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Study on Super-resolution Image Reconstruction Using Residual Feature Aggregation Network
Based on Attention Mechanism

SUN Yang.DING Jianwei, ZHANG Qi, WEI Huiwen and TIAN Bowen

School of Information Network Security,People’s Public Security University of China,Beijing 100038, China
Abstract To address the problem of the local effect of the output features of cascaded residual blocks in single image super-reso-
lution algorithms,a residual feature aggregation network combined with attention mechanism is proposed. The network aggre-
gates the features of different levels output by each residual block through skip connections to the end of the residual group,
achieves sufficient feature extraction and reuse,expands the receptive field of the network and enhances the expression ability of
features. Meanwhile, to improve the spatial correlation of feature information,an enhanced spatial attention mechanism is intro-
duced to improve the performance of the residual blocks. Extensive experiments demonstrate that the proposed model achieves
good super-resolution performance. Compared with state-of-the-art methods such as RCAN,SAN,and HAN, the proposed meth-
od demonstrates significant effectiveness and advancement in the task of X4 super-resolution. On five benchmark datasets,our
method achieves an average improvement of 0. 07dB,0. 06dB,and 0. 006dB in peak signal-to-noise ratio,as well as an average im-
provement of 0,0012,0.0011,and 0. 0008 in structural similarity index. The reconstructed images exhibit a notable increase in
quality, with more abundant details. These results verifies he efficacy and advancement of the proposed method.

Keywords Image super-resolution reconstruction, Deep learning. Attention mechanismsl.Feature aggregation,Convolutional neu-

ral networks
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4% HC TR A0 i 43 9 % (High Resolution, HR) B4, #HxF T
LR F% . HR BRI A F R R RS EME £ 405
B TETRIT L R Bl B 2 S 4 T 32 g S 2 PR A D4R 1
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oK A3 R T2 46 9 5k 25 S5 R TR R AL B T R B 2 N
#% (Convolutional Neural Network, CNN) [ B4 8 43 Pt R &
LSRG T mEAMPE . VDSR™Y , SRResNet™ , EDSR™
S5 BB Bk 22 S5 A0 TN RMBORE 23 38 07wk vh 8 ) 2% ) IR
B, DT B 5 RT % O R . Zhang UM G N
(Channel Attention, CA)YHL 51 A F) 8 43 W 2% i #4) 4 5% 22 il
TR M4 RCAN, SR JH i 45 5% 22 45 My o & 22 1 3% 22 3 3
F & J13 (Residual Channel Attention Block, RCAB) , 7£ #L &
BB B SR S T R ERE . EAR N H Ay &R &
W26 7E S 23 BE AT S5 i E AL, HIE AR Z AR . B %,
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ESA) MLl #4 % 4E 25 7] 1 2 J1 $t (Dense Spatial Attention
Block. DSAB) . 1 5 [ 4% 75 1 Al 2 > fE Jy . fff % 4% fE 65 1K &2
LR E5E Z (0 S 5, R 325 1 R0 e

2 MHXIE

2.1 ETERHEMENEIBERER

SRCNN' SR FH 28 B (1) i 30 0 45 449 388 3o 7 20 ) = 2 45 1
G5 M e A IF T 5 i 1Y) [R] B SCRT LS B R 439 R AR 1 e
dg, Shi 0 5E o X R F ST EHHES 4 T ESPCN 8
B BRAR T M4 AR e R TR R AR IR T
PR @R . Kim 55085 5% 22 46 51 A SRR 2 38 %
Ty ik, M T — AR Y R 25 M 45 VDSR, [F] B0 38 T 4%
BB B . Lim 2519 75 SRResNet!™ By B filt b & % 7 4t 19
— Ak (Batch Normalization, BN) |2 , 7 W & J2 B0 % 14 [5] i} 31
Bt KRS F AL, BGEEICR B A T E. Zhang

(b) RFAG % 1

SECC T VE b R ik S AR 22 45 4 M & £ RCAB. X 43 K [
T T A5 A X0 A 43 P 1% o At Y o R R R AT A, o AR
Jo e A5 B ORI

DL b5 1 BARIRAR T AR A B A 8OR L (H 2 G 28 7 1 4
JE: 308 3 T PO e ik 2 PR SE BB, A A 43 )2 AR £E BT B
o PR 0 T R AE TR B, PRI AR SCR TR i 5 45 HE 2 58 43
T4 5% 22 e i 1 19 23 2 AT RO 2260 3 4 3 L SO
fiF o S2BURFAE B9 5
2.2 ETESANHNBSREER

TE R T AL 6 S 00 2% 5C T iy AR E [ 45 B i B0 Y A
a3« DNTAT 7 A 3 HL 2 A ) R I 7 & 8032 R T 3 5 AL
MAEAE S5 . Hu 555742 1 19 SENet 38 1 X FRAIE 18] #E 17 &b 3
ARG, ST OB G R BB T BB AR 2T S5 Y 1
fit . RCANSH YR TE 2 7 HLE 51 A B0 48 43 B 34T 55 s
CA HLH 3 30 2 1 25 38 38 ) B9 A 5OV, B o& 0 R R
ANREAE 38 38 AL, SANUE o F1OA By R AL
KB B fE A OC k. AT 3R 15 B R AR AR R K
HAN SR FT R (A 7 5 00 1o 28 R4 2 L 0 8 5l 1 =2 J] 19 AR
HARAFXRFR R RAETHEEEEROERIE DRI T
R Y R

DA b5 ik 38 ek o P R Lo o PRk B T R Y
PLSE RO - ELR 3 AE 55 75 5 22 R A A0 35 B 2 1) 25 [|) 45 W 1R
SRR SRR AE K B B OB OC R L DA 5 AR R AR R S M 45 R
A R R R BRI 32 T LR G 3 R R OR
T LR A 2R B RE

3 AXFIE

3.1 MEBEKLEN
AT ) READN W28 25/ an & 1 fros , i 45 3% )2
FRAF BRI R E R AR SR I . R AR EE A 4 3R,

—DsAB1N ’—~ DsAB—LL2 DsAB—%
B B B
X,
é é é: DSAB

]
]
]
]
]
r
1
]
]
!B
]
L

—— e — ———— —— —— —— ——— ——

K— conv L RFAG — RFAG
A e

|
(ORIRE 27 2 2 4 12

/
1
:
- — RFAG — RFAG — Conv %—» Upsample —> Conv —»&|

P1 R TR L A BR 2E R 2R A I R 4

Fig.1 Residual feature aggregation network structure based on attention mechanism
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Fig. 2 Dense space attention block(DSAB)
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Fig. 3 Enhanced spatial attention mechanism(ESA)
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4.2 ZWERSH

97 Bk READN [ 25 i A7 250 Pk , 76 i s B8 1 YCbCr
Z5A] Y il 38 b 3 54 04 {E {5 M Lk (Peak signal-to-noise ratio,
PSNR) I %5 ¥4 #H AL % (Structural similarity, SSIMD 8 47 iF
SR 455, A 3C5# 33 5 Bicubic, SRCNN, VDSR, EDSR, RDN,

DBPN,RCAN,SAN DA K& HAN #4738 5 48 b5 Xt b o 9 47
Bk, R 13 TUELZME RS RFADN W 4 & #
BRI PSNR {H Al SSIM fH ., H . PSNR fH i 5 % /= & 4t
AT, SSIM B B B2 31 1 £ 8 SR K12 5 HR B4l
B,

*1OBBRTEARFRBIEE RO

Table 1 Performance of each model on different datasets( X 2)

Seth Setl4 BSD100 Urbanl00 Mangal09
Method Scale
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic X2 33.66 0.9299 30. 24 0.8688 29.56 0.8431 26. 88 0.8403 30. 80 0.9339
SRCNNE3) X2 36. 66 0.9542 32.45 0.9067 31.36 0.8879 29. 50 0.8946 35. 60 0.9663
VDSR X2 37.05 0.9560 33.05 0.9130 31.90 0.8960 30.77 0.9140 37.22 0.9750
EDSR!6] X2 38.11 0.9602 33.92 0.9195 32.32 0.9013 32.93 0.9351 39.10 0.9773
RDNL15] X2 38.24 0.9614 34.01 0.9212 32,34 0.9017 32.89 0.9353 39.18 0.9780
DBPNL23] X2 38.09 0. 9600 33.85 0.9190 32.27 0. 9000 32.55 0.9324 38. 89 0.9775
RCANLS) X2 38.27 0.9614 34,11 0.9216 32.41 0.9026 33.34 0.9384 39.43 0.9786
SANL10] X2 38.31 0.9620 34,07 0.9213 32.42 0.9028 33.10 0.9370 39.32 0.9792
HANC!I X2 38.27 0.9614 34,16 0.9217 32.41 0.9027 33.35 0.9385 39.46 0.9785
MCFSRI24] X2 38.29 0.9618 34.15 0.9212 32.35 0.9030 33.35 0.9389 39.47 0.9788
RFADN (ours) X2 38.26 0.9622 34.11 0.9217 32.41 0.9031 33.39 0.9389 39.41 0.9788
2 SBAVEARFRIEE IR
Table 2 Performance of each model on different datasets( X 3)
Set5 Setl4 BSD100 Urban100 Mangal09
Method Scale
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic X3 30. 39 0.8682 27.55 0.7742 27.21 0.7385 24,46 0.7349 26.95 0.8556
SRCNNE3! X3 32.75 0.9090 29. 30 0.8215 28,41 0.7863 26. 24 0.7989 30.48 0.9117
VDSRM] X3 33.67 0.9210 29.78 0.8320 28. 83 0.7990 27.14 0.8290 32.01 0.9340
EDSR!6] X3 34.65 0.9280 30.52 0.8462 29,25 0.8093 28. 80 0.8653 34.17 0.9476
RDNL15] X3 34.71 0.9296 30.57 0.8468 29.26 0.8093 28. 80 0.8653 34.13 0.9484
RCANL6) X3 34.74 0.9299 30. 64 0.8481 29.32 0.8111 29.08 0.8702 34.43 0.9498
SANL10] X3 34.75 0.9300 30.59 0.8476 29.33 0.8112 28.93 0.8671 34.30 0.9494
HANL! X3 34.75 0.9299 30. 67 0.8483 29.32 0.8110 29. 10 0.8705 34.48 0.9500
MCFSRI24) X3 34.77 0.9298 30.67 0.8477 29.26 0.8123 29. 14 0.8716 34.45 0.9497
RFADN(ours) X3 34.79 0.9306 30. 69 0.8491 29.33 0.8112 29.13 0.8716 34. 44 0.9505
1 DBPN 2 73 B4 6 X 3 fif SR 4524,
3 BAMERAERFE A LRI COCD
Table 3 Performance of each model on different datasets( X 4)
Setb Setl4 BSD100 Urbanl00 Mangal09
Method Scale
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Bicubic X4 28.42 0.8104 26.00 0.7027 25.96 0.6675 23.14 0.6577 24,89 0.7866
SRCNNE3] X4 30. 48 0.8628 27.50 0.7513 26. 90 0.7101 24.52 0.7221 27.58 0.8555
VDSRM] X4 31.35 0.8830 28.02 0.7680 27.29 0.7251 25.18 0.7540 28.83 0.8870
EDSR!6J X4 32.46 0.8968 28. 80 0.7876 27.71 0.7420 26. 64 0.8033 31.02 0.9148
RDNL15) X4 32.47 0.8990 28. 81 0.7871 27.72 0.7419 26.61 0.8028 31.00 0.9151
DBPNL23] X4 32.47 0.8980 28. 82 0.7860 27.72 0.7400 26. 38 0.7946 30.91 0.9137
RCANLS) X4 32.63 0.9002 28. 87 0.7889 27.77 0.7436 26. 82 0.8087 31.22 0.9173
SANL10] X4 32.64 0.9003 28.92 0.7888 27.78 0.7436 26.79 0.8068 31.18 0.9169
HANC1] X4 32.64 0.9002 28. 90 0.7890 27.80 0.7442 26. 85 0.8094 31.42 0.9177
MCFSR!24] X4 32.65 0.9013 28. 88 0.7891 27.75 0.7441 26.88 0.8061 31.27 0.9175
ERANL25) X4 32.66 0.8999 28.92 0.7891 27.79 0.7429 26. 86 0.8073 31.39 0.9172
RFADN( ours) X4 32.69 0.9016 28.91 0.7896 27. 80 0.7442 26.90 0.8101 31.34 0.9190

T ERAN 21 $dls HU8& X4 fif SR 455,

JTJE/R RFADN M4 A 3t 5 ekt £ 1— % 3
BT AR 5 78 5 A bR e R 5 b A7 AN )RR T % 88 43
BT H 25 5 IR B e m R B RS SR T R B 2 m ik 4
SR 7E XA 5 SR AE 4, RFADN % 5 HAth 3= i 4 #50
1£ Set5, Urban100,BSD100 M3 4 [ 4H ., PSNR 1 SSIM #§
FRIGURAS T R B9 F B, 7E Setld Fl Mangalo9 iz 4
SSIM B85 T fe {1y 72 B0, PSNR #5 ki #5 + 43 35 38 B AR 4%
TE X 3 451 SR 4145 ,READN [ £& 5 H b 3 i A A 7E 5 4
FEMEM IR 1A L, PSNR 53R 45 T d5c 4 48 br 5k 5 5 4 46 b5
LRSS, [N SSIM 2 Bt T £ 40 8 WA #Y 45 51
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Table 4  Ablation study on Set5(X4)

RFA X N X N
DSAB X X N N
PSNR 32.54 32.58 3.63 32.69
SSIM 0.9000 0.9003 0.9005 0.9016
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Table 5 Ablation study with different numbers of RFAG( X 4)
M Set5 Setl4 B100 Urbanl00  Mangal09
10 32.47 28.80 27.71 26.59 31.02
20 32.55 28. 86 27.77 26.75 31.22
25 32.69 28.91 27.80 26.90 31.34
30 32.64 28.88 27.79 26. 84 31. 30
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Table 6 Ablation study with different parameters f(X4)

B Setb Setl4 B100 Urbanl00  Mangal09
0.1 32.69 28.89 27.78 26. 84 31.32
0.2 32.69 28.91 27.80 26.90 31.34
0.5 32.66 28.88 27.82 26.82 31.28
1.0 32.65 28. 84 27.72 26.78 31.25
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