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Abstract: To tackle the issue of parameter redundancy and the challenge of learning comprehensive
global contextual information in current deep learning-based super-resolution methods, as well as
the limited capacity to reconstruct high-frequency image features, a super-resolution network
(RPSRnet) based on receptive field optimization and progressive feature fusion is proposed,
delivering exceptional performance in single image reconstruction. By integrating pixel attention
mechanisms and large receptive field convolutions, two progressive pathways are devised to
interpret inputs as features at varying levels of abstraction. This design enriches the network’s
capability to grasp contextual information while streamlining parameter redundancy. Through the
utilization of hierarchical convolutions and multiple receptive field branches, the network sustains
lightweight convolutions and acquires fused features from diverse scales on hierarchical pathways.

This process enhances the network’s proficiency in reconstructing edge details and intricate texture
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features. The experimental results reveal that the proposed algorithm achieves a peak signal-to-

noise ratio of 32.47 dB on the Set5 benchmark test set and 28. 81 dB on the Setl4 test set. The

algorithm surpasses existing advanced algorithms, utilizing fewer parameters and resulting in a

9% reduction in parameters, effectively validating the algorithm’s efficacy.

Keywords: image super resolution; attention mechanism; receptive field optimization; feature

fusion
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Table 2 Quantitative results (PSNR/SSIM) with different state of the art methods on four benchmark datasets

Fan O s Pow/dB S
55 Set5 Setl4 BSD100  Urbanl00 Set5 Setl4 BSD100  Urbanl00

VDSRM™ 666 36. 66 33.05 31. 90 30.76 0.9542 0.9127 0.8960 0.9140
EDSR™® 1335 37.99 33.57 32.16 31.98  0.9604 0.9175 0.8994  0.9272
IMDN!™ 694 38. 00 33.63 32.19 32.17  0.9605 0.9177 0.8996  0.9283
RFDN? 626 38.08 33.67 32.18 32.24  0.9606 0.9190 0.8996  0.9290
LatticeNet"*! 756 38.15 33.78 32.25 32.43  0.9610 0.9193 0.9005 0.9302
RLFNH# 2 527 38.07 33.72 32.22 32.33 0.9607 0.9187  0.9000 0.9299
SwinIR™" 878 38. 14 33. 86 32.31 32.76 0.9611 0.9206 0.9012 0.9340
BSRN- 332 38.10 33.74 32.24 32. 34 0.9610 0.9193 0.9006 0.9303
VapSR* 329 38.08 33.77 32.27 32.45 0.9612 0.9195 0.9011 0.9316
Omni-SR™ 772 38.22 33.98 32.36 33.05  0.9613 0.9210 0.9020 0.9363
RPSRnet(Z30) 709 38.12 33.85 32.31 32.76 0.9615 0.9203 0.9023 0.9342
VDSR™ 666 33. 66 29.77 28. 82 27.14 0.9213 0.8314 0.7976  0.8279
EDSR 1555 34. 37 30. 28 29. 09 28.15  0.9270 0.8417 0.8052 0.8527
IMDN!™ 703 34. 36 30. 32 29.09 28.17 0.9270 0.8417 0.8046 0.8519
RFDNM? 633 34.47 30. 35 29.11 28. 32 0.9280 0.8421 0.8053 0.8547
LatticeNet"*! 765 34.53 30. 39 29.15 28.33 0.9281 0.8424 0.8059 0.8538
SwinIR™" ’ 886 34.62 30. 54 29. 20 28. 66 0.9289 0.8463 0.8082 0.8624
BSRN 340 34, 46 30. 47 29.18 28. 39 0.9277 0.8449 0.8068 0.8567
VapSR? 337 34,52 30. 53 29.19 28.43  0.9284 0.8452 0.8077 0.8583
Omni-SR*! 780 34.70 30.57 29.28 28. 84 0.9294 0.8469 0.8094 0.8656
RPSRnet(430) 720 34.59 30. 50 29.19 28.47  0.9291 0.8454 0.8086 0.8591
VDSRM™ 666 31.35 28.01 27.29 25.18 0.8838 0.7674  0.7251 0.7524
EDSR™® 1518 32.09 28.58 27.57 26.04  0.8938 0.7813 0.7357 0.7849
IMDN™ 715 32.21 28.58 27.56 26.04 0.8948 0.7811 0.7353 0.7838
RFDN? 643 32.28 28.61 27.58 26.20  0.8957 0.7818 0.7363 0.7883
LatticeNet"* 777 32. 30 28. 68 27.62 26.25  0.8962 0.7830 0.7367 0.7873
RLFN! 4 543 32.24 28. 62 27. 60 26.17  0.8952 0.7813 0.7364 0.7877
SwinIRM" 897 32. 44 28.77 27.69 26.47  0.8976 0.7858 0.7406  0.7980
BSRN- 352 32. 35 28.73 27.65 26.27  0.8966 0.7847 0.7387 0.7908
VapSR#! 342 32.38 28.77 27.68 26.35  0.8978 0.7852 0.7398 0.7941
Omni-SR* 792 32.49 28.78 27.71 26. 64 0.8988 0.7859 0.7415 0.8018
RPSRnet (4 30) 724 32.47 28. 81 27.71 26. 49 0.8985 0.7865 0.7417 0.797 8
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Table 3 Average running time required in scale 4
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il Set5  Setl4 BSD100 Urbanl00
EDSR 1518 0.19  0.24 0.12 0.39
VDSR 666 0.12  0.18 0.08 0.38
RPSRnet 724 0.09  0.16 0.05 0.31
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Fig. 5 Reconstruction results comparison with four images in two test sets using seven methods in scale 4
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Table 4 PSNR comparison of different pixel attention block

in scale 4
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Table 5 PSNR comparison of different progressive local-

multi attention block numbers in scale 4

V{51 L /dB

BB K S0

Set5  Setl4 BSDS100 Urbanl00
6 556 32.31 28.68 27.62 26. 24
7 640 32.38 28.72 27.65 26. 32
8 724 32.47 28.81 27.71 26.49
9 809 32.50 28.85 27.74 26.53
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