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Super Resolution Reconstruction of Remote Sensing Images Based on Back-projection
Attention Network

HU Jia-Yue, TIAN Peng-Hui

(School of Computer Science and Engineering, Xi’an Technological University, Xi’an 710021, China) \

Abstract: In recent years, remote sensing images have been widely employed iI‘l‘ a series of work such as environmental
monitoring. However, the images observed by satellite sensors often have low resolution, which is difficult to meet in-
depth research needs. Super resolution (SR) aims to improve image quolution and provides finer spatial details, perfectly
compensating for the weaknesses of satellite imagery. Therefore, a back-projection attention network (BPAN) is proposed
for SR reconstruction of remote sensing images. The BPAN is composed of the back-projection network and the initial
residual attention block. In the back projection network, the iterative error feedback mechanism is adopted to calculate the
upper and lower projection efTors to guide image reconstruction. In the initial residual attention block, the initial module is
introduced to integrate‘local multilevel features to provide more information for reconstructing detailed textures to focus
on the importance of the module to learn different spatial regions adaptively and promote high-frequency information
recovery. To evaluate the effectiveness of this method, this study conducts a large number of experiments on AID
datasets. The results show that the proposed network model improves the reconstruction performance of traditional deep
networks and has significant improvements in visual effects and objective indicators.

Key words: remote sensing effect; super resolution (SR) reconstruction; attention; back-projection network
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A E A 7 PR (HR) BB, 78 U,
ML EE B 000 1 P V45 T RAAE ¥ 25 450 A 3 E 224
IRASLHUHME, BB SEIREh R AT . AR
M, EH A A R R AS 7 1 A s (0 PR A, AR Mk B 23
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n0 &% nR, RGNS IR, Hodh n0 W46 LR 4
AESZ IR A (135 AUZ AN KL, nR NN RS St P
I RUZ AL

(2) BeEE o MR IE PRI Z J5 & — R AR A
TG, BRI LR 1 HR RRAEMLGT, it %5 45 0E Bl i
AN BT R AT LAV 1] BT A S AR B s i L 4%
BTSN 2 B,

(3) MRy AL 3x3 BB PHE 5 I HR
% EH N SR B4, b fRec ] conv(3, 3) fENE
¥, [IRAB', IRAB?, ---, IRAB'/& 48 fE4E > IRAB 17~

© TEREBIK R

http:/fwww.c-s-a.org.cn



20234 #5324 12 http://www.c-s-a.org.cn WEN RS NH

AE HIREAE B B2, FONTR S P 2. Attention fiER, {#74 IRAB i@ id Inception BRI 3k %
2.1.3  WIURFRZEFEE S (IRAB) an B, i Attention R WX 25 B 0 SGE HE wF Ry A

IRAB 3£ PSR, 73572 Inception 5 HLA BRI DXk, HAs a3 R

Interpolation upsampling branch

E 1 Mg

a Dense up- projection unit

~N
g Ly e/ H

L= g Deconv Conv Deconv [H
O

"'

\
-

»~~ Dense down-projection unit

§ H|
[H',- HT— §— Conv Deconv Conv [L]
O
\ m

L oEL &ﬁ&im

module
[ Attention

module |

Conv 1x1
Conv 3x3
Conv 3x3
Conv 1x1
SA
Elementwise
Sum
F

S

—

3 WIRIREE SR

(1) Inception ik FOBEIRRAE, B 5, R 55— DSR2 0 5E B REE 3E
7t Inception L, FEAH T 3 NMEHE (H ITRLE . RS § > IRAB HIHIAJE Fyp, 4 D ERUZET]
Conv(1, C), Conv(3, C), Conv(3, C)) HEHL LA A [F] B PLFRIRA:

Software TechniquesAlgorithm #fFHi AR 5%: 213

© PEBSERRENTT  hupdiwww.e-s-a.org.en



it E RGN

http://www.c-s-a.org.cn

20234F 55323 121

F1=fi,1(Fup)
Fr = f22(ReLU(F1))
F3 = f33(ReLU(F?7))
Fnception = fa,1([F1, F2, F3])
Horb, f0) BARBREAE, b RPN, [[1RRP
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2

Feo=F.+F Inception (4)

Horr, F, FR W ERHIE B, A panner 277 8818 3 5 7] &
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2 18 3N [ (1 b A 45 VE T R 2 A0S AN [F) (1) 2 2
RFAE, AR SCAE FH T b A 38 1 ok R 448 i N SRR AE B A5
B, 2 )53 B B A i, AN I TE R
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Wi R K, TT LA RE
THIEANRE B F L, SRR R:

Fe =0(SFCL(MaxPool Frcepion)
+SFCL(AvEPool(Fnception))) ® Fincepion  (5)

SFCL(MaXPOOZ(Flnception)) =
0'(Wu(s(WdMQXPOOI(FInception))) (6)
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Hor, 6 %8 ReLU WG B 2, o KoK Sigmoid R,
W, K1 W, 53 BIFE A MLP 434 2 10 1 5 A 42
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66, stride=2, padding=2 HJ&HUZ; X Fx3 (L5, ff
i 7x7, stride=3, padding=2 &M%, X T x4 FIFES,
i F 8x8, stride=4, padding=2 )& F4%. KX H Adam 1
AR5 2 HEAT AR AL, Hoh Adam SRS HIKE N
£1=0.9, £2=0.999, =10"°, FIE4 T H N 1x107, 50 4
epoch J&, 2% 2 R ERBIWI UG5 2] 1 — .

F 1 TIIAEL
W5 W=
R Ubuntu 20.04
CPU Intel(R) Xeon(R) Platinum 8255C
WA 40 GB
GPU RTX 2080 Ti
FEZE Python 3.8, PyTorch 1.10.0

3.2 ENERR

RS BRI AR (5 L (peak signal-to-noise ratio,
PSNR)! IS5 M AR UL FE (structure similarity index,
SSIMY"WE A 15 R, ﬁé\‘\iﬁ_ﬁuiﬁ“(lz)\ 2 (14):

2

ZL Z,il (I(h,w) - F(h,w))’
HxW

Horr, W H 535072 B 58 FE AT 2. PSNR {EEBCK,
R ROCRBRL

MSE(I 1) = (13)

Cuipp+C)(o1+C2)
(W] +1;+C)(of +07 +C2)

SSIM(-) %7~ HR E{§ 1 5 E @510 SR BIGIfE 5
& X ELPEANEE R L AR BLE . SSIM EOR, For A
Uiy B
33 LWERROHH | o

N T SR ASE ik R M B, S SRCNN.,
SAN. DSSR FI DASR iX 4 Fi 7 iE3EAT 2 fi5. 3 A0
4 {5 g ST b, SEIe 45 BN 2.

R 2 4 T ARSI RO T YRR AN [R i 4 -
HISEER 25 5L, FF DA AR SRR s 4 R, MAg mT A
B, AR TR AN RS AR T Ty
%, RAEAD AR R AR T b T 32, (B H A B2

SSIM(I,1) = (14)

PSNR(L ) = 10log —> (12)
MSE(1,1) T8 L5 B A I S RS- 3 PSNR #1135 SSIM, AIE
o, B} AR SO AL AE 43 1 2R B R AR 55 B AR
2 AFJIEIER > EAESE L) PSNR (dB) F1 SSIM 255

Image Scale SRCNN SAN DSSR DASR Ours
x2 37.62/0.9325 38.97/0.9645 38.99/0.9649 39.04/0.9658 39.10/0.966 5
bareland x3 33.89/0.7873 36.64/0.8917 36.68/0.8923 36.70/0.8928 36.79/0.893 3
x4 32.25/0.7967 34.51/0.8530 34.52/0.8533 34.57/0.8537 34.59/0.8542
x2 33.64/0.845 1 3533/0.9143 3532/0.9146 3536/0.9148 | | 35.49/0.9155
desert x3 30.13/0.755 4 32.27/0.8492 32.30/0.8499 32.31/0:8497 - 32.37/0.8506
x4 29.56/0.706 4 30.19/0.766 0 30.21/0.7660, 30.23/0.766 3 30.30/0.766 8
x2 32.60/0.865 1 34.75/0.8923 3476/0.8925 | #34.79/0.8931 34.81/0.8926
farmland x3 29.80/0.773 4 30.99/0.8072 | 30.97/0.8071 31.01/0.8077 31.05/0.8075
x4 27.94/0.7325 29.30/0.766 1 293007663 29.33/0.766 5 29.33/0.766 8
x2 31.96/0.8657 34.46/0:9020 34.50/0.9026 34.52/0.9030 34.58/0.9039
playground x3 29.30/0.7845 30.39/0.8328 30.42/0.8332 30.47/0.8336 30.47/0.833 8
x4 27.85/0:7425 " 28.60/0.7783 28.61/0.7789 28.66/0.7794 28.69/0.7798
x2 29.56/0.7959 32.24/0.8845 32.27/0.8846 32.32/0.8851 32.35/0.885 4
bridge x3 & 12620/0.7869 27.82/0.8026 27.84/0.8029 27.89/0.8032 27.86/0.803 2
| x4 23.67/0.6578 25.22/0.7642 25.23/0.7646 25.25/0.7649 25.30/0.7655

A& 6 4 T 5 FhUTIRIEX2. x3 Fix4 ANFEK
KAB BT X 38 B AR W3 5 v 356 0 B i 1) B 7 45 R
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MR R M B TR TR IR 2 R BR 5
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[l I AN BN 22 (2 8 38 0o v e e ) % B o
TERE S X, A BT SR R e R i o
SEVENI S0, AR A R B SR i 45 R AR W, 5 Ak
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DSSR DASR Ours

SRCNN SAN
30.32dB, 0.824 5 32.87 dB, 0.948 6
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DSSR
36.17 dB, 0.880 1

& 1)

SRCNN SAN
34.98 dB, 0.860 1 36.15dB, 0.879 7

DASR Ours

36.21 dB, 0.880 2 36.23 dB, 0.880 6
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