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Multiscale Feature Fusion Back-projection Network for Image Super-resolution

SUN Chao-Wen'! CHEN Xiao"?

Abstract Aiming at the problems that existing image super-resolution reconstruction methods have weak ability to
restore image high-frequency details and insufficient feature utilization, a multi-scale feature fusion back projection
network is proposed for image super-resolution reconstruction. The network first uses multi-scale convolution ker-
nels in the shallow feature extraction layer to extract feature information of different dimensions to enhance cross-
channel information fusion; then builds a multi-scale back projection module to perform feature mapping through
recursive learning to improve the early reconstruction capabilities of the network; Finally, local residual feedback is
combined with global residual learning to promote the spread and utilization of features, thereby fusing feature in-
formation of different depths for image reconstruction. The experimental results of x2 ~ x8 SR on the images show
that the quality of SR image of this method is better than the existing image super-resolution method in subjective
perception and objective evaluation index, and the reconstruction performance is relatively better when the scale
factors is large.
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Fig. 1

The structure of the proposed network
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Table 1 The settings of input patch size, number of parameters and network hyperparameters
TR RS HL x 2 x 3 x 4 x 8
ZH = 5016211 6490771 8161939 16812691
LOPN N 60 x 60 50 x 50 40 x 40 20 x 20
RRIEHEEUZE fix1: Conv(128,1,1,0); f3xs: Conv (128, 3,1, 1); fsxs: Conv(128, 5, 1, 2)
REAESR U o
K ERLS R Conv(128x3, 1, 1, 1)
. L Convl(64, 6, 2, 2) Convl(64, 7, 3, 2) Convl (64, 8, 4, 2) Convl(64, 12, 8, 2)
ERNAVS LT EER
X2 Conv2(64, 8, 2, 3) Conv2(64, 9, 3, 3) Conv2(64, 10, 4, 3) Conv2(64, 14, 8, 3)
A Conv(64x7, 3,1, 1)
EAREL 7
VI ™

i Conv(C, K, S, P): CR/RIBIERL, KERBRGKAN, SERLK, PRRIHT.
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[P Ee 2 R 4 .

ME 4(b) ~ (d) PIZRRT 45 2k R £ AR &S SR vT
DL, AR L DBPN-R64-7 B4 P18t
THEFE, WSS I loss E AR, BE & UK A B0 r 36,
XFPOC AT . IR 4(a) ~ (d) X EWFEAN
FTRARHI M Al LA, 7E Set 5 Bidli4E L, X T 2
B 8 5 ZANRAEEL, MZSULEIE A SR L DBPN-
R64-7 K15 7 474 PSNR Al SSIM 18, J& HAE i
INCE ON IO A C DN R IR N NN
SR HA I EE MRS, tk DBPN-R64-7 5%
A S R VA= N 0) N A

BFF %20 x3. x4 [ SR, A LHES 13 #
SR 7L T T X, WiEk 5 For. IR Z HIEA
T 8 5Ok, B 7Ex8 SR H15 10 Fhjy kit
AT TXTEE, W€ 6 Fros. fEXFLLE v Bicubic A
B4 W = IR FEAE 52, SRCNNL ESPCN Al FSR-
CNN T CNN iR Z LM%, VDSR NIRE
264, DRCN.DRRN F1 DRFNFT s = o 2% ,
Hr DREN & # i1 A # R O A5 20 SRR B 19
%%, LapSRN it B & W 25, IDNE A1 MS-
RN NZ 12 M %, SRMDNFP 2% 8B4k W 2%
MRFN" M EDSR Nk Z M. 4553 5 F3K 6 7]
PLE H, ARSCEENAE 2 5K 5 MRFN 778
TESHIZEEE, {Hx 3, x4 M x8 SR HE 5 MEAA
) B A5 CR R ) BHE 4R Hh 35 B B 1 VR R
bR, SN TR ER OS50 SR B A e, fets
bl A B o A MR AE HR 2 8. 7E 5 NEURE S,
Set5. Set14 Fl B100 &4 7 H 283 5; Urban100

R 2 OARHESRBUBHCE BN b
Table 2 Analysis of the kernel size of the feature extraction module
Scale Method Set5 PSNR/SSIM  Set1l4 PSNR/SSIM ~ BSD100 PSNR/SSIM ~ Urban100 PSNR/SSIM Mangal09 PSNR/SSIM
Ours_ 135 27.13/0.7819 25.02/0.6445 24.86/0.5992 22.59/0.6231 24.85/0.7885
x8
Ours_ 357 27.09/0.7806 25.03/0.6437 24.86/0.5986 22.57/0.6219 24.78/0.7859
* 3 XN REBSCRITTHBIZ KN
Table 3  Analysis of the kernel size of the multi-scale projection unit
(BRI, K. ) PSNR (dB)
Scale
K1 k2 Set5 Set14 BSD100 Urban100 Mangal09
(8,8, 0) (10, 8, 1) 27.00 24.95 24.82 22.45 24.68
%8 (10, 8, 1) (12, 8, 2) 27.08 24.99 24.84 22.53 24.77
(12, 8, 2) (14, 8, 3) 27.13 25.02 24.86 22.59 24.85
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X4 x8HEAILE Sets Al Set14 MAREE F (VRS HT

Table 4 The depth analysis of the x8 model on Setb
and Setl14 datasets
\ N . " PSNR (dB)
HEANE W et
SethH Set14
1 13 16802323 26.50 24.53
3 33 16805779 26.98 24.89
4 43 16807507 27.03 24.94
5 53 16809235 27.05 24.96
6 63 16810963 27.07 24.98
7 73 16812691 27.13 25.02
8 83 16814419 27.13 25.02
27.5
Ours eDBPN
27.0 °
EDSR
” o+ MSRN
< 265
ot LapSRN
% 2.0
& <V eyDsr
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Table 5  Quantitative comparison of different algorithms on x2, x3, and x4

Scale Method Set5 PSNR/SSIM  Set14 PSNR/SSIM BSD100 PSNR/SSIM  Urban100 PSNR/SSIM  Mangal09 PSNR/SSIM
x 2 1. Bicubic 33.68/0.9304 30.24/0.8691 29.56,/0.8435 26.88/0.8405 31.05/0.9350
x 2 2. SRCNN 36.66,/0.9542 32.45/0.9067 31.36/0.8879 29.51/0.8946 35.72/0.9680
X 2 3. ESPCN 37.00/0.9559 32.75/0.9098 31.51/0.8939 29.87/0.9065 36.21/0.9694
x 2 4. FSRCNN 37.06/0.9554 32.76/0.9078 31.53/0.8912 29.88/0.9024 29.88/0.9024
x 2 5. VDSR 37.53/0.9587 33.05/0.9127 31.90/0.8960 30.77/0.9141 37.16/0.9740
X 2 6. DRCN 37.63/0.9588 33.06/0.9121 31.85/0.8942 30.76/0.9133 37.57/0.9730
x 2 7. LapSRN 37.52/0.9591 32.99/0.9124 31.80/0.8949 30.41/0.9101 37.53/0.9740
x 2 8. DRRN 37.74/0.9591 33.23/0.9136 32.05/0.8973 31.23/0.9188 37.92/0.9760
X 2 9. DBPN-R64-7  37.57/0.9589 33.09/0.9132 31.83/0.8951 30.75/0.9133 37.65/0.9747
x 2 10. IDN 37.83/0.9600 33.30/0.9148 32.08/0.8985 31.27/0.9196 38.02/0.9749
x 2 11. SRMDNF 37.79/0.9601 33.32/0.9159 32.05/0.8985 31.33/0.9204 38.07/0.9761
X 2 12. DRFN 37.71/0.9595 33.29/0.9142 32.02/0.8979 31.08/0.9179 33.42/0.9123
x 2 13. MRFN 37.98/0.9611 33.41/0.9159 32.14/0.8997 31.45/0.9221 38.29/0.9759
x 2 Ours 37.82/0.9599 33.35/0.9156 32.04/0.8980 31.49/0.9218 38.23/0.9762
x 3 1. Bicubic 30.40/0.8686 27.54/0.7741 27.21/0.7389 24.46/0.7349 26.95/0.8560
x 3 2. SRCNN 32.75/0.9090 29.29/0.8215 28.41/0.7863 26.24/0.7991 30.48/0.9120
x 3 3. ESPCN 33.02/0.9135 29.49/0.8271 28.50/0.7937 26.41/0.8161 30.79/0.9181
x 3 4. FSRCNN 33.20/0.9149 29.54/0.8277 28.55/0.7945 26.48/0.8175 30.98/0.9212
x 3 5. VDSR 33.66/0.9213 29.78/0.8318 28.83/0.7976 27.14/0.8279 32.01/0.9340
x 3 6. DRCN 33.82/0.9226 29.77/0.8314 28.80/0.7963 27.15/0.8277 32.31/0.9360
x 3 7. LapSRN 33.82/0.9227 29.79/0.8320 28.82/0.7973 27.07/0.8271 32.21/0.9350
x 3 8. DRRN 34.03/0.9244 29.96/0.8349 28.95/0.8004 27.53/0.8377 32.74/0.9390
x 3 9. DBPN-R64-7  33.90/0.9236 29.99/0.8353 28.87/0.7991 27.35/0.8336 32.59/0.9373
x 3 10. IDN 34.11/0.9253 29.99/0.8354 28.95/0.8013 27.42/0.8359 32.69/0.9378
x 3 11. SRMDNF 34.12/0.9254 30.04/0.8382 28.97/0.8025 27.57/0.8398 33.00/0.9403
x 3 12. DRFN 34.01/0.9234 30.06/0.8366 28.93/0.8010 27.43/0.8359 30.59/0.8539
x 3 13. MRFN 34.21/0.9267 30.03/0.8363 28.99/0.8029 27.53/0.8389 32.82/0.9396
x 3 Ours 34.31/0.9265 30.29/0.8408 29.05/0.8035 27.94/0.8472 33.37/0.9433
x 4 1. Bicubic 28.43/0.8109 26.00/0.7023 25.96/0.6678 23.14/0.6574 25.15/0.7890
x 4 2. SRCNN 30.48/0.8628 27.50/0.7513 26.9/0.7103 24.52/0.7226 27.66,/0.8580
x 4 3. ESPCN 30.66,/0.8646 27.71/0.7562 26.98/0.7124 24.60/0.7360 27.70/0.8560
x 4 4. FSRCNN 30.73/0.8601 27.71/0.7488 26.98/0.7029 24.62/0.7272 27.90/0.8517
x 4 5. VDSR 31.35/0.8838 28.02/0.7678 27.29/0.7252 25.18/0.7525 28.82/0.8860
x 4 6. DRCN 31.53/0.8854 28.03/0.7673 27.24/0.7233 25.14/0.7511 28.97/0.8860
x 4 7. LapSRN 31.54/0.8866 28.09/0.7694 27.32/0.7264 25.21/0.7553 29.09/0.8900
x 4 8. DRRN 31.68/0.8888 28.21/0.7720 27.38/0.7284 25.44/0.7638 29.46,/0.8960
x 4 9. DBPN-R64-7  31.92/0.8915 28.41/0.7770 27.42/0.7304 25.59/0.7681 29.92/0.9003
x 4 10. IDN 31.82/0.8903 28.25/0.7730 27.41/0.7297 25.41/0.7632

x 4 11. SRMDNF 31.96/0.8925 28.35/0.7787 27.49/0.7337 25.68/0.7731 30.09/0.9024
x 4 12. DRFN 31.55/0.8861 28.30/0.7737 27.39/0.7293 25.45/0.7629 28.99/0.8106
x 4 13. MRFN 31.90/0.8916 28.31/0.7746 27.43/0.7309 25.46/0.7654 29.57/0.8962
x 4 Ours 32.31/0.8963 28.71/0.7843 27.66/0.7383 26.30/0.7922 30.84/0.9126
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Table 6  Quantitative comparison of different algorithms on x8

Scale Method Set5 PSNR/SSIM  Set14 PSNR/SSIM BSD100 PSNR/SSIM  Urban100 PSNR/SSIM  Mangal09 PSNR/SSIM
x 8 1. Bicubic 24.40/0.6580 23.10/0.5660 23.67/0.5480 20.74/0.5160 21.47/0.6500
x 8 2. SRCNN 25.33/0.6900 23.76/0.5910 24.13/0.5660 21.29/0.5440 22.46/0.6950
x 8 3. ESPCN 25.75/0.6738 24.21/0.5109 24.37/0.5277 21.59/0.5420 22.83/0.6715
x 8 4. FSRCNN 25.42/0.6440 23.94/0.5482 24.21/0.5112 21.32/0.5090 22.39/0.6357
x 8 5. VDSR 25.93/0.7240 24.26/0.6140 24.49/0.5830 21.70/0.5710 23.16/0.7250
x 8 6. LapSRN 26.15/0.7380 24.35/0.6200 24.54/0.5860 21.81/0.5810 23.39/0.7350
x 8 7. DRFN 26.22/0.7400 24.57/0.6250 24.60/0.5870 — —

x 8 8. MSRN 26.59/0.7254 24.88/0.5961 24.70/0.5410 22.37/0.5977 24.28/0.7517
x 8 9. DBPN-R64-7  26.82/0.7700 24.77/0.6346 24.72/0.5928 22.22/0.6033 24.19/0.7664
x 8 10. EDSR 26.96/0.7762 24.91/0.6420 24.81/0.5985 22.51/0.6221 24.69/0.7841
x 8 Ours 27.13/0.7819 25.02/0.6445 24.86/0.5992 22.59/0.6231 24.85/0.7885

Eq e Nia NFa N N 2N
. i /1DRCN“ /g]l)RRNﬂ /,L;x SRNﬂ /dOursd

5 fE Sets Fx8 SR A HALES R (woman)
Fig.5 Visualized results of x8 SR on Set5 (woman)

Bicubic SRCNN FSRCNN

VDSR DRCN DRRN LapSRN Ours

Bl 6 1F Setld [ x8 SR MIATMALLE R (zebra)
Fig.6  Visualized results of x8 SR on Set14 (zebra)

Bicubic SRCNN FSRCNN
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B 7 7£BSD100 Fx8 SR [l #ifk45 R (210779)
Fig.7  Visualized results of x8 SR on BSD100 (210779)
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