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Abstract: Objective Image super-resolution aims to enhance the resolution and quality of low-resolution images, making
them more visually appealing and suitable for human or machine recognition. By utilizing a series of degraded low-
resolution images with coarse details, the objective is to reconstruct high-resolution images with finer details. The applica-
tions of super-resolution algorithms are vast and encompass areas, such as object detection, medical pathological analysis,

remote sensing satellite images, and security monitoring. The promising prospects of these applications have led to an
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increased recognition of the importance of image super-resolution algorithms among researchers. With the advancement of
deep learning in computer vision, this method has been successfully applied to image super-resolution, leading to signifi-
cant achievements. However, the substantial number of parameters and the computational requirements of super-resolution
models result in slow running speeds, limiting their practicality in real-world development and generation, particularly in
mobile and edge devices. To address this issue, several lightweight super-resolution models have been proposed. Among
these models, the Transformer-based approach stands out because it provides rich detail information in reconstructed
images. However, this type of model still suffers from computational redundancy and large model size. To overcome these
challenges, this study presents a novel lightweight super-resolution network based on the Transformer architecture.
Method A blueprint separable convolution Transformer network (BSTN) is proposed for lightweight image super-
resolution. BSTN is divided into three parts: shallow feature extraction, deep feature extraction, and image reconstruc-
tion. In the shallow feature extraction stage, a 3 X 3 standard convolution operation is employed to extract low-level fea-
tures from the input image. This initial feature extraction step helps capture basic image information, which is directly
transmitted to the tail of the network to provide residual information via the long skip connection. The deep feature extrac-
tion component is composed of four successive residual attention Transformer groups (RATGs). The key elements within
this stage are the shift channel attention module (SCAB) and the blueprint multi-head self-attention block (BMSAB).
SCAB and BMSAB are combined to form the hybrid attention Transformer module (HATB). Two HATBs are connected
together with a residual connection, and a standard convolution operation is applied to follow the two HATBs to construct
the RATG. The blueprint feed-forward neural network is first designed for effectively suppressing low-information features
and retaining only relevant and useful information. Then, the blueprint feed-forward neural network is introduced into the
two aforementioned attention modules to efficiently extract the significant deep features for super-resolution. SCAB consists
of three major components: shift convolution, contrast-aware channel attention, and blueprint feed-forward neural net-
works. Shift convolution reduces the number of network parameters and performs spatial information aggregation, enabling
effective information fusion across different regions of the image. The contrast-aware channel attention mechanism focuses
on important channel information, enhancing the representation of crucial features. BMSAB consists of a blueprint multi-
head self-attention and a blueprint feed-forward neural network. This module allows for the extraction of self-attention with
reduced computational complexity while suppressing low-information features through the blueprint feed-forward neural net-
work. Finally, the shallow features extracted in the earlier stage and the deep features obtained from the RATGs are added
together. The combined features are then processed using pixel shuffle, a technique that rearranges features to increase
their spatial resolution. This final step generates the reconstructed high-resolution image with improved quality and detail.
By utilizing the designed architecture and specific components, the proposed lightweight super-resolution network achieves
effective feature extraction, self-attention calculation, and image reconstruction, addressing the challenges of parameter
redundancy and large model size commonly encountered in Transformer-based super-resolution models. Our method is
implemented using PyTorch on NVIDIA RTX 3090 GPU. The training datasets used in this study are DIV2K and Flicr2K,
which consist of 800 and 1 000 images, respectively. Batch size is set to 32, and the patch size of the training data is set to
48 x 48 pixels. The initial learning rate is set to 5107 and updated with an Adam optimizer by using a cosine descent strat-
egy, while the total iteration is 10°. Result The proposed method is compared with 11 state-of-the-art approaches on 4 datas-
ets. In accordance with the quantitative results, the proposed method has achieved varying degrees of improvement in dif-
ferent magnifications and datasets, while parameter size and floating-point operations are at low levels. When the magnifi-
cation factor is 2, the peak signal to noise ratio (PSNR) of this model is ranked first place on Set5, Set14, BSD100, and
Urban100. It performs well on Set5 and Setl4, surpassing the second-best model by 0. 11 dB and 0. 08 dB, respectively.
When the magnification factor is 3, the PSNR also ranks first place, surpassing Set5 and Urban100 by 0. 16 dB and
0.06 dB, respectively. When magnification is 4, it still ranks first place and outperforms the second-place models by
0.17, 0.05, and 0. 04 dB on Set5, BSD100, and Urban100, respectively. In accordance with the qualitative results, the
reconstructed image of the proposed method is clear, the blurred area is small, and details are rich. Conclusion A large
number of comparative experiments and ablation studies demonstrate that the proposed EBST not only achieves state-of-the-

art super-resolution results with excellent quantitative and visual performance, but it also has fewer parameters and floating-
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point operations. In particular, the proposed blueprint separable multi-head self-attention can effectively perform self-

attention in Transformer blocks through a concise structure. The proposed blueprint feed-forward neural network can focus

on helpful information and filter out useless information for super-resolution, resulting in high efficiency and low cost. It

can be seamlessly integrated into other modules. Although our method performs well, its advantages in terms of lightweight

models are in evident and should be further enhanced.
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Fig. 1 The structure of blueprint separable convolution Transformer network
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Fig. 3 The details of blueprint separable convolution
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Table 1 Software and hardware environment

of the experimental platform

el S RAS

CPU T 5 Intel(R) Xeon(R) Gold 6240C
BARAEG NVIDIA GeForce RTX 3090
BAF 24576 M

BIERSE Ubuntu 20.04.1

Python 3.8.13

PyTorch 1.13.0

torchsummaryX 1.3.0

CUDA 11.7
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Fig. 7 Comparison between PSNR, parameters and flops

3.2.1 FWMLELE R

& O B AE B AR 4 SetS. Setl4, BSD100 Al
Urban100 I () 28 it 7% 55328 5 LA SO 45 51 L
Fo—F4, Hrp s B RN A3 x 1280 x
72014 Z K4 . SRCNN 255 1 DT IR %)
1 SR o B E A W 45, aT LA & B0 SRCNN 2 1
Pk, & ik e A R LA T KT
K SRCNN HHH TS RUZ , Bt S50 %0,
A2 S GO P e A T R AR BRI, V7 5 i B i
Ko EHAB P PAN IS EUR /DN (B T2 T
A R M A2 R TR 2R AE T LAAE 4 B0 4 13k
M. BRLE A S HGR AR R AR AL
F—AIEHALE 5 Transformer 28 77 15 AH AL T —
AR

PL2fE R af ], 2 f5 o B g R
AL EAE PSNR U e fE: , 76 Set5 il Set14 |45
SEIE, B T ERESS 2 197775 0. 11dB 10. 08 dB.
7 Urban100 |- SSIM B&AI% T NGSwin, iG55 2 44 {0
e LA M A B A, 33k 2 R NGSWin ffi FH T
Bahtd O, NILRER A IR Z 455 B . A EL
NGSwin, 4% L7 VA7 H A KRB R B T8 2 401y
FELHESUK T S E R . fE4fR PR
L ARSI R RESE T S B R B, PSNR TE 45 £ i 42

883



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 29,No. 4,Apr. 2024

R2 ARAFEN2EBLIWREIITMER

Table 2 Results of objective results of 2 x super-resolution for different methods

- Set5 Set14 BSD100 Urban100
o BRI @;E/C PR g PNR gy PR gy PINR iy
/dB /dB /dB /dB
SRCNN(Dong %,2014) 8 527 3666 09542 3245 09067 3136 08879 2950 0.8946
VDSR(Kim %,2016a) 666 6126 3753 09587 33.03 09124 3190 08960 30.76  0.9140
CARN(Ahn %,2018) 1592 2228 3776 09590 3352 09166 3209 08978 3192 09256
EDSR(Lim %,2017) 1370 3162 37.99 09604 3357 09175 3216 0.8994 3198 0.9272
IMDN (Hui % ,2019) 694 1588 3800 09605 33.63 09177 3219 08996 32.17 09283
PAN(Zhao %,2020) 261 70.5 3800 09605 3359 09181 3218 08997 3201 09273
LAPAR-A(Li 4,2020) 548 1710 3801 09605 33.62 09183 3219 08999 3210 09283
Lattice(Luo %% ,2020) 756 169.5 3806 09607 3370 09187 3220 08999 3225 09288
ESRT(Lu 4,2022) 677 1181 3803 09600 3375 09184 3225 09001 3258 09318
NGSwin(Choi 4,2023) 998 1404 3805 09610 3379 09199 3227 09008 32.53 09324
LBNet(Gao % ,2022) 731 153.2 3805 09607 33.65 09177 3216 08994 3230 09291
AL 736 163.6 3817 09616 3387 09201 3228 09010 32.60 09318

E LTRSS % 9 e LA 2R

R3 FARAFENIBEIWRENITMER

Table 3 Results of objective results of 3 x super-resolution for different methods

- Sets Set14 BSD100 Urban100
e BEEK gpe PSR ssim PN gy PR gy PR gy
/4B /dB /4B /4B
SRCNN(Dong %:,2014) 8 527 3275 09090 2930 08215 2841 07863 2624 0.7989
VDSR(Kim % ,2016a) 666 6126 3366 09213 2977 08314 2882 07976 27.14 0.8279
CARN(Ahn %,2018) 1592 1188 3429 09255 3029 08407 29.06 0.8034 2806 08493
EDSR (Lim %,2017) 1555 1623 3437 09270 3028 08417 29.09 08052 28.15 0.8527
IMDN (Hui %,2019) 703 715 3436 09270 3032 08417 29.09 08046 28.17 08519
PAN(Zhao % ,2020) 261 390 3440 09271 3036 08423 2911 08050 2811 08511
LAPAR-A(Li %,2020) 544 114 3436 09267 3034 08421 2911 08054 2815 08523
Lattice(Luo %, 2020) 765 763 3440 09272 3032 08416 29.10 08049 28.19 0.8513
ESRT(Lu % ,2022) 770 618 3442 09268 3043 08433 2915 08063 2846 08574
NGSwin(Choi % ,2023) 1007 66.6 3452 09282 3053 0.8456 29.19 08078 2852 0.8603
LBNet(Gao % ,2022) 736 684 3447 09277 3038 08417 29.13 08061 2842 08559
A3 742 722 3468 09296 3054 08451 2923 08081 28.62 0.8604

T L P SRR % 8 i A2 2R

| HSEUS AN R R AU, P A Sets FATUEIH 40 SCO i KA T NGSwin 24 74% S 5B i SE 1 1 %%
S5 2 (9 NGSwin 0. 17dB, SSIM B 7E Setl4 7% 5 RHEF NGSwin B HE @ PERE . ESRT 2 —Fh i 4ot
T NGSwin, 76 HAE 3 5 DAREUAS 400, Ao, A JEMHREUE ARG B, AR SO T S5 E R E
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Table 4 Results of objective results of 4 x super-resolution for different methods

— Set5 Set14 BSD100 Urban100
N o 1 rR1s

ke B %i/c PR g PNR gy PR gy PINR iy

/dB /dB /dB /dB

SRCNN(Dong %,2014) 8 527 3048 08626 2750 07513 2690 07101 2452 07221
VDSR(Kim %,2016a) 666 6126 3135 08838 2801 07674 2729 07251 25.18 0.7524
CARN(Ahn %,2018) 1592 90.9 3213 0.8937 2860 07806 2758 07349 2607 0.7837
EDSR(Lim %,2017) 1518 1142 3209 08938 2858 07813 2757 0.7357 2604 0.7849
IMDN (Hui %£,2019) 715 409 3221 0.8948 2858 07811 2756 07353 2604 0.7838
PAN(Zhao %,2020) 272 282 3213 0.8948 2861 07822 2759 07363 26.11 07854
LAPAR-A(Li %,2020) 659 940 3215 0.8944 2861 07818 27.61 07366 26.14 07871
Lattice(Luo %% ,2020) 777 43.6 3218 0.8943 2861 07812 2757 07355 26.14 07844
ESRT(Lu 4,2022) 751 477 3219 0.8947 2869 07833 27.69 07379 2639 0.7962
NGSwin(Choi %,2023) 1019 364 3233 0.8955 2878 0.7859 27.66 07396 2645 0.7963
LBNet(Gao 4 ,2022) 742 389 3229 0.8960 28.68 07832 27.62 07382 2627 0.7906
A 751 418 3250 0.8985 2878 07852 2771 07403 2649 07965
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Fig. 8 Comparison of different methods for

2X super-resolution visualization
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Fig. 9 Comparison of different methods for

3% super-resolution visualization
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Fig. 10  Comparison of different methods for

4X super-resolution visualization
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Table 5 Results of 4 x super-resolution for different number of RATGs
) b Set5 Set14 BSD100 Urban100
o SHEK L
BR/G pSNR/IB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
3 579 31.7 32.35 0.897 5 28.70 0.7835 27.65 0.7386 26.31 0.7919
4 715 41.8 32.43 0.898 3 28.75 0.7848 27.68 0.7393 26.39 0.7939
5 923 50.8 32.42 0.898 6 28.75 0.7847 27.66 0.7391 26.39 0.7943
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Table 6 Results of 4 x super-resolution for different feed-forward neural network in BSTN

887

‘ SR FEE Set5 Set14 BSD100 Urban100
i /K H/G psNR/AB SSIM PSNR/AB SSIM PSNR/IB  SSIM PSNR/IB  SSIM
BSTN_I 795 22.8 3207  0.8938 2849 07786 2750 07339 2589  0.7790
BSTN_2 795 22.8 3207 0.8943 2852 07794 2752 07346 2589  0.7799
BSTN 715 41.8 3243  0.8983 2875 07848  27.68 07393 2639  0.7939
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Table 7 Results of 4 x super-resolution ablation experiments for shift convolution

- s i = Set5 Set14 BSD100 Urban100
PG psSNR/AB SSIM PSNR/IB SSIM PSNR/IB  SSIM  PSNR/IB  SSIM
WiH3x3HM 1914 1097 3239 0.8977  28.68 07834  27.64 07386 2622  0.7892
BEhER 715 418 3243 08983 2875 0.7848  27.68  0.7393 2639 0.7939
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