.8713 0.8653 0.8715 0.8720  0.8722 0.8724
x8 0.5682 0.5981 0.6415 0.6491 0.6510 0.6517 0.6523 0.6525 0.6528

Urban100 x4 0.6981 0.7520 0.7911 0.8087 0.7946 0.8159 0.8172  0.8170 0.8174
x8 0.5150 0.5541 0.6180 0.6431 0.6359 0.6433 0.6437 0.6439 0.6441

B100 x4 0.6453 0.6662 0.7095 0.7149 0.6725 0.7154 0.7158 0.7159 0.7163
x8 0.5047 0.5514 0.6112 0.6521 0.6522 0.6712 0.6779  0.6787 0.6789

N 2~3 [ EHE T LUE WY, A SCRERLTE 4 B
AR AR B S 0 bE At X AR R B AR S i
SPEHr F6 b, PSNR {H -5 SSIM {H¥ 45 Frdg . LA
Set14 MLE 5], K4 A= ST 265 43 031) 8 Ffoxe) LL A5 74l
PEAT B DAY 8 Bn X He, 1T LAAS 7 R <4 1),
AR ORI PSNR {H$2 /5 1 3.06.2.84,0.28.,0.17,

0.29. 0.07. 0.04. 0.02 dB, SSIM %% ko AH B 132 0] 43 1)
2R T 0.1698.0.0825,0.0055,0.0011,0.007 1,
0.0009. 0.0004. 0.0002; 7£ X JiF x8 I}, PSNR {43
B4R T 2.12.1.86. 0.29. 0.15. 0.13., 0.09. 0.07.
0.05 dB, SSIM &5 #4 AH AL £ U 43 531 42 55 T 0.084 6.,
0.0547,0.0113,0.0037,0.0018,0.0005, 0.0003,



%6

FEpEaR, 55 fl a2 AR5 ik 22 2%

TR B 1 RGO 4 PR T A <1179 »

Wi AR SCRHY L T PR 2548 | ) kit 5 20 8 7
TAE x4 x8 WAk RUEE R 2 B U AR R L
R ) 55 Y T A RE

D I L A il 6 T A SO R X T LR AR o B

ARG FEERE, A SOK X Sets Budls 4E P Y
5 i 11 A5 Bk R AT RURE TR T <4 1) 70 B R
A0 ER PR I fE AR A0 R 405 Fr
7, A R RPBUEA LA R, I EUE A e L4s

x4 FAREXERL Set5 FAY PSNR FE4R3TEE

Table 4 Comparison of PSNR metrics of different algorithmic models on Set5 dB
Elf%(x4) Bicubic SRCNN""  EDSR'® RcAN"™ DBPN"?  CSNLN'"  NLSN'?  EDFNPY ok
Baby 31.77 32.20 33.76 33.94 33.78 33.95 33.99 34.02 34.02
Bird 30.17 31.12 35.14 35.81 35.59 35.84 35.87 35.88 35.90
Butterfly 22.09 24.04 28.78 29.29 29.00 29.31 29.36 29.38 29.41
Head 31.57 31.58 32.97 32.88 32.98 32.92 33.02 33.03 33.03
Woman 26.46 27.72 30.58 3091 30.61 31.22 31.38 31.37 3141
Saf (<} 28.41 29.33 3225 32.56 32.39 32.65 32.72 32.74 32.75
x5 AEEEEBLE Set5 EHI SSIM $EHRIT EE
Table 5 Comparison of SSIM metrics of different algorithmic models on Set5
E%(x4)  Bicubic® SRCNN""  EDSR'” RCAN" DBPN"?  CcSNLNP"  NLSN®?  EFDN®Y ks
Baby 0.9275 0.9322 0.9555 0.9562 0.9551 0.9562 0.9565 0.9567 0.9569
Bird 0.8726 0.8846 0.9452 0.9501 0.9492 0.9513 0.9517 0.9516 0.9520
Butterfly 0.7362 0.8007 0.9261 0.9335 0.9286 0.9344 0.9346 0.9348 0.9350
Head 0.7536 0.7515 0.7968 0.7974 0.7972 0.7977 0.7986 0.7988 0.7991
Woman 0.8315 0.8513 0.9139 0.9182 0.9147 0.9198 0.9205 0.9203 0.9206
Siaf(<) 0.8243 0.844 1 0.9075 09111 0.9089 09119 0.9124 0.9124 09127
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Fig. 3 Contrast of reconstruction effects of various algorithms on baby.png in Set5(x4)
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Fig. 4 Contrast of reconstruction effects of various algorithms on 86000.png in B100(x4)
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Fig. 5 Contrast of reconstruction effects of various algorithms on ppt3.png in Set14(x8)
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ZH GOBO G2B1 G2B2 G2B3 G2B4 G2BS

PSNR/dB 26.06 27.55 2837 28.89 2895 2898
SSIM  0.7816 0.8236 0.8591 0.8710 0.8724 0.8722

MR 6 Al LLE A SO AL (G2B4 445 ) 2 81
H i) PSNR {543 5% b GOBO, G2B1. G2B2, G2B3
FTFT 2.89. 1.40. 0.58. 0.06 dB; SSIMAHE 3 4% i
70.0908, 0.0488,0.0133,0.0014, 4 RFAB bk
MG G2BS i, H 285 a5 52 30 Y
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