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Abstract: Objective With the development of deep learning, the performance of single-image super-resolution
reconstruction networks has been significantly improved. However, these networks are often accompanied by high
computational complexity and memory consumption, which hinders their deployment on edge devices or in real-time
application scenarios. To address this issue, an image super-resolution reconstruction network based on partial feature
convolutional aggregation is designed. Methods First, a convolution was used to extract features from low-resolution
images. Then, the extracted features were processed by partial feature convolutional aggregation blocks. Finally, an
upsampling block was used to reconstruct the high-resolution image. The partial feature convolutional aggregation block
consists of two modules: the partial feature convolution module, which further reduces the number of parameters and the

computational complexity of the network, and the feature aggregation module, which fully mixes convolved features with
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unconvolved features to improve network performance.

Results Experimental results showed that,

compared with

advanced lightweight networks such as ECBSR and RepSR, the proposed network achieved improvements in both peak

signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM) on four standard benchmark datasets.

Conclusion The proposed method achieves a better balance between the number of parameters,

computational

complexity, and performance. It is suitable for super-resolution reconstruction tasks on resource-constrained edge devices

such as mobile phones, VR, and AR.

Keywords: image super-resolution reconstruction; partial feature convolution; feature aggregation; lightweight
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Fig.2 Architecture of partial feature convolution and

feature blending block
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Table 1 Quantitative comparison results ( x4) of different methods on four benchmark datasets

£%%  FLOPs Set 5 Set 14 B100 Urban 100
5 4 F ook
/K /G PSNR(dB)/SSIM  PSNR(dB)/SSIM  PSNR(dB)/SSIM PSNR(dB)/SSIM
A0 FSRCNN™ 12 5 30.70/0. 865 7 27.59/0.753 5 26.96/0.712 8 24.60/0.725 8

Al SESR-M5C16!!"

18.32 1. 05 30.99/0. 876 4 27.81/0.762 4 27.11/0.719 9 24.80/0.738 9

A2 ECBSR-M4C16™" 11.9 0. 69 31.04/0. 880 5 27.78/0.769 3 27.09/0.728 3 24.79/0.742 2
A3 RepSR-M4C16!" 11.9 0. 69 31.02/0. 881 7 27.88/0.771 5 27.10/0.729 3 24.82/0.743 4
A4 PCAN-M4C16 15.9 0.92 30. 89/0.874 3 27.81/0.762 5 27.05/0.717 9 24.75/0.737 1
B0 TPSR-NeGAN™ 61 3.6 3L10/0.8779  27.950.7663  27.150.7214  24.97/0.7456
B1 IMDN-RTC!* 21 1.22 31.22/0.884 4 27.92/0.773 0 27.18/0.731 4 24.98/0.750 4

B2 SESR-M11C16!'7

32.14 1.85 31.27/0.881 0 27.94/0.766 0 27.20/0.722 5 25.00/0.746 6

B3 ECBSR-M10C16!"” 26 1.5 31.37/0.886 6 27.99/0.774 0 27.22/0.732 9 25.08/0.754 0

B4 RepSR-M10C16M" 26 1.5 31.36/0.887 3 28.09/0.776 3 27.23/0.733 3 25.10/0.754 5

B5 PCAN-M10C16 28. 65 1.7 31.33/0.882 6 28.06/0.768 7 27.22/0.723 7 25.08/0.750 1
Gl EDSR-RSC32Y 2418 1415 31.46/0.8880  28.07/0.7760  27.27/0.730  25.21/0.7579

2 SESR-M11¢320'7]

C3 ECBSR-M10C32!" 98,1 5.65 31. 66/0. 8

C4  RepSR-M10C32["™ 981 5.65 31. 66/0. 892 0 28.28/0.781 1 27.35/0.737 2 25.46/0. 767 4
cs5 PCAN-M10C32 98.5 5.73 31.78/0. 890 2 28.36/0.776 0 27.39/0.729 8 25.57/0.767 3
D0 LapsRNY 813 149.4  31.54/0.8850  28.19/0.7720  27.320.7280  25.21/0.7560
DI VDSR™! 665 612.6 31.35/0.883 8 28.02/0.767 8 27.29/0.725 2 25.18/0.752 5
D2 CARN-M"* 412 46. 1 31.92/0. 890 3 28.42/0.776 2 27.44/0.730 4 25.62/0.769 4
D3 IMDN"* 667.4  38.41 32.03/0. 896 6 28.42/0.784 2 27.48/0.740 9 25.96/0.784 3
D4  ECBSR-M16C64!"  602.9  34.73 31.92/0. 894 6 28.34/0.781 7 27.48/0.739 3 25.81/0.777 3
D5  RepSR-M16C64!"  602.9  34.73 31.94/0. 896 1 28.44/0.785 3 27.48/0.782 5 25.88/0.782 5
D6 PCAN-M16C64  561.7  32.52 32.18/0. 895 4 28. 60/0. 782 0 27.58/0.736 1 26.08/0.784 7

FIr A W 48 2970 R RGBS 4 WYBCE T AR
TR Y JHIE F i EIE(E{F MR L (Peak Signal-to—Noise

Ratio, PSNR) 5 %5 ¥4 #H 1Ll ¥4 45 #5 ( Structure Similarity
Index Measure, SSIM ), 7 = Hb [ %% M 2% 08 4 BE .
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Fig.3 Visual comparison results
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Table 2 Ablation experiment results of partial convolution

module and feature mixing module

WML HERES SHEF FLOPs Set 5
AR A3k /K /G PSNR(dB)/SSIM
x X 117.8 6.8 31.70/0. 889 1
v x 77.4 4.5 31.48/0.872 8
v v 98.5 5.7 31.78/0. 890 2

E: AR BAREA I 0 BRI — AT B AR,
M 2 AT LAFE Y [8] ( FH38 234 i 4 AU S 5
RFAE TR 3 A R A AU Al 3% i 4 ARUBE R PSNR 4 T
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Fig.4 Structure of convolution—activation—convolution
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Table 3 Ablation experiment results for residual links

N o Set 5 Set 14 B 100 Urban 100
ik £ F/K l

PSNR (dB)/SSIM PSNR (dB)/SSIM PSNR (dB)/SSIM PSNR (dB) /SSIM
M % 1 107.2 3 31.54/0.885 9 28.21/0.772 2 27.30/0.726 7 25.31/0.758 1
PCAN 98.5 6 31.78/0.890 2 28.36/0.776 0 27.39/0.729 8 25.57/0.767 3

MFE 3 AT, %% 1 IR B Rk 25 B 4 | ok
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Fig. 5 Ablation experiment results for hyperparameter p
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Table 4 Ablation experiment results for hyperparameter p

Set 5 Set 14 B 100 Urban 100
P A #ZF/K FLOPs/G
PSNR(dB)/SSIM  PSNR(dB)/SSIM  PSNR(dB)/SSIM PSNR(dB)/SSIM
0.25 52.29 3.05 31. 60/0. 886 9 28.23/0.772 7 27.32/0.727 0 25.33/0.758 8
0.5 69. 65 4.06 31.71/0.889 0 28.30/0.774 4 27.36/0.728 5 25.44/0.766 9
0.75 98.5 5.73 31.78/0. 890 2 28.36/0.776 0 27.39/0.729 8 25.57/0.767 3

MIE 5 AT LA Y, 24 p=0.25 i, BRI 4 B S 5L
AR, (ER A A (g PERE S B 2 R B AFE, M p=
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Fig. 6 Ablation experiment results for hidden layer dimension
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