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Self-similarity enhancement network for image
super-resolution

Wang Ronggui, Lei Hui, Yang Juan®, Xue Lixia
School of Computer and Information, Hefei University of Technology, Hefei, Anhui 230601, China

Abstract: Deep convolutional neural networks (DCNN) recently demonstrated high-quality restoration in the single
image super-resolution (SISR). However, most of the existing image super-resolution methods only consider
making full use of the inherent static characteristics of the training sets, ignoring the internal self-similarity of low-
resolution images. In this paper, a self-similarity enhancement network (SSEN) is proposed to address above-
mentioned problems. Specifically, we embedded the deformable convolution into the pyramid structure and
combined it with the cross-level co-attention to design a module that can fully mine multi-level self-similarity, namely
the cross-level feature enhancement module. In addition, we introduce a pooling attention mechanism into the
stacked residual dense blocks, which uses a strip pooling to expand the receptive field of the convolutional neural
network and establish remote dependencies within the deep features, so that the patches with high similarity in
deep features can complement each other. Extensive experiments on five benchmark datasets have shown that the
SSEN has a significant improvement in reconstruction effect compared with the existing methods.
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i BEHLIESS 900, 180°, 270°F/K - BHEE A 1 il
B . A SCAEMES I A ) S AR Mol s A
IABOEE N8, R B B, AR
A EABREFEIR = Ak B, k2%
PG A 32, SO R U Y E B 64,
I 26 I Je e S R TE BOH 3.0 EAR, ARSCRYRRERLR
ADAM 1Ak pRER A AL 25, W28 B0 B 2 > 3R %
BER2x 107, I HARER 2 x 1002 Rk . AR
JIT 4R A4 7 92 S B0 3% ) A 2 PR 55 45 B Intel Core™
9-9900K(3.6 GHz). WM f£ 8 GB. [ & NVIDIA
GeForce GTX 2080 GPU Wi E ML, I EE N 64 {7
Ubuntu #2/E £4¢, PyTorch HE42H1 Matlab R2019a.

44 ZRERSHH

SH R, ASCH: SSEN Sk Br— s LA R
() J7 35 7B X e, H o 7% Bicubic, SRCNN',
VDSR™ | LapSRN'", M2SR™', PMRN"? I RDN"",
R TN, KT I D5 IRAE S A SRR
4E Set5, Setl4, BSD100. Urban100 il Mangal09 -
PEAT B IR, SR TS [ S A A5 B
PSNR Fil SSIM 8 bR e 53 A B3 . 345 A 25 5151
T, RPLOFERIOREMEER, EOFIRE
R EE R . I AT LIE ) SSEN 4845 /) PSNR
1 SSIM {H AR ey T4 K53 FHAh BT LY T 13545 1 45
A, LINTEBREE Set5 K 4 5 RS0 T A SC
FRA ) o (R 1% 9 PSNR i1 SSIM {HAH b T M2SR 5
BRI E T 0.19 dB 1 0.003, T PMRN J5i%k
3R T 0.08 dB A1 0.0011, 7EXCHESE Set14 Fjik
GG LT, A SCRY#E d dt JKI{R (1) PSNR Al
SSIM{E A t F OISR-RK2 J7 i 4 5l #2 /T 0.12 dB
F10.0011, AHELT DBPN Jriks3 4 1 0.07 dB F
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&1 JE#E% Sets5. Set14. BSD100. Urban100. Manga109 Lk X424k
S5 A 2. 3. 4 49-F ) PSNR(dB) #= SSIM #4945 R thix

Table 1 The average results of PSNR/SSIM with scale factor 2x, 3x and 4x on
datasets Set5, Set14, BSD100, Urban100 and Manga109
Setb Set14 BSD100 Urban100 Manga109
Scale Method

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8409 30.80/0.9339
SRCNN" 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946 35.60/0.9663
VDSR" 37.53/0.9590 33.05/0.9130 31.90/0.8960 30.77/0.9140 37.22/0.9750
M2SR® 38.01/0.9607 33.72/0.9202 32.17/0.8997 32.20/0.9295 38.71/0.9772
o LapSRN®™ 37.52/0.9591 33.08/0.9130 31.80/0.8950 30.41/0.9100 37.27/0.9740
PMRN® 38.13/0.9609 33.85/0.9204 32.28/0.9010 32.59/0.9328 38.91/0.9775

OISR-RK2"" 38.12/0.9609 33.80/0.9193 32.26/0.9006 32.48/0.9317 -
DBPN® 38.09/0.9600 33.85/0.9190 32.27/0.9000 32.55/0.9324 38.89/0.9775
RDN® 38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353 39.18/0.9780
SSEN(ours) 38.11/0.9609 33.92/0.9204 32.28/0.9011 32.87/0.9351 39.06/0.9778
Bicubic 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.96/0.8546
SRCNN" 32.75/0.9090 29.28/0.8209 28.41/0.7863 26.24/0.7989 30.59/0.9107
VDSR" 33.66/0.9213 29.77/0.8314 28.82/0.7976 27.14/0.8279 32.01/0.9310
M2SR* 34.43/0.9275 30.39/0.8440 29.11/0.8056 28.29/0.8551 33.59/0.9447
3x LapSRN®" 33.82/0.9227 29.79/0.8320 28.82/0.7973 27.07/0.8272 32.19/0.9334
PMRN® 34.57/0.9280 30.43/0.8444 29.19/0.8075 28.51/0.8601 33.85/0.9465

OISR-RK2"" 34.55/0.9282 30.46/0.8443 29.18/0.8075 28.50/0.8597 -
RDN® 34.71/0.9296 30.57/0.8468 29.26/0.8093 28.80/0.8653 34.13/0.9484
SSEN(ours) 34.64/0.9289 30.53/0.8462 29.20/0.8079 28.66/0.8635 34.01/0.9474
Bicubic 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577 24.89/0.7866
SRCNN" 30.48/0.8628 27.50/0.7513 26.90/0.7101 24.52/0.7221 27.58/0.8555
VDSR" 31.35/0.8838 28.02/0.7680 27.29/0.7260 25.18/0.7540 28.83/0.8870
M2SR® 32.23/0.8952 28.67/0.7837 27.60/0.7373 26.19/0.7889 30.51/0.9093
ax LapSRN®™ 31.54/0.8850 28.19/0.7720 27.32/0.7270 25.21/0.7551 29.09/0.8900
PMRN®™ 32.34/0.8971 28.71/0.7850 27.66/0.7392 26.37/0.7950 30.71/0.9107

OISR-RK2"" 32.32/0.8965 28.72/0.7843 27.66/0.7390 26.37/0.7953 -
DBPN® 32.47/0.8980 28.82/0.7860 27.72/0.7400 26.38/0.7946 30.91/0.9137
RDN® 32.47/0.8990 28.81/0.7871 27.72/0.7419 26.61/0.8028 31.00/0.9151
SSEN(ours) 32.42/0.8982 28.79/0.7864 27.69/0.7400 26.49/0.7993 30.88/0.9132

0.0014, & 1 PAYZWLFE TR 1Y S50 0T L A5 RUED] T 4
SCH TR PR

R T HRLE e 6T AR [ R 2 R vk (g R
PERE, 6 M 7 43 5 R T %4 48 Urban100 H
“Img048” F1 “Img092” EMEAE 4 AT (148 53 HE %
i 8 FE 9 2wl s T % dE 52 B100 H
2230617 Fil “253027” EURTE 4 AR B B8 43 PR
Azt R . Ho GT (ground truth) 1835 4E HR E1% .
ﬁT%ﬁﬁ%ﬂ% AR SR ICT MG Ji i X 3 A

= UATRAE AT AT ROR o 3l g (Al 7 Anfel 9 n]
PIEH, IR RDN J7rikt™ eI sk & MG b 2
MSE R, (HIX S gIRE B AEAE A S A 7 T P,
Ifii OISR-RK2 77 """ Il DBPN " {4 )5 i B 7E— 5 72
FE R T IESSCRE R, (EXELM SR SO,
I X BRI SO . A2, AR
TEAE A R X 38 b RE A% 7™ A5 T [ IEHff i S EE RN
P MT R, W LA A AR . Xt T
5 2 VR R M S A e v 14 T A2 T 35 AT AR (R R
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157,

GT Bicubic SRCNN VDSR

OISR-RK2 DBPN RDN SSEN

B 6 %% Urban100 ¥ “Img048” 7 X 4 12y 59 F 45 R

Fig. 6 Super-resolution results of " Img048" in Urban100 dataset for 4x magnification

GT Bicubic SRCNN VDSR

2\

OISR-RK2 DBPN RDN SSEN

B 7 %454 Urban100 & “Img092” 7k 4 154948 P 45 R

Fig. 7 Super-resolution results of " Img092" in Urban100 dataset for 4x magnification
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GT Bicubic

SRCNN VDSR

OISR-RK2 DBPN

RDN SSEN

B 8 #4%% BSD100 F “223061” X K 4 12698 #FE 4R
Fig. 8 Super-resolution results of " 223061" in BSD100 dataset for 4x magnification
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1

N

OISR-RK2 DBPN

SRCNN VDSR
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{1

RDN SSEN

B 9 #4344 BSD100 F “253027” A K 4 1269 B # R 4R
Fig. 9 Super-resolution results of " 253027" in BSD100 dataset for 4x magnification

FFRETT, DTS 0 25 AR BE 5 5 TE A A 1 52 A [ 15
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LN S T, BARr AR . AR BR
W, ASCHTEEF MR FHAS T HERNECR

4.5 JHELLE
N T BERS SRR IE S s LA A TR T ) R
B st ASCHEINRAE Sets Hhoxt EIGICR 4175 10
LT HEAT 1 IH RS SR B0 IEAS SCRETY A
10 g3 i 1 X TLAR M 2% A8 i o AR SCE

18 1~ RRDB A Ny B2k, 3 T ) 2% H A7 AH [R] 7Y
RRDB %, YA SO 2 YRS s S AT Ak 13 2
TR BN KL, 45 3| T Baseline +
CLFE #1 Baseline + Cascaded PADB iX [ 5126 . M
T EAX PR A B A RO AR o B A MERE . A
SCAERLHE CLFE (Al b A dsis )2 ke = 03380 1 i
2¢ Baseline + CLFE no_attention, X kil 2k Baseline
+CLFE FIUE IR REBIMARG, BRI
S AR T, H i PSNR 2R [T 0.03 dB,

{EAT] HE 2R W 45 B 0.04 dB, M43 5 B0 30E T 431
SRR ORI S U0 BB A R . YA SR B
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[i) FE L I £ R T WA, 75 21 2k Baseline +
CLFE + Cascaded PADB. AJDIFH, W MHEBAG4
GPERE L HA — B ERE I Ar . XS S AT AL
IYHTIER T ASCHRIA) CLFE #1 PADB (A %

P2 AT ML I R R IE S SR AR AT Ak
HE SR — R PR IS LT 1 SC R aE AL
MFHTTLIE Y, YA S 45 ] 6 5 5 2 AR AR
TR AT AL T ) B AR BN PSNRAEAH 1L T~ H A
5 R YRR AE S SR AR A A S b A T R T AR Y
TEOL R 34 T 0.07 dB i1 0.05 dB, TifE SSIM |
AR T HRAE

R T G b R R P 265 e R R S B A R AL
B, ARSI FAL R Z R BRI RRE R A
5 2 YRR s A B B RRAE L R AT T T AR, Ho
11 (a) R MBS — B2 BB IEE A, & 11(b)
FEL 11(c) 23R S5 2 UK ARRAE 3G S A B A 1 245 SR

WEB R WAL TE B AR S AR . AT 11(b) Al
11(c) ATLAFR H, B 2 UCRMIE I s B 2] 21 1 [&11R
KRR A AL, HEnssesy - a R RSS2 T
ARG o TO S e Pl A T T AR R 2 > 31
EZMERSBIAYY . SIEARERN], A SRR
PGSR HOE S T ARG A F AR URAIE S 55 A A

4.6 BHIITEENT

R T AR IEAS SCH AR A R, A S
SRR 7 TN 7 TR SSEN 5 YR A AR
PR LA 1 — SO TR B 2 S W A B ka7 T
SRR, X 4ET5 E 4 EDSR, RDN, OISR-RK3
FIDBPN, SRR R 3 PR,

M LI ) SSEN FEHUAS T 384 & SR bR i)
[, SRR 4l 1 0 2% () 2 8m Ai o it o 7E B
4E Setl4 UK 2 515 LT SSEN B 28 i 24 %5

325
320+
315+
31.0+
m
3
Z
»n 305
o
30.0 - Baseline+CLFE+Cascaded PADB
Baseline+Cascaded PADB
Baseline+CLFE_no_attention
295+
Baseline+CLFE
Baseline
29.0
0 100 200 300 400 500 600 700 800

Epoch

B 10 ARG RAERANAIE T ) B ERRESH
FEAR A0 W K3 T Set5, KB F4 4, 4 800 epoch
Fig. 10 Convergence analysis on CLFE and PADB. The curves for each combination are
based on the PSNR on Set5 with scaling factor 4x in 800 epochs.

R 2 B BEKRAFARN BAER A NALIE T ) B R EHMIEE Seth K 4 FT LR

Table 2 The results of cross-level and feature enhancement module and pooling attention dense block with scale factor 4x on Set5

Baseline \ \ \ \

CLFE x \ x J

Cascaded PADB x x J J
PSNR/dB 32.28 32.35 32.37 32.42
SSIM 0.8962 0.8971 0.8972 0.8982
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B 11 M SRR,
(@) F—EARE LR, (b) B ERFAGRALRI B 25 R,
(c)fZeyeMiETAFERMBLER
Fig. 11 Results of each module in the network.

(a) The result of first layer convolution; (b) The results of cross-level feature enhancement module;
(c) The results of Stacked pooling attention dense blocks

A3 BA Xt A EELIEE Set14 AR 2L TR, HHZATREREFIERENHKE XA

Table 3 Model size and MAC comparison on Set14 (2x), "MAC" denotes the number of multiply-accumulate operations

HAE 24 T PSNR/dB SSIM
RDN®! 22M 5096G 34.01 0.9212
OISR-RK3"" 42M 9657G 33.94 0.9206
DBPN®? 10M 2189G 33.85 0.9190
EDSR"! 41M 9385G 33.92 0.9195
SSEN 15M 3436G 33.92 0.9204

F EDSR Al OISR-RK3 ZHHE 1) 36%, 14514
BT 37%, (H34369 PSNR HI SSIM 45 5 21-+434%
VL. HIR SSEN (S HR A HI%H T DBPN )53k,
A% PSNR Al SSIM i AH LT DBPN J5 ik T
0.07 dB #10.0014.,

F UL AT LAIER , SSEN 7 [ 4% 5 o bt RIS 7R e
AR U O IS T AR, B SSEN £
B D i RE SRS AL U PSNR FI SSIM 45 5%, 76

WAL BERR |, A& 6-9 Fiizn, SSEN 5 H |l & W
bR EFHLAY RDN J7 ik 7 Fbie, B T AR 0 5
Fie, {H SSEN SHHILE /L TIRZ

5 & i

ARSCHR I T — 2T H A BURIERE 5k R 2% 45 A4 Y
AR o PR 2K %07 B PR
PR B A ARURAIEREA 3G 5, AR SORAEAS AR
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Self-similarity enhancement network for
image super-resolution

Wang Ronggui, Lei Hui, Yang Juan®, Xue Lixia
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The architecture of our proposed self-similarity enhancement network

PADB
PADB
PADB
PADB
|
Conv 3x3
D

Overview: Single image super-resolution can not only be directly used in practical applications, but also benefits other
tasks of computer vision, such as object detection and semantic segmentation. Single image super-resolution, with the
goal of reconstructing an accurate high-resolution (HR) image from its observed low-resolution (LR) image counterpart,
is a representative branch of image reconstruction tasks in the field of computer vision. Dong et al. firstly introduced a
three-layer convolutional neural network to learn the mapping function between the bicubic-interpolated and HR image
pairs, demonstrating the substantial performance improvements compared to those of conventional algorithms.
Therefore, a series of single image super-resolution algorithms based on deep learning have been proposed. Although a
great progress has been made in image super-resolution methods, existing convolutional neural network-based super-
resolution models still have some limitations. First, most CNN-based super-resolution methods focus on designing
deeper or wider networks to learn more advanced features of discriminability, but fail to make full use of the internal self-
similarity information of the low-resolution images. In response to this problem, SAN introduced non-local networks
and CS-NL proposed cross-scale non-local. Although these methods can take the advantage of self-similarity, they still
need to consume a huge amount of memory to calculate the large relational matrix of each spatial location. Second, most
methods do not make reasonable use of multi-level self-similarity. Even if some methods consider the importance of
multi-level self-similarity, they do not have a good method to fuse them, so as to achieve a good image reconstruction
effect.

To solve these problems, we propose a self-similarity enhancement network (SSEN). We embedded deformable
convolution into the pyramid structure to mine multi-level self-similarity in the low-resolution images, and then
introduced the cross-level co-attention at each level of the pyramid to fuse them. Finally, the pooling attention
mechanism was utilized to further explore the self-similarity in deep features. Compared with other models, our
network mainly has the following differences. First, our network searches self-similarity using an offset estimator of
deformable convolution. At the same time, we use the cross-level co-attention to enhance the ability of cross-level
feature transmission in the feature pyramid structure. Second, most models capture global correlation by calculating
pixel correlation through non-local networks. However, the pooled attention mechanism is used in our network to
adaptively capture remote dependencies with low computational cost, which enhances the deep features of self-
similarity, thus significantly improving the reconstruction effect. Extensive experiments on five benchmark datasets
have shown that the SSEN has a significant improvement in reconstruction effect compared with the existing methods.
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