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Remote Sensing Image Super-Resolution Reconstruction Based on
Dual-Parallel Residual Network

LIU Cong', WANG Yaxin'

ABSTRACT The image super-resolution reconstruction algorithm generates a poor effect for the remote
sensing images due to different sizes of ground objects and high complexity in the images. Aiming at this
problem, a dual-parallel lightweight residual attention network is proposed to increase the reconstruction
result. Firstly, a multi-scale shallow feature extraction block ( MFEB) is put forward to gain the feature
information of different receptive field sizes. The problem of the ground objects with different sizes can be
solved by MFEB. Secondly, a lightweight residual attention block ( LRAB) is designed with asymmetric
convolution and attention mechanism. And thus, the model parameters are reduced and more high-
frequency information is captured. Then, the parallel network with different convolution kernels is

Besides,

blocks to increase the reusability of information. Finally, experiments show that the proposed model

designed to fuse different receptive fields. lots of skip connections are employed in residual

produces superior performance.
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SR S R R EURAETE A RE S | Hb BT M
RGN 308 T PRI S5 AR 22 QU L A A B R A
F. SR IR MR AE AR5 A8 Pl S 2 B8 3
KA GBIER R B IE L RE 55— R I R 5
W], ORI TR SRR AFAE 3 PR AR A ). il
R, BT EOR B Y 12 SRR AR L AT 4 e 1 R R
(R 53 B AEAS AT 3k A by 5 2 vy B 1) 4 S8 R 4 47
A FEMF G PR B9 AT 2 2 TR ] TR ek
PR = o PR

P15 73 P38 E el B e Tl o — R PR R
ARAFILXH I 1 i 40 HE R R Dong 35 $i2 Hh i 43 B
R R A 25 N 2 ( Super-Resolution Convolutional
Neural Network, SRCNN) , f#i ] 3 & JE 2% 2 K
I PR GO 5 43 B 3 PR B 0 S 22 18] B8 e 55 5
Z. A% SRCNN F BV, Liebel % 7638 AU 5
SIS R 25 0 4%, K SRONN % 4 31 5 ol i i
JRIEMG Sy PR .

ARIITJEI 0, 90 465 S22 OB T , I 455 1) 3 3K BE ) it
. He 25 2 5% 2% 2% ( Residual Network, ResNet) ,
B K AR 22 BTG ARIBUR TR 28 DRI 28 1Y
JEAMEL. Lim 25§ H4 EDSR ( Enhanced Deep Super-
Resolution Network ) , FI| FH 22/1~5% 2= e He B IR 19 K
LREERE AR mE B BR 252 T Wz i A
JREUG PR . Lei 50 RH -2 )R i%
M 2% ( Local-Global Combined Point-Based Network ,
LGCNet) , Pan %510 £ H 5% 2 95 45 I 4 N 46, 97
2 SR FURI BB AR 22 2% 2] . Bl W 2% 2 B30 AN
TG WFFEE AT 0 45 e A RCR B A B AN, T
SETF IR R 14 75 1] LR A SE AL 4 o R

UTAER  BIFFE AT A B R 22 40 i R R 1
SEXHRRE TE AR, A T B A . Hu U R
HY HE 46 30 ) 4% ( Squeeze-and-Excitation Network ,
SeNet) , i i & 4 -3 Ji ( Squeeze-and-Excitation ,
SE ) #BEHAR HRUAS (] 38 308 =2 [] A AN L e 3 18 7 )
T RGALEEF . 5% SeNet J& K&, Woo S5418 18 11 7=
JyRES A E e AN R 7 R A 3R AR
B J1 B H ( Convolutional Block Attention Module,
CBAM) “*) 13 #5 VE 7 J7 4 Bt ( Bottleneck Attention
Module, BAM) ) Fh i3 & S HL I He. Zhang g [10]
PR 25 1 & T 2% ( Residual Channel Atten-
tion Network, RCAN) i 18 {75 Sk A sk 2= |
WS Bt i B ASOR.

T SR R B A e Y 3 (B) oA, T R B
AR R NFITEAR . TR , 1o S PG 4 e ol el o
VEE =5 BB Gu 45 R Dong 261 AR K]

2T Y R 1 (Wide Feature Attention Block ,
WAB) 438 18 1 Rl AGR 22 Herh | S0 b 52 By
AU B Haut 5517088 5 5% 22 0 2% vh () 58 1
BL, IR 2 R ERIE HPAHTME B, B &S
W 25 11 ot A5 5 H AR KRB Dong S5 1 B il
BRe AE X 55 59 A5 AL Hp o fin A BR 22 U R ) B Bk
( Residual Attention Module, RAM) , Fl| FHH £ % ¥ %
AR SR B I o B R AR R An T
HHE.

5 IR] I, 52 44 i I 45 BERS L 5 BRI S 4L
T, DTS2 0] ) 286 B2 DAL, 28 2 PE R 21 5 i
P A PR 4. Szegedy %51 42 1Y Inception V1 [
2% N R R R 1 A DD R SR B
Szegedy %51 X} Inception W 25 A Wi fi Ak, 7 Incep-
tion V3 2% rh SRR A2 FIAE X PR A2 1Y
J R S8, AR B AR . Xeeption 14517 Al
MobileNet [ 4" {iff FIR B2 AT 43 B9 45 A1, Wl I 45
SRR, FIRR R PRI R R 1x1 B
STE ML RS R Y THR BT NI AE ShuffleNet
W20 R KR Ix 1 B B
J 34 Ji3E 3 H Yk ( Channel Shuffle ) #41: , fiftHR il o
ZH AR AL 0 J0 0 22 (8] S PR R A L R R
RRRUAT A e 90 2 TR P S TR T 3 B S B il 22 1Y
[R)et.

AT ) 45 T 4 9 3 o T U R RICR, , 98
M, ©A AR 00 28 2428 FH B — RO 45 R 42
IR JZAFIE. AHZ , T R H ARty RoF 22 57
PR, IR, R B — 5 BUZ SR IR 15 A R, 2k
WUIR BAETEA B ER.

N TR bR R A SCHR Y ROF AT R R Uk
Z27H 75 144 ( Dual -Parallel Lightweight Residual Atten-
tion Network, DPLRAN) , 4 = 3% J2& € 15 1 5 2 2%
ROESE, R 2 R R FRAE S IO R Ok 2 A5
B R, B iR i sk 22 1 3 J) B (Lightweight
Residual Attention Block, LRAB) , 3= % @l & JF X R
HRVERE SHLH]. LRAB RIS/ 9 4% 9 2550, X
LA AR 2 U R R, 2 2 M 4%
( Multi-perception Attention Networks, MPSR) 2Ry
AR A EEHESCR HIDFATHESRL 1 i 0 2 1) 54
P ol o0 245 BN 5 TR P AR R A

1 RO TR E I 22 R M 45

WIATHR e 5% 22 10 7 F1 M 4% ( DPLRAN) f9 3%
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Fig. 1  Architecture of DPLRAN

1.1 ZEBEFEREUER

158 B N 28 1A R B — I B A2 R A
BIRIZFHIE. SR Z5EG it s — G U2 5
B ZRAE AT 2 ANTTRO R K. SR, 3 B R A 6
A5 1 B AR R 22 K. T X & H s b
Py RST 22 T K 1) 18 R RGP — 1) 45 FR 2 s i
A2 BRI A FEUR A TN 5% 1) Je i R 3z B 4 /N, AN )
TREBE B, BRI EREZSREEE B
TGRS, EESCRAR 2. T LA 38 2R A 5
B, B s RO 22 SR i e S il B — 5 B2
FRBORJZFHE A S — B i 5. BRIt AR S04
H 22 R VR 2 ARAE BEHUER ( Multi-scale Shallow Fea-
ture Extraction Block, MFEB) fi P [n] /81, MFEB
HERI AN 2 fw.
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Fig.2  Architecture of MFEB
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Fo, = ReLU(f;,5(I1g) ),

Fo = ReLU(f5,s(11x) ),
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Hrh F | FoR4A 0 SR BUNE 1 A2 EEIES B
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b FRAFERAE T 0 R 2 BRI A
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Ho,H, () i ERFEERAE, th 1 DETUZ  Conv(3,
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T B A R S B 4L . UCMerced-LandUse %%
Pk 1 3 [ M J5 8 A JRy 4 ] i T 3k i X 3 1A 1%
£ A E 21 28 2R A 100 R EHR. BHIE ER I
ITHRERA 256 x 256, ASCHURALZER 100 1 B AE
FIRAE | 44 H UCMTest. NWPU-RESISC45 i
B2 PG AL Tl K2 B i 1 18 R EUG  5  2k
S FFERSE B 45 28, BIEA 700 IE R4, [H]
FEZERE KAL) 700 07 EMEFH T 555, AT 600 15 [A]
b BEALIEER 500 R AE I ZREE , 4% 100 BRAE A 55
WELE. 275601 ~700 M 2 [8] (9 G AE A o5 — A~
440 NWPUTest. 24 7 B4 fff FHYINZR 4R | SR BB
BLAK - B0 A Bl HLIE % 90° .180° 270° By 7=, M
FHERIIGAE.

TESC R R | R FHIE(E (E M2 HE ( Peak Signal to
Noise Ratio, PSNR) F1Z5HAH LI (Structural Simi-
larity, SSIM) fE R PEALHESR. PSNR A1 SSIM {8k,
ARG

TEM 28I it B8 v o BB UG B BEDL AL 5T
A 48 x 48 ARG H R Adam {1k &5 XF M 25 32847
etk , BHXE B, =0.9, B, =0.999,6 = 107, %]

BA B2 S 30 107, R %5 200 ﬁ%zm'g

2.2 BESW

DR 28 TR, Fi AR R AT (HA 2 R BN 25 S48
S VG N AR SR B R 25 1 B Bl R AR
MG RCAE GBI, v A S0 2% 1 2400

AATHEAT S 80 X SR X L ik A
EDSR' FI %38 13 5 /1 M 4% ( Wider Channel Atten-
tion Network, WCAN) """ FERCK H T r =2 BF, 4% )
2R AR AN [ 5 22 BT 0 R 28 BR800 L N 1 s,

F1 BRERNMEARNZIMEHSHEX L

Table 1 ~ Comparison of number of parameters among different
methods with different number of residual blocks
Sk BRI KL
5 10 15 20
EDSR 557467 926747 1296027 1665307
WCAN 601983 1015443 1428903 1842363

DPLRAN 480491 500971 521451 541931

1 ATEH, R4 i 5% 25 i /D i, 3 F
I 2% B S AT, Bl R 22 B 38 |3 2 =
B 2 ) 1 22 BE Mok ok X T EDSR i WCAN, %

ZEPVEIGIN 5 A, S8R N 2) 400 000. 7E DPL-
RAN | B2 Helgdfihn 5 A, 8015 m 4y 20 000.
X [ B, 150 A 7E S 450 AR [R] B DPLRAN $43 BE 1%
JZZER BRI RS2 BT A A R () % 22 B 2 4 opr
DPLRAN #4551 S5 i

ey ik B i A BRI RS R HE 2L Incep-
tion P A, YAl AEXT PR B RL, SH0L E N
12 ~20 B, IRAF M B ASCR . A Hrins i,
T4k DPLRAN i fEi% 8. Sl L, 15145 sR B
WS PEFN PSNR (B FERCK B F r = 2 B B A R Y
PG B R/ NRAS B PSNR ik an i 4 . Kl &
), PSNR iy £ bifi 1% A B 38 I #a TR . AEA
WIS ERP R/ IME EAE 12 ~ 20 Z (0], AN
REEAS B AE AL, 4R 1 AR At I 25 1 I 4% 1
SRR, IZR A LIRS A SO G RNk
oM 48 x 48.

g H K /M2 %12
" — B H K /N20%20
S ¥ — B K /N24 %24
— BG K /M8x48

34.0

100 150 200 250 300 350 400
EAR UK

0 50

K4 EBRBINARFI DPLRAN () PSNR £k
Fig.4 PSNR curves of DPLRAN with different patch sizes

2.3 HEASEI

ATl I Al S50 4y BT AT A L 2 ROER )2
FEAE $2 BT B (MFEB) 138 38 4 2 7 AL ] A B
(CA) HITERE KX 8 g 45 SR A S . JF 174548 11
FE2 AL E . U HE S T AT 250 (T FR S MP
Po) Mgk 221 B 1L (LRAB) i IF 454
(fRIFRM BPBEH:) . %) T MP Rtk BP #idk MFEB #%
P CA BB ARFRI LA, 76 2 A 705,
AR 2 55 1 51 s, M1 A5 4 b,
i3 x 3 IR MFEB B UK JZ R, M2
16 M1 Ay LR EHE I MFEB #53e. M3 78 M2 #9360 |
HOI CA Bide. M4 7E M3 (500 34 im BP #. M5
A5 P AR, B SCHY DPLRAN 4%,

SCERZERL IR 2 FoR, 76 2 NI AR I, A
M1, M2 5 @45 2| 1Y B R 7E PSNR B L 53 0 48 &
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0.01 dB F10.02 dB. A1t , MFEB #be H 2R F #— 11
GRZ B2 EEEFE. 72 DML -,
M3 FREU) PSNR A EE M2 4351455 0. 03 dB F10. 04
dB, UL VE 7 7 HLH A ) 45 4l 4% o 22 1) i s .
Xt M3 il M4 1 B 7E 2 AR SE | M4 ) PSNR
{8 b M3 23851142755 0. 19 dB #10. 24 dB, 3% i8] BP 4
Pk T EERYVER. )5 % EE M5 Fi M4, M5 1Y) PSNR
B 1t M4 $21250. 05 dB #10.03 dB. FH, IFAT R4 0]
0 4% ) R e T AR A

T2 AEEHREESE?2 NNXE LR PSNR &
Table 2

PSNR values of different module combinations on 2

testsets

dB

wim  MP BP MFEB CA PSNR
Bl Bt B B yeMTest NWPUTest

M1 X X X X 37.25 37.82
M2 X X V4 X 37.26 37.84
M3 X X v v 37.29 37.88
M4 X v v v 37.48 38.12
M5

(DPLRAN) V4 v v v 37.53 38.15

2.4 FFLESLIG
2.4.1 EWIEFFRIEH

9 T VAl DPLRAN W28 A s50ve e e 7 > A
AT X AR X B, BRI .
SRCNN M 2" LGCNet M 2477 RCAN R 45100
MPSR MZ%2") IDN 2% (Information Distillation Net-
work) #) IRN F4% (Improved Residual Network ) "
1 DSSR M %% (Dense-Sampling Super-Resolution
Network ) /'

TEARSER o, SR T 10 ANk 22 5l 2k 4% [
IR TP Bl %o 5 A B 2 Bl A 1) X 4% 336 17 R
4 , S50 & DPLRAN SHR 1 2 5. 323 Mgk 4 4
TR AT r =2,3,4 B4 75 B0 PSNR &l
SSIM fH , & B ARR - R fefE 45

HHEAE )5 DSSR, DPLRAN 12 %5 & DSSR
() —f (B O SR T DSSR. 7£ UCMTest I
i I, r = 4 BF,DPLRAN f§#F DSSR,7E r =2,3

i}, DPLRAN 44 F DSSR. #E NWPUTest iR 4 |-,
r =2 i, DPLRAN /9 PSNR Fl SSIM {E 4351 b DSSR
$2750.07 dB F10.000 5,7 =3 i}, DPLRAN i) PSNR
F1 SSIM {H 4351 E DSSR 42751 0. 04 dB F110.001 1,7 =
4 I, DPLRAN f% PSNR 1 SSIM {83 %] Ft DSSR #2751
0.05 dB £10. 000 6.

®3 HMAREFTARER &ML PSNR EXTLE
Table 2 Comparison of PSNR values obtained by different

methods with different magnification factors

dB
2 UCMTest NWPUTest
r=2 r=3 r=4 r=2 r=3 r=4
SRCNN 36.16 30.72 28.74 36.61 30.57 28.08

IDN 37.22 31.83 29.81 37.77 31.57 29.08
LGCNet 36.97 31.33 29.81 37.49 31.17 28.64
RCAN  37.46 31.99 29.99 38.02 31.66 29.21
MPSR  36.82 31.27 29.32 37.41 31.03 28.57

IRN 37.34 31.93 29.92 37.93 31.59 29.12
DSSR  37.49 32.04 30.01 38.08 31.76 29.19

DPLRAN 37.53 32.04 29.98 38.15 31.80 29.24

®4 MKREFARER &M SSIM EXTEE
Table 4  Comparison of SSIM values obtained by different

methods with different magnification factors

2 UCMTest NWPUTest
r=2 r=3 r=4 r=2 r=3 r=4

SRCNN 0.9448 0.8697 0.8181 0.9497 0.8769 0.8173
IDN  0.9526 0.8934 0.8504 0.9550 0.8927 0.8455
LGCNet 0.9506 0.8934 0.8503 0.9539 0.8878 0.8363
RCAN 0.9544 0.8965 0.8543 0.9565 0.8944 0.8481
MPSR  0.9493 0.8818 0.8368 0.9527 0.8846 0.8321
IRN  0.9541 0.8955 0.8527 0.9560 0.8931 0.8464
DSSR  0.9546 0.8973 0.8553 0.9568 0.8948 0.8479
DPLRAN 0.9553 0.8979 0.8555 0.9573 0.8959 0.8485

2.4.2 AL SH

bR T iz & ULFE bR PEAS AR, TR AR F A 4%
RPFAE DPLRAN W45, NI i F a5t 3 iR
FEARTRRE T R ik an 2k 5 iR, 3k
A il DPLRAN (1) 5 £ [ 44 50 42 300 30 50 1 1 43 o
FUG , AR SR S B 1 AR
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Table 5 Local enlarged images of different networks for 3 images with different magnification factors
% UCMTest r=2 UCMTest r=4 NWPUTest r=3
} (airplanc061)  pSNR/dB SSIM  (airplane047)  pSNR/dB SSIM  (airplaned7)  pSNR/dB  SSIM
1T B _ _ _ _ _ -
EIE
SRCNN 34.04 0.9475 . 28.66 0.8231 = 30.22  0.8284
MPSR 34.29 0.9501 . 29.30 0.8395 = 30.13  0.8581
LGCNet 34.65 0.9501 . 29.17 0.8398 = 30.97 0.8469
IDN 35.05 0.9566 . 29.54 0.8511 = 31.47 0.8593
IRN 35.34  0.9589 . 29.56  0.8529 = 31.48 0.8606
RCAN 35.37 0.9589 . 29.52  0.8521 = 31.39 0.8617
DSSR 35.59  0.9608 . 29.47 0.8513 = 31.06 0.8691
DPLRAN 35.79 0.9621 . 29.61 0.8535 = 31.70 0.8651
3 ko KR | MR T FLAT PP
T A SR H R 2 B B TR R R R
AR O T R R 22 B I M T i, R e ORI /N B RO, B
it R SR R H AR NS 22 A MR B B R DR R, F s SR TR 1) 55 . A SCf R
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