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Abstract To address the prevalent focus on reducing the parameter counts in current efficient super-resolution
reconstruction algorithms, this study introduces an innovative efficient global attention network to solve the issues
regarding neglecting hierarchical features and the underutilization of high-dimensional image features. The core concept of
the network involves implementing cross-adaptive feature blocks for deep feature extraction at varying image levels to
remove the insufficiency in high-frequency detail information of images. To enhance the reconstruction of edge detail
information, a nearest-neighbor pixel reconstruction block was constructed by merging spatial correlation with pixel
analysis to further promote the reconstruction of edge detail information. Moreover, a multistage dynamic cosine thermal
restart training strategy was introduced. This strategy bolsters the stability of the training process and refines network
performance through dynamic learning rate adjustments, mitigating model overfitting. Exhaustive experiments
demonstrate that when the proposed method is tested against five benchmark datasets, including Set 5, it increases the
peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) performance metrics by an average of 0.51 dB and
0. 0078, respectively, and trims the number of parameters and floating-point operations (FLOPs) by an average of 332X
10° and 70X 10’ compared with leading networks. In conclusion, the proposed method not only reduces complexity but
also excels in performance metrics and visualization, thereby attaining remarkable network efficiency.
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thermal restart training strategy
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HERA, 22 B Bt 8l 25 4% 5% RS VI 2R 50 R 68 A 80P
0 4 75 P50 70 B 3 AT 55 Hp 119 WAC B30 B2 A B AR P E

BAg Rk A
t .
m rini!ial,learning’ l< I warmup
Pean( 1) = w1 — 1= Ty ,
14 cos T
W max * 2 . ) [> Twarmup
(13)

Aol RN W BB T R 8 B 52250
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rimtle\l,lcz\ming %%/ji %}J ﬁﬁ% }j % 5 77max %‘;é/j_;‘ %/l\'ﬂﬁﬂ:;ﬂ)ﬂ I‘ETJ E/‘J ﬁ-i
K 2R Ty RR VIR TR IR e 5.

4 SLEER 5

4.1 HEEREMIBIR

K H DIV2K £ 45 45 1F b 52 50 5E o 504 4F .
DIV2K"" 1% T 1000 5K & 43 % B 1%, H v 800 5K
AR RN ZR4E |, 100 5K BR AT S B ik 4 |, 100 5K EHS AR
e LN AR S T 2 s R R, an XU
FONPAET S T A VEASG T 8 5 ¥k, SR Sets™ |
Set14" \BSD100"" . Urban100""' , Mangal09""'ix 54~/
TR MEBCIE R VE R4 R IR N A k]
FTR o

1 WREEA

Table 1 Test set information

Number
Dataset } Content scene
of images
Set5™" 5 Face, bird, butterfly
o) People, plants and animals, natural
Set14"" 14 v
scenery, PPT, etc.
People, plants and animals, and
BSD100"" 100 indoor and outdoor environments,
natural scenery, etc.
Urban100"! 100 Cityscape
Mangal09"" 109 Comics, backgrounds, etc.

K FH W F 15 M L (PSNIR) 125 #4 A AL (SSTMD) ™
YERPEMFE bR, HAE YCOCrZi 25 [al il Y 38 |
PEE & B, AN iR AL S 800 B AT i B
(FLOPs) VA% A [ 455 2 () &2 2% i
4.2 ZWINERMET

SEH BT O 5 1 22 S 80 NVIDIA
GeForce RTX 3060, B 17 12G; LK iz fr R A K E N
Windows; 4i 2 i & 4 Python; I JE 2 >J HE 2 24
PyTorch,

£ RGB 18 Il 25 N 45 B[] B % DIV 2K %%
P £E 19 800 7k 155 43 FE R EIAR 17 W = IR T Rk Ak
PR A RS R) R (Ao BB EUR . BL Ak B X A
PG A A O R 8 B, I 3 1 B AL E % 90° . 180° .
2707 1 MY g g i . AR M I kS B E
W2 PR o WA R T 5 1 - CAFB %0 [ € M
124~ ; NPRB #2405 4% i FEAS i 1 ik
644
4.3 ItEbxIE

T SR T 4 O B A A R AR R AR TR X
EGAN 5 H fih o #F 8 o B vk #4745 B xf b, 46
Bicubic. VDSR" . IDN"” | CARN"" . IMDN" SMSR“' |
LAGNet'" | LMDFFN"" | RCCN"" | ShuffleMixer'" |
DLGSANet'" \HIAAN", 4351 % 48 b A1 5E 1 7]

1037006-6



F 6155 108/2024 £5 B/BAEXBEFZHE

£2 WMEINLGESHRE AL ZE JE P 7 #4753 T
Table 2 Parameter setting for network training E3RE T ARIRE T (X2.X3. X4) &8 %1
Lraining program Parameterization 5 A el Wt B 1 I B R, G o i £ P
Optimizer Adam WL R  WAR (L JHAHA R R . 4 3 FTH: BT EGAN
¢ 1x10°

M 45 br 8 T° SMSR. LAGNet, LMDFFN, RCCN,
ShuffleMixer & HIAAN,{H 5 9 DLGSANet Btf5 T
T 0-1 FERLFO 46 5% 5 4 A I3 T 2 i, 7 42 )7 B2 75 BSD100

r 0.01

initial_learning

I 100 Wt b % OB & B, PSNR HI SSIM He WKk
Batchsize 16 DLGSANet 43 515 1. 62 dB 1 0. 0230; 24 ik KA T H
Epoch 500

SF, BT $2 07 IE AR 5 A H I 4 R 2 U A 5 &
3 B FRAL S AT UL bt X L2 R

Table 3 Quantitative comparison results of each algorithm on five benchmark test sets

Setd Setl4 BSD100 Urban100 MangalO9
Parameters / FLOPs /
Scale Method e 1o PSNR /dB PSNR /dB PSNR /dB PSNR /dB PSNR /dB
(SSIM) (SSIM) (SSIM) (SSIM) (SSIM)
Bicubic 33.66(0.9299) 30.24(0.8688) 29.56(0.8431) 26.88(0.8403) 30.80(0.9399)
VDSR™ 665 613 37.53(0.9587) 33.03(0.9124) 31.90(0.8960) 30.76(0.9140) 37.22(0.9729)
IDN™ 553 125 37.83(0.9600) 33.30(0.9148) 32.08(0.8985) 31.27(0.9196) 38.01(0.9749)
CARN" 1592 223 37.76(0.9590) 33.52(0.9166) 32.09(0.8978) 31.92(0.9256) 38.36(0.9765)
IMDN"?! 694 159 38.00(0.9605) 33.63(0.9177) 32.19(0.8996) 32.17(0.9283) 38.01(0.9749)
SMSR!M 985 132 38.0000.9601) 33.64(0.9179) 32.17(0.8990) 32.19(0.9284) 38.76(0.9771)
X2  LAGNet" 447 84 37.79(0.9594) 33.40(0.9162) 32.10(0.8991)
LMDFEN" 339 37.92(0.9602) 33.43(0.9163) 32.08(0.8985) 31.85(0.9250) 38.52(0.9766)
RCCN"™ 38.13(0.9610) 33.67(0.9185) 32.22(0.9001) 32.41(0.9302)
ShuffleMixer ! 394 91 38.01(0.9606) 33.63(0.9180) 32.17(0.8995) 31.89(0.9257) 38.83(0.9774)
DLGSANet'” 4730 1097  38.34(0.9617) 34.25(0.9231) 32.38(0.9025) 33.41(0.9393) 39.57(0.9789)
HIAAN' 631 145 38.04(0.9611) 33.55(0.9186) 32.19(0.9006) 32.24(0.9293) 38.65(0.9773)
EGAN(Ours) 304 20 38.19(0. 9613) 34.40(0.9260) 34.00(0.9255) 32. 92(0.9262) 38.70(0.9777)
Bicubic 30.39(0.8682) 27.55(0.7742) 27.21(0.7385) 24.46(0.7349) 26.95(0.8556)
VDSR™ 665 613  33.66(0.9213) 29.77(0.8314) 28.82(0.7976) 27.14(0.8279) 32.01(0.9310)
IDN™! 553 56 34.11(0.9253) 29.99(0.8354) 28.95(0.8013) 27.42(0.8359) 32.71(0.9381)
CARN" 1592 119 34.29(0.9255) 30.29(0.8407) 29.06(0.8034) 28.06(0.8493) 33.50(0.9440)
IMDN""! 703 72 34.36(0.9270) 30.32(0.8417) 29.09(0.8046) 28.17(0.8519) 33.61(0.9445)
SMSR 993 68 34.40(0.9270) 30.33(0.8412) 29.10(0.8050) 28.25(0.8536) 33.68(0.9445)
X3  LAGNet" 456 75 34.26(0.9253) 30.22(0.8421) 28.93(0.8024)
LMDFFN" 341 34.32(0.9264) 30.20(0.8392) 29.03(0.8034) 28.01(0.8483) 33.36(0.9430)
RCCN!Y 34.48(0.9278) 30.37(0.8417) 29.12(0.8054) 28.34(0.8549)
ShuffleMixer 415 43 34.40(0.9272) 30.37(0.8423) 29.12(0.8051) 28.08(0.8498) 33.69(0.9448)
DLGSANet'"” 4740 486 34.95(0.9310) 30.77(0.8501) 29.38(0.8121) 29.43(0.8761) 34.76(0.9517)
HIAAN' 640 65 34.44(0.9278) 30.30(0.8421) 29.13(0.8074) 28.27(0.8544) 33.64(0.9453)
EGAN(Ours) 310 9 34.97(0.9396) 31.01(0.8577) 29.60(0.8190) 29.21(0.8713) 33.81(0. 9481)
Bicubic 28.42(0.8104) 26.00(0.7027) 25.96(0.6675) 23.14(0.6577) 24.89(0.7866)
VDSR'"™ 665 613 31.35(0.8838) 28.01(0.7674) 27.29(0.7251) 25.18(0.7524) 28.83(0.8809)
DN 553 32 31.82(0.8903) 28.25(0.7730) 27.41(0.7297) 25.41(0.7632) 29.41(0.8942)
CARN"™ 1592 91 32.13(0.8937) 28.60(0.7806) 27.58(0.7349) 26.07(0.7837) 30.47(0.9084)
IMDN'*/ 715 41 32.11(0.8934) 28.63(0.7823) 27.58(0.7358) 26.10(0.7846) 30.55(0.9072)
SMSR' 1006 42 32.12(0.8932) 28.55(0.7808) 27.55(0.7351) 26.11(0.7868) 30.54(0.9085)
X4  LAGNet" 470 68 32.06(0.8912) 28.47(0.7782) 27.54(0.7347)
LMDEFN" 344 32.08(0.8930) 28.46(0.7792) 27.51(0.7341) 25.93(0.7804) 30.25(0.9053)
RCCN!Y 32.24(0.8956) 28.69(0.7833) 27.63(0.7376) 26.31(0.7912)
ShuffleMixer' " 411 28 32.21(0.8953) 28.66(0.7827) 27.61(0.7366) 26.08(0.7835) 30.65(0.9093)
DLGSANet'” 4760 274 32.80(0.9021) 28. 95(0.7907) 27.85(0. 7464) 27.17(0.8175) 31.68(0.9219)
HIAAN'" 652 37 32.26(0.8964) 28.62(0.7832) 27.59(0.7386) 26.17(0.7886) 30.54(0.9095)
EGAN(Ours) 312 8 32.35(0. 8965) 28.97(0.7910) 28.47(0.7642) 26.04(0.7837) 30.74(0. 9145)
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B, A 7E Setld I+ A % T DLGSANet, PSNR Fll
SSIM 43 5 $2 5 1 0. 24 dB 1 0. 0076; 24 ik KN+ K
4, BT 77 ¥ 5 DLGSANet 47 [, 78 BSD100 3t 4
|- PSNR #1 SSIM 43 5l $& & 1 0. 62 dB #1 0. 0178, []
A T 3 07 i S L SE B R AU 2 IR (5 B A TS L R A
M2 (HIAAN) ,EGAN 7E T 5 JiCK R 7 B 54~ 3
A 43 ) B 25 {8 JF oK OF ¥, 15 2] PSNR A1 SSIM F
¥HE 0. 51 dB A10. 0078, 78 2 40 f FLOPs | F3y
R 332X 10° 1 70X 107 Huk B T 48 7 ik 5 4% Se itk
T DA X, EGAN 78 32 /> 1 0 4% 2 550 i R AR Y
TR A B T b RE B S TR o ZF LT
B EGAN ANMUBETE AN A R T 3k i e K34, if B
AR D 2% S 80 AR Y FLOPs, DT 52 B8 %) 4%
Ak 5 AR 2 8] ) S5 T A 2 3 0 2% 21 TR
78430 B T T4 7 9 1) Se i e S A R

R T ST R M Az T R At ik A o g RS R
i, A\ Urban100 i 28 4 v 36 BURS 43 B4R, 5 A 5 iF
SR Y S I g5 AR R R X EE A2 Bicubic,
VDSR . IDN,SMSR . IMDN , ShuffleMixer, 4[4 6 fF 75 .
XFF “img092” Ja) & ik K B 1% , IMDN , ShuffleMixer 5
FE 5 A A R T T AR A 0 £k 2% T T T A O Tk
MR A R A% B B B2 3T HR %R . % F“img093” Jar 38 ik
KNG, FoAth 5 32 A 5 HE v 359 570 5 o Aff Y00 e T 2k A%

A\

28.6
EGAN

28.4

282
o 280
z
% 278 |- DLGSANet
7]
= uffleMi

276 CARN .
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274 DN
"mm
272
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Fig. 5 Comparison of model complexity and performance of
EGAN proposed in this study with other methods on the
BSD100 dataset based on X4SR. The size of the circle

indicates the number of parameters

71, EL BT — 5 TR R AR A G B4 M L2
T EGAN 1K & 1 B AR 5 0 A% fE HL-F- 5 A D 5 7
AL BEFE AT HAR T B T R AR B SEROR X 5
SYUEIA T BB 5 ik A R

2\

T

'/

(¢) SMSR

Urban100-img093

&l 6

(e) SMSR

£ =P\ =P\
T e\
(b) Bicubic (c) VDSR (d) IDN
R

5 e BB L i T AL S 2R X

Fig. 6 Comparison of visualization results with advanced algorithms

4.4 HELZELIE

Ry i — 20 B 5 ) 5 rhAS () A A AR P B Y R
M), X EGAN A9 AN [7) 21 44 43 ) 28 47 7 fill 52 3, DA IR B
ZH 1 AT B0, AR G4 CAFB  NPRB K £ B Bt sh 24
RERE R IGREN . I THETA PR S

P8 45 M 05 B Y Urban100 8 Sy M 38 8 45 48 O 7 4 £

&N S R RS KB v e v

1) CAFB. & THEM T8 CAFB B9 A 850, X5 B
PSS o A AT A, AR & CCA
AWA,ZERINFE A frR . nTLLFE S AU AWA 155]
1) PSNR{H K 25. 89 dB, 5| A CCA 155 ) PSNR {H KN
25.96 dB, H X P> 2 A5 U (1) 2 50 76 35 IR 2 1)
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F4 CAFB AR 2 1 X 450 4 B ) 52 i
Table 4 Effect of different components in CAFB on

model performance

o) Number of PSNR /
CCA" AWA )
parameters /10° dB(SSIM)
J 289 25.89(0.7831)
J 305 25.96(0. 7834)
N/ J 312 26.04(0.7837)

15T, PSNR YK T CAFB, MM E B 1 ] B
CCA I AWA ) CAFB $2& i EI% 5 i = 19 A 3hE .
AR B X H T CAFB 78 5 {4 9 28 v HE S 500CE: 1 7 ml
SEHG W S Frn . CAFB#UE A 121 BRI 5 S 50
FEXE TN Z2 1) [ B BB 2R A5 50 00 1 1 BB F6 s

25 AFEECE R CAFB X A BE A4 52 )
Table 5 Effect of different numbers of CAFBs on

model performance

2) NPRB. & T UEB Ui 4 NPRB W4 801, 1 %6
FIIFH SR I 24 g H A9 A8 2% 46 B2 (Pixel Shuffle) # 17
HR K% 5 &, IF 6 5 % W 2% A1 A 0 3 8ok I 2k
NPRB UU#E4TAF . % 68 NPRB 5 Pixel Shuffle
AT BRI AR L . B 7 L ) PSNR 48 bR k15
T 1.35dB M 55 , B UL IE ] T NPRB X HR K4 5 4
A BTE .

F6 NPRBXF HR B/ 5 5 4t 58 14 5%
Table 6 Effect of NPRB on HR image reconstruction

performance
Pixel Number of PSNR /dB
NPRB )
Shulffle parameters /10 (SSIM)
NG 304 24.69(0. 6868)
N 312 26.04(0.7837)

3) ZM B A AL E T IR . o THEW
JIT 4R PCE S SR 0 A M L L EGAN-DCwr iy 3L 28
P AS ] 2 >0 5 s 0 A8 AR R 5 BR 4L, B EGAN-Lr, &

Number of Number of , PSNR /dB(SSIM) L Y ] 500,%2%&%?‘70.0l,%’[ﬂ”éﬁdj@]
CAFBs parameters /10’ 300 4 i, 5 o) HOR R SRR AT R R 7 PR . 5B
4 311 25.43(0.7691) 4T RS SR T L, EGAN-Lr i 6 1 F6 1% T 190 465
6 3 25.73(0.7745) AE . X KW, PEL S SR M i N A B T R 45 A A i
8 312 25.69(0.7762) A Bt R /ML B P R R s T
10 312 26.02(0.7820) JIr 4 PR S SR W B3z AR, B IMDN SR #4043
12 312 26. 04(0. 7837) W, %F bE &5 SR Ak 8 R, S 4 R R T, BT 4 S
1 312 25.62(0.7723) 59 W AT L7 T S A A (19 SRAETY
FT PN R X A 1 R 1) 5
Table 7 Effect of thermal restart strategy on model performance
PSNR /dB(SSIM)
Method
Setb Setl4 BSD100 Urban100 Mangal09
EGAN-Lr 31.91(0.8913) 28.41(0.7778) 28.33(0.7604) 25.73(0.7726) 30.26(0.9088)
EGAN-DCwr 32.35(0. 8965) 28.97(0.7910) 28.47(0.7642) 26.04(0.7837) 30.74(0.9145)
F8 M AW IMDN H BE 1 5
Table 8 Effect of the thermal restart strategy on IMDN performance
PSNR /dB(SSIM)
Method
Setd Setld BSD100 Urban100 MangalO9
IMDN" 32.21(0.8948) 28.58(0.7811) 27.56(0.7353) 26.04(0.7838) 30.45(0.9075)
IMDN-DCwr 32.23(0.8948) 28.58(0.7813) 27.56(0.7354) 26. 08(0. 7859) 30.47(0.9077)
5 4k W B, B $2 07 ¥ 4 45 B IR 25 R AN R SR, S B T kg

P T — MR A R M Al it
A8 S TE AR B, 0 2% BE % A Ak il 9 ) R R
SR E AR o R BB 285 3R e g 9
AR 2 R I A RO A e o PR B o — A Y
ST RTAIRG AR Sy o LA B BRI T — R 2 B BLah
AR SR AR I R 38 o AR A (] [ Bl R 9
P 265 B4 2 > 32, DT S92 B0 DI ek e ) A A 88 2
TEA% A A 25 0[] B 49 3 O 2 Mg . R im SR A 2R R

A B 22 ) ) -, DT S5 3 R 2% v 254K
Z % X #
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