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Abstract: Considering the p'robiems caused by insufficient attention to receptive field scale and inadequate extraction of
feature channel information in existing super-resolution reconstruction models for optical remote sensing images, this
study proposes a new super-resolution reconstruction model for optical remote sensing images, which is based on multi-
scale feature extraction and coordinate attention. On the basis of the deep residual network structure, some cascaded
multi-scale feature & coordinate attention blocks (MFCABs) are designed in the high-frequency branch of the network to
fully explore the high-frequency features of the input low-resolution images. Firstly, the Inception submodule is
introduced into MFCABs to capture spatial features under different receptive fields by convolution kernels of different

scales. Secondly, the coordinate attention submodule is added after the Inception submodule, and attention is paid to the
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channel and coordinate dimensions to obtain a better channel attention effect. Finally, the features extracted by each
MFCAB are fused in multiple paths to realize the effective fusion of multi-scale spatial information and multi-channel
attention information. In the double and triple magnification of the MFCAB model on the NWPU4500 dataset, the PSNR
reaches 34.73 dB and 30.12 dB, respectively, which is 0.66 dB and 0.01 dB higher than EDSR. In the double, triple, and
quadruple magnification of the model on the AID1600 dataset, the PSNR reaches 34.71 dB, 30.58 dB, and 28.44 dB,
respectively, which is 0.09 dB, 0.03 dB, and 0.04 dB higher than EDSR. The experimental results show that the

reconstruction effect of this model on the optical remote sensing image datasets is better than the mainstream super-

resolution image reconstruction model.

Key words: remote sensing image; super-resolution (SR) reconstruction; deep learning; attention mechanism; residual

network (ResNet)
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Dong P B A4 M 4% (convolutional neural
network, CNN) T X FH T H 2R R 18 43 Hf 2e H 4,
$2H 7 SRCNN (super-resolution CNN), i F 5 5 i
N 2 E AT R 2 Fe AR B g {2 T SRCNN A A XL
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FSRCNN (fast SRCNN), Sl T [ 45 B2 41 1% 30k 17
KR, FEIIN T BANER AN 2 )5, e 15
PR R AT B i 0 . Shi %6 B4R 7 ESPCN
(efficient sub-pixel convolutional neural network), & H
TR RERZRE RERZ, 15 7 L= 8UR.
Kim 2 #1175 20 NERUZ I VDSR (very deep
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FEHN 2 R RRE 5 AR bR 52 R 2 ——MFCAB,
A ERII TR il 2 RS 22 (B 4L 5 AR ARV
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3.2 REFHER
RIZFHESEECE N B I & — N ERZ, |8
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108 # %% # System Construction

33 ZRIFFERE

IR AR E R HMT %, 7 H iR
P& 440 £ 4045 A 6 U4 ., ASCIE T EDSR 1
BRI, R U T 6 NI £
B AR ORI AR ARV 7 7 MFCAB, FH -0 v 43

© TEREBIK R

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



2023 4F 55324 57

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

i H AR SN A

FEEAS BT 2 SURFIE SR L
WAL 2 x (x=1, 2, -+,
F, FRN:
Fy=MFCAB.(---MFCAB,(Fy)---) (6)

HAf, MFCAB,(-) 1R 5 x > MFCAB i 8R ff) H B 1.

MFCAB #8555 ANk 72 TR (residual block,
RB). 1> Inception FHEEAN 1 A~ CA THEH, S5 Kyt
Kl 4 BT,

6) > MFCAB (% i )y

=]
o
=}
j=%
)
o
=
—

B 4 MFCAB Fithgsi &

XN T W 4% 3 SZ KT MECAB A5 1 15 431
BEAE, B 5E20E 5 AN RB T BRI TRAE SRR, 2RI 2
it Inception FHIHRIHAT 2 R 2 [ARFAESE AU 5 55
A REN CA FRLHL, SR & R AE AL B A5 B 1l iE
B A% MR ER A

Fy=MFCABy(F._)
= A(RB5(---RB1(Fyx-1)-"+)) (7N
Mo RB() RERALEE i (=1, 2, -+, 5) I RB THiH,
Fo A1 F, 53 5IARERER x > MFCAB BEEL I 4 N\ A0 i
H, A() FRFEL T Inception Fl CA TR,

MFCAB F#] RB 7 1 MERE. 14
MBS R 1 DNERUZA K, AR A — Rk
Bz, RB TR UE 5 Bk

Input

Conv(3x3)
Conv(3x3)

K5 RBEHASHE]

£ Inception FHEER A (W& 1), FFAE EIAE IFAT )
Oy ST I AN A RUEE R AR B AL R VR 3R B 2 U
ZIRFFAE, 5l Id Concat #AE AT FEAERL & . £
CA TR, AT AR SR, AT 1 4671
A AZ 3 I 3 ELAKSFJ7 TRDRE S N RS AR 2R 5 A
B T R AR AL KA SRR HEAT AR RRTE R A,
K I B PN 5K B #EAT Concat 42, HZd BN |2

FAE G B 2, 8 Ja AR B 5k 2 40 B R L T )
K B 9T R I, ke N RFAE B B A B s 0 & 7
&S

AR CA BEHUAZ ARG W57k 1.
U 1. CA B b H A A% o 4
MR 3 def _init ():

N S NRFIL B AL inC, Hi Y RFALIEIE L oweC, AHIRIH 5
it CA BLthEE

L A#5 BRI A AT 18 PIIALE .

self.pool_h = nn.AdaptiveAvgPool2d((None, 1)) .

self.pool w= nn.Ada.PtiveAvg'PoolZd((1',“None))

2. #HRAE AR IR T i%;ﬁ}j_iifﬁ‘)ﬁ B IESYL tempC, ININEFLZE convl
3. #7RIN BN AR VE ORI, ¥0% 66 50 h_swish

4. #P BITINAL B RS2 B S F9 B U conv_h Al conv_w
self.conv_h= nn.Conv2d(tempC, outC, kernel_size=1, stride=1,
padding=0)

self.conv_w=nn.Conv2d(tempC, outC, kernel_size=1, stride=1,

padding=0)

i PR3 def forward(self, x):

N RS S RHERE RS x
i - VS FURHERE RS our

L AR IV NRHAERE MR LERE n, ¢, H, W
n, ¢, H, W= x.shape
2. #3 HIVEREAPAT7 REAT AL, SRAGTKE x Al x w
x_h =self.pool_h(x)
x_w=self.pool_w(x)
3. #EE x w T H R WG, ﬁﬁf:%&ﬁ Concat #:{F
x_w=x_w.permute(0, 1, 3, 2)
4. #5%F x h filx w 1&‘]‘ Concat #:(E, 7951 x_cat
x_cat= torch cat([x 'k, x_w], dim=2)
5.t Jeat ] s convl TRCEIES, L BN ERIAELMEHGE 2
x_cat = self.actl(self.bnl(self.convl(x_cat)))
6. #XF x_car HEAT split BAE, S EUAPIASTKE, IR E1S RIMA~ 5k
B4 AT conv_h Fl conv_w YK & A B E B, W5 B9 HiE
Sigmoid EA%L, 3K1F out_h F out_w
x_h,x_w=torch.split(x_cat, [H, W], dim=2)
x_w=x_w.permute(0, 1, 3, 2)
out_h = torch.Sigmoid(self.conv_h(x #))
out_w = torch.Sigmoid(self.conv_w(x_w))
7. # RN R IESK B x Rl out_w out_h HITR, Xt R LGN 1
FHIETK B x (A R A bz B A =
out =x X out w* out_h
8. #ik [ 45 2

return out

34 ZHREME

Z PR LGB ARy S % MFCAB
FIRFIEHEAT Concat BI85 1x1 BRIEYE, 16 ) 1744 1%
(3t R SRR AE 3 Rl 2 2, B R R,
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TE AN A AR 1 B AT 55 X o i R v AR
NN
Fg = Conv'*!(Concat(Fy,F»,--- , Fe)) (3

Hrh, Concat(-) Frm 2 IR IE S H AR, Conv'™' ()
Ron Ix1 BRERAE, F, Zon & 14 RRFE RS )5 1)
. Fi—Fs 73 W37~ 7 MFCAB L)% .
3.5 ERHSER
SRR AR R RN R B RHAE B A g v o
He KRS RHIE . A SR FSCR [5] R AR =
BT AT ERAE. IR MR DA IR A
Fuypn = Cup1(Fy) )
Fupt. = Cupa(Fo) (10)

Horlt, ooy A Fopy 5% B2 b SRRE 5 i Hh 16 7 4900 G
PR AE L Copa () A Capa() B R 1)
SRS 3 1 LSRRI, |

FRMAEIE A 353 (B HURH 2 W R
AR 3 IE SR PR, A B IR T MR B
PR A 2 B A IS 34, sk (11):

Isr = Conv¥3 (Fypn) + Conv3 (Fypr) (11)

4 SEIGIGUE R S5 R
4.1 IRKREY

AT P22 26 5% = % (mean absolute error,
MAE) VE N3k B3, WAEFR A L1 JE3 K. 140K iR
Bovk 5 E @ R I BOIME fx) AIESEEMG T y, 2 IE R

B AE. 3505k R A RN SR A AN 80/ D, AT 3RS

BT B R UR. MAE 11 B Bunak (12):
1< '
MAE = ;;m — f@ (12)

6 AFE NWPU4500 £ #5448 Il Zrad # h f t
KRB, K AT scale=2. MEIFR AT LLE H, B
FVNZRHIEAT, 152K pR AN BT BRI, 7E 300 /> epoch 4b
1K R BUA B USSR
42 TWIMNEMEBIRE

R 53 BT R B IE A S AR R0 T 2% 8 IR 588
SRR AT 55 & P YRS A Ak, 1% A d A ) NWPU-
RESISC45. AID 't 2% B UG B SR 3 AT 1 v b =i
196 60 R A AR L S

110 #%i % # System Construction

S IAIERL E : GPU 4 Quadro RTX 8000 (48 GB),
A 3R89 Ubuntu 18.04, PyTorch 1.9.0, CUDA 11.1.

5.50
525
5.00
475 ¢

Loss

450
425 +
4.00 -
375 +

150 200 250 300
Epochs

(; . 5.0 ! 1(.)0

Bl6 LI #ikmsisid

R L1 Va8 E N R k2, K ADAM 11
th 2%, 2800 betal=0.9, beta2=0.999, epsilon=1E—8,
batch=16, HJ44 %% > % 1E-4, 253 200 4 epoch 2> %
TRE—2, —3L31%% 300 4> epoch.

K4 45 75 THI, % FE I8 B ) NWPU-RESISC45 Al
ATID 4 2347 B A Y R A6 5 K. /£ NWPU-
RESISC45 $#i 511 45 75 43 5l %% B B AL 1% B
100 8. 4 W&, 4 W5 EHE A BT ZR4E (4500 18) . BaiiE
£ (180 i) FIMALE (180 1); AID ¥ 4K FAH A J7
AN ZREE (1600 18 WR4E (200 H). IRUE4E
(200 ). 34> 51 LL NWPU4500 1 AID1600 18153
PN BOHE 4. 72 ZR I, o Ik 4 T R AT BE ALK
00° e k% « AT % wolle P 14 SR 3R T 2 1091 480
35, MZRITHIAREA ST A 48 pixelx48 pixel.

R 43 9 e PR 28 ML DA b SR P £ 0
{E{Z ML (peak signal to noise ratio, PSNR) 145 #4) #H4BA
JE (structural similarity, SSIM).

4.3 jHEhSCIY

R T B UE AR SO AL A A5, 7 NWPU4500 %4
8 FHHT T RSELS ORCK R F scale=2), MR N
Inception FHEHAT CA FHEHUGHE 73 7 232 51 4 (1) 2K
PE. Wb sEI g Rk 1 fios.

M 1 AT, BN Inception BY CA T AR BT,
PSNR #1 SSIM #16 i &1, &K H 2 REERFESEHL
BAS BRI R ML B T B PR R . Y
[ i) {8 FH Inception Al CA TEHE, PSNR F1 SSIM #
BEANR IS A I 3 T BE O A R, R 2 R
A REAE $2 B 5 AL bR 3 WL 25 6 A, % T e A0
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L3R X AE I 2R T2t I ROR,, R 2 8 B B R 1Y

# 1 JHALSLIS
Inception CA PSNR (dB) SSIM
x x 3435 0.943
N x 34.46 0.944
x N 34.39 0.944
y V 34.73 0.947

4.4 BRHEERERYRITEL

F 2 5 T AR S Bicubic, FSRCNN. VDSR,
EDSR %5 & Jiil (8 7 FF % H @# AU 7E NWPU4500 1
AID1600 3% /8 B E o 5 1 (1088 43 9 % @ U1 (i
K F scale 43714 2. 3. 4) XLL.

MFEHET LU Y, PR A SRR (8 4y e A

AR B35 T He G210 = YR Bicubic, 7%
aﬁﬁizﬁﬂﬁﬁ#ﬁégﬁﬁ%%zﬁ@ﬁﬁm
[ 0. 7 EDSR A CHUR i1 TR T B
i 11 1) 2 5 40, L 43 9% T PR (1 R B VDSR
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