wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFRRRBIERMIENNEMBNHEEGES HEER
REE, KF RE% BRXIE 20 B

5IAEX

REE, KF, RER BHKRE iz, IMETHRRERIFBIIEANBRENHFEEGESHRE
#Z[)]. iTENRE, 2023, 50(6A): 220700016-8.
LIANG Meiyan, ZHANG Yu, LIANG Jianan, CHEN Qinghui, WANG Ru, WANG Lin. Pathological Image
Super-resolution Reconstruction Based on Sparse Coding Non-local AttentionDual Network [J].

Computer Science, 2023, 50(6A): 220700016-8.

BN EEE (SERXINEE IE SR EENE)

Similar articles recommended (Please use Firefox or IE to view the article)

ATT&CKIEZR T ETEHFFIKERRIM BB RN E S

Network Advanced Threat Detection System Based on Event Sequence Correlation Under ATT&CK
Framework

HEHRIE, 2023, 50(6A): 220600176-7. https://doi.org/10.11896/jsjkx.220600176

ERUREEEINBHEGES YREE

Image Super-resolution Reconstruction Based on Structured Fusion Attention Network

HEHRIE, 2023, 50(6A): 220600240-5. https://doi.org/10.11896/jsjkx.220600240

ETREZRELSHRRRRBNEGEREE

Image Denoising Algorithm Based on Deep Multi-scale Convolution Sparse Coding

HENRSE, 2023, 50(4): 133-140. https://doi.org/10.11896/jsjkx.220100090

KRBFFEZIRMEBAERBRND XENEE

Branch & Price Algorithm for Resource-constrained Project Scheduling Problem

HENRIE, 2022, 49(12): 274-282. https://doi.org/10.11896/jsjkx.211100276

ETHSEFENTF=REENNEGED PIEEENE
Image Super-resolution Reconstruction Network Based on Dynamic Pyramid and Subspace Attention

HEHNRIE, 2022, 49(11A): 210900202-8. https://doi.org/10.11896/jsjkx.210900202


https://www.jsjkx.com/CN/10.11896/jsjkx.220700016
https://www.jsjkx.com/EN/10.11896/jsjkx.220700016
https://www.jsjkx.com/CN/10.11896/jsjkx.220600176
https://doi.org/10.11896/jsjkx.220600176
https://www.jsjkx.com/CN/10.11896/jsjkx.220600240
https://doi.org/10.11896/jsjkx.220600240
https://www.jsjkx.com/CN/10.11896/jsjkx.220100090
https://doi.org/10.11896/jsjkx.220100090
https://www.jsjkx.com/CN/10.11896/jsjkx.211100276
https://doi.org/10.11896/jsjkx.211100276
https://www.jsjkx.com/CN/10.11896/jsjkx.210900202
https://doi.org/10.11896/jsjkx.210900202

http: /www. jsjkx. com

T
O (ﬁ: (+( DOI: 10. 11896/jsjkx. 220700016

ETHEHLERBEIENNENENFERGESHRER

REE' % F ZREZR' KBEKE X @' E W
1 LA ESEFIEFER  KJFE 030006

2L HAREER . LDHENAFEZER KK 030032
SHEFHEAFRAFEFHEMBERFER &R 430030

H E AomrnlFRRRRRaRELHNERLRE EFEEFARAATEZEL, KAh . 2R RESHERA
KGR EFHERZ O H#EREARELERE, 2ROAREIHEZTEF LS THRAEAGAMBRERLS T . SR ELEH
BmPEMARGAE  REATHREFER, AR X PR EAHRLHDIERINIZE N B M %, @i bR A fo R 18 S
PR GBBERREZANN GHARABABE I AR AFTAREFZARAR S HE T A, TS REAGSM
1Sk fe LM AR A 5 H3A B) T 30.84dBA» 0.914, MARERAN . IR FEFRERBEAREZFAR T SR m Y O HE
EBIFOGHARDERFREZEZANANCA R G T ARG E A REFZARR AR TR M ART &,

KB ARG D ERHFEZN  HBRE REER RS HE

REZESES TP391

Pathological Image Super-resolution Reconstruction Based on Sparse Coding Non-local Attention
Dual Network

LIANG Meiyan' ,ZHANG Yu',LIANG Jianan' ,CHEN Qinghui' , WANG Ru' and WANG Lin*"*
1 College of Physics and Electronics Engineering, Shanxi University, Taiyuan 030006 ,China
2 Shanxi Bethune Hospital, Third Hospital of Shanxi Medical University, Taiyuan 030032, China

3 Tongji Hospital Tongji Medical College, Huazhong University of Science and Technology, Wuhan 430030, China

Abstract High-resolution pathological images are the objective criteria for high-precision disease diagnosis,which have great sig-
nificance in the field of precision medicine. However.it is difficult to obtain high-resolution pathological images in real time,due to
the limited resolution and constrained scanning time of hardware devices. Classical image super-resolution reconstruction algo-
rithm is not suitable for pathological images because the parameters of the model are difficult to estimate, resulting in blurred and
unrealistic image details after super-resolution reconstruction. Therefore, sparse-coding non-local attention dual network
(SNADN) is proposed, which uses Gaussian constraints, hash coding and parameter sharing strategy in the dual branches, to
achieve high accuracy and high efficiency super-resolution reconstruction of pathological images. The PSNR and SSIM of the re-
constructed pathological images can reach 30. 84 dB and 0. 914, respectively. The results show that SNADN can not only achieve
accurate reconstruction of high-frequency details in pathological images,but also the lightweight sparse coding non-local attention
mechanism can effectively improve the modeling efficiency. It is an effective method for super-resolution reconstruction of patho-
logical images.

Keywords Sparse coding,Non-local attention,Dual network,Pathological image,Super resolution
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Fig.5 Super-resolution reconstruction of pathological images using

sparse coding non-local attention dual network
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Fig. 74X reconstruction of pathological images using different super-resolution algorithms
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Table 3 Quantitative comparison of different super-resolution
algorithms
Method Scale Parameters PSNR/dB  SSIM
Bicubic X4 23.32 0.632
SRgan X4 1.6x106 23.42 0.708
CSNL X4 1.6 % 108 26. 40 0.748
TTSR X4 6.7x106 25.77 0.722
IRN X4 4.3%106 30.57 0.911
OURs X4 3.2X108 30. 84 0.914
Bicubic X2 30.15 0.902
SRgan X2 1.6x106 29.50 0.937
CSNL X2 0.7x108 34.35 0. 950
TTSR X2 4. 4106 33.87 0.945
IRN X2 1.6X10° 38.48 0.984
OURs X2 1.0x 108 38.00 0.983
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Fig. 8 PSNR and SSIM of different super-resolution algorithms

GERIE AR SCHR T TR I 4 AT AR SR R T A X A
AR 2R AR S SR AR AR I SR A T AN XA 43 32, T 4 A
LYo DA e 2 B0 B2 SR W L o 2 ST A ERAR Ay R R s )
1R 43 R R 2 () ) 0[] B S, DA S BT 4 2L B R 1Y R 4
ek, A 45 R A9 PSNR Al SSIM 43 % 4 30. 84 dB Al
0.914, 4553 B L7 o5 4 T Al Jmy 350 7 0 09 ) () AR AR
AFLff e T 9 B 2% K145 43 % 2 i A AR R M — 1 [R) A R Ak

4 B D 1 R 8 R 0 et 7 AR AU B A ) e T LR
I A PR Y SRR A R, R — B A R 2 B R AR T T

& % X

[1] TSAIR,HUANG T. Multiframe image restoration and registra-
tion[ ] ]. Advances in Computer Vision and Image Processing,
1984,1(2):317-339.

[2] YUE L,SHEN H,LI J,et al. Image super-resolution; The tech-
niques, applications, and future [ J ]. Signal Processing. 2016,
128:389-408.

[3] TSAI R,HUANG T. Moving image restoration and registration
[C]//1IEEE International Conference on Acoustics, Speech, and
Signal Processing. IEEE,1980:418-421.

[4] LIU L,LUO T. Application of Interpolation in Image Processing
[J]. Silicon Valley,2009,9:9-10.

[5] IRANI M,PELEG S. Improving resolution by image registration
[J]. CVGIP: Graphical Models an Image Processing. 1991,
53(3):231-239.

[6] PATTIA]J,SEZAN M, TEKALP A. High resolution standards
conversion of low resolution video[ C]//1995 International Con-
ference on Acoustics, Speech, and Signal Processing. IEEE,
1995,4:2197-2200.

[7] LIU C,SUN D. On Bayesian adaptive video super resolution[ ]].
IEEE Transactions on Pattern Analysis and Machine Intelli-
gence,2013,36(2) :346-360.

[8] SEUNG H.LEE D.The manifold ways of perception[]].
Science,2000,290(5500) :2268-2269.

[9] YANG J,WRIGHT J,HUANG T,et al. Image super-resolution
via sparse representation[ ] ]. IEEE Transactions on Image Pro-
cessing,2010,19(11) :2861-2873.

[10] HINTON G,SALAKHUTDINOV R. Reducing the dimension-
ality of data with neural networks [ ] ]. Science, 2006,
313(5786) :504-507.

[11] DONG C,LOY C,HE K.,et al. Learning a deep convolutional
network for image super-resolution[ C]J / European Conference
on Computer Vision. Cham:Springer,2014:184-199.

[12] KIM J,LEE J,LEE K. Accurate image super-resolution using
very deep convolutional networks[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2016
1646-1654.

[13] DONG C,LOY C, TANG X. Accelerating the super-resolution
convolutional neural network [ CJ // European Conference on
Computer Vision. Cham: Springer,2016:391-407.

[14] SHI W,CABALLERO J,HUSZAR F,et al. Real-time single
image and video super-resolution using an efficient sub-pixel
convolutional neural network [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2016
1874-1883.

[15] GOODFELLOW 1,POUGET-ABADIE ]J,MIRZA M,et al. Ge-
nerative adversarial nets [ J ]. Communications of the ACM,
2020,63(11):139-144.

[16] LEDIG C,THEIS L,HUSZAR F,et al. Photo-realistic single
image super-resolution using a generative adversarial network
[C1// Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2017 :4681-4690.

[17] KIM J,LEE J,LEE K. Deeply-recursive convolutional network
for image super-resolution[ C] // Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. 2016

1637-1645.

220700016-7



Com puter Science

HERRE

Vol. 50,No. 6A,June 2023

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

IANDOLA, MOSKEWICZ M, KARAYEV S, et al. Densenet:
Implementing efficient convnet descriptor pyramids[ ] ]. arXiv:
1404. 1869,2014.

TONG T,LI G,LIU X,et al.Image super-resolution using
dense skip connections[ C] // Proceedings of the IEEE Interna-
tional Conference on Computer Vision. 2017:4799-4807.
ZHANG K,SUN M,HAN T,et al. Residual networks of resi-
dual networks; Multilevel residual networks[J]. IEEE Transac-
tions on Circuits and Systems for Video Technology, 2017,
28(6):1303-1314.

TATI Y, YANG J,LIU X, et al. Memnet: A persistent memory
network for image restoration[ C] // Proceedings of the IEEE In-
ternational Conference on Computer Vision. 2017 :4539-4547.
LIM B,SON S,KIM H,et al. Enhanced deep residual networks
for single image super-resolution[ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition Work-
shops. 2017:136-144.

YU J.FAN Y, YANG J,et al. Wide activation for efficient and
accurate image super-resolution[ ], arXiv:1808. 08718,2018.
ZHANG Y., TIAN Y,.KONG Y, et al. Residual dense network
for image super-resolution[ C] // Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. 2018
2472-2481.

ZHANG Y,LI K,LI K, et al. Image super-resolution usingvery
deep residual channel attention networks[ C] // Proceedings of
the European Conference on Computer vision (ECCV). 2018:
286-301.

LAT W,HUANG J.AHUJA N,et al. Deep laplacian pyramid
networks for fast and accurate super-resolution[ C]J // Procee-
dings of the IEEE Conference on Computer Vision and Pattern
Recognition. 2017 :624-632.

CHEN R,ZHANG H, LIU ]J. Multi-attention augmented net-
work for single image super-resolution[ ] ]. Pattern Recognition,
2022,122:108349.

WANG X T,YU K,DONG C,et al. Recovering realistic texture
in image super-resolution by deep spatial feature transform
[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2018.:606-615.

LIU J,ZHANG W, TANG Y.et al. Residual feature aggregation
network for image super-resolution[ C] // Proceedings of the
IEEE/CVFCconference on Computer Vision and Pattern Recog-
nition. 2020:2359-2368.

LIU Y,ZHANG S, XU J, et al. An accurate and lightweight
method for human body image super-resolution [J]. IEEE
Transactions on Image Processing,2021,30:2888-2897.

AN Z,ZHANG J.SHENG Z,et al. RBDN: Residual Bottleneck
Dense Network for Image Super-Resolution[ J]. IEEE Access,
2021,9:103440-103451.

ANDONI A, INDYK P, LAARHOVEN T, et al. Practical and
optimal LSH for angular distance[ ] ]. Advances in Neural Infor-
mation Processing Systems,2015,28:1225-1233.

TERASAWA K, TANAKA Y. Spherical LSH for approximate
nearest neighbor search on unit hypersphere[ C]// Workshop on
Algorithms and Data Structures. Springer, Berlin, Heidelberg,
2007:27-38.

TIAN C,ZHANG X, LIN J,et al. Generative Adversarial Net-
works for Image Super-Resolution: A Survey[ J]. arXiv: 2204.
13620,2022.

WANG X,YU K,WU S, et al. Esrgan: Enhanced super-resolu-

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

220700016-8

tion generative adversarial networks[ C] // Proceedings of the
European Conference on Computer Vision(ECCV) workshops.
2018:8-14.

JIANG D, ZHANG S, DAI L.et al. Multi-scale generative ad-
versarial network for image super-resolution[ J]. Soft Compu-
ting,2022,26(8) :3631-3641.

PARK S,MOON Y,CHO N. Flexible Style Image Super-Reso-
lution using Conditional Objective[ J]. IEEE Access, 2022, 10:
9774-9792.

SONG J,YI H,XU W,et al. Dual Perceptual Loss for Single
Image Super-Resolution Using ESRGAN [ ] ]. arXiv: 2201.
06383,2022.

MEI Y,FAN Y,ZHOU Y, et al. Image super-resolution with
cross-scale non-local attention and exhaustive self-exemplars
mining[ C] // Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. 2020:5690-5699.

PANG S,CHEN Z,YIN F. Lightweight multi-scale aggregated
residual attention networks for image super-resolution[ J]. Mul-
timediaTtools and Applications,2022,81(4) :4797-4819.

MEI Y,FAN Y,ZHOU Y. Image super-resolution with non-
local sparse attention[ C]// Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. 2021:
3517-3526.

RONNEBERGER O,FISCHER P,BROX T. U-net:Convolu-
tional networks for biomedical image segmentation[ C] // Inter-
national Conference on Medical Image Computing and Compu-
ter-assisted Intervention. Cham: Springer,2015:234-241.

HU X,NAIEL M, WONG A, et al. RUNet: A robust UNet ar-
chitecture for image super-resolution[ CJ // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition Workshops. 2019:505-507.

XIAO M,ZHENG S,LIU C,et al. Invertible image rescaling
[C] // European Conference on Computer Vision. Cham: Sprin-
ger,2020:126-144.

GUO Y,CHEN J,WANG J,et al. Closed-loop matters: Dual re-
gression networks for single image super-resolution[ C]J // Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2020.:5407-5416.

DENG X,DRAGOTTI P. Deep convolutional neural network for
multi-modal image restoration and fusion[ ] ]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2020,43(10):
3333-3348.

YANG F,YANG H,FU J,et al. Learning texture transformer
network for image super-resolution [ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2020:5791-5800.

DINH L,KRUEGER D,BENGIO Y. NICE:Non-linear inde-
pendent components estimation[ C] // Workshop ofthe Interna-
tional Conference on Learning Representations. 2015.

DINH L, SOHI-DICKSTEIN ], BENGIO S. Density estimation
using real nvp[]]. arXiv:1605. 08803,2016.

LIANG Meiyan, born in 1984, Ph.D, as-
sociate professor. Her main research in-
terests include machine learning, deep

learning and medical image processing.



