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a remote sensing image reconstruction model that integrates multi-scale

Abstract: This paper
information and hybrid af address the problem of poor performance in reconstructing remote sensing images
using a single size nal kernel. Two different multi-scale feature extraction blocks are used in the model,
which can effectively extfact high-frequency and low-frequency features in feature maps under different receptive
fields. The weight of multi-scale features is adaptively adjusted through a hybrid attention mechanism, and the
reconstruction module is used to reconstruct high-definition remote sensing images. When the amplification factor is 2,
the PSNR (Peak Signal-to-Noise Ratio) and SSIM (Structural Similarity) obtained on the NWPU-RESISC45 and
UCMerced-LandUse test sets are 37.720 4 dB, 37.999 6 dB and 0.962 1, 0.965 4, respectively, which are superior to the
advanced models for super-resolution reconstruction of remote sensing images such as DSSR, IRN, and MPSR,
demonstrating the effectiveness and robustness of the proposed model.

Key words: super-resolution reconstruction; deep learning; multi-scale feature; hybrid attention mechanism

0 5|5 (Introduction) AL R TEAS RS W 9 W AN PEA, IR T R RS, 4R

TE R AL B AR (U kL kS DR T 7RISR IR i A S N ATk e b 37 B S R R 1)
U7 (611 3 WS v 370 B T AT B HEA T ORI T R B fy P A i O 2 i 3 ) PR S B 6 AR PR A,
F%, HE R G B RV 2 AR B O L il BRI R A TR 2 B LUK A R . 2385 5 IR 1

WiH H 391 2023-03-17



6

B TR

20234F11H
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1 HBXBAREEIR (Overview of related technologies)

LG R R G PR B AR ST AR A 7k T
A R T IR 2 2T ik L TR Ak
SRS IR BRI (H R AE 47 8 R R i e, HRR R A 1
BRI G B BRSO 2, BT EMN TR R 2R
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AETET, PR RE P 5 g 0 P 8 PR 2 )l Sy e o At v 20 B
RIS T 2o 3 ey vk E A A PR 2 PP 8 b AL 0 S8R
J7 B G R AR 0 s M T E A R .

DONG %51 SR e 482t 1 28 L 1) 38 43 B 256 3 B 22 o) 4%
(Super-Resolutional Convolution Neural Networks, SRCNN),
FI I TR 28 N 4% (Convolutional Neural Networks, CNN) 2%
K 43 #F F (Low-Resolution, LR) E 14 5 & 4 ¥ & (High-
Resolution, HR) &l 1% # 47 45 fF Bt 5. B /5, DONG 5 78
SRCNN {4 £ 4itli [ 42 1 7 FSRCNN (Fast Super-Resolutional
Convolution Neural Networks) #5751, 14 i1 1 A% 54 %) o) 2% )2 54
Bk e L T 2 1 e A Y ELARE TR I o A BT RS
KIM 25050 5 iy % 3 3 AR R 2% 88 23 #85 1 ( Very Deep Super-
Resolutional Neural Networks, VDSR) , fi| /I £ 2 CNN % #25¢
BURFE IR  RORFET T 25 20 3 b 1 W0 26 Wi SIcH B L HEWT T
T RS TR ) O 2 TR FEE T A3 B R A T B I 2R
FERBG AN, 928 E Y a7 v 2 L A 132 T 2 VB 32 AR 46 )
BB FTE A1 T 3 G L [ L) A BB BRI I 254
28 LT) P b 5 92 W 4% (Residual Network, ResNet) , i@ 15
F v | Bk 25 BATT  JRE B 1 B0 B R AL, OREE 1 A2 14 ISR
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HE B gk 2= B T SR A I 2 254 L B A KA.
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AT TERRIE T R4 B 1) B B TS R, DR 8 0 0 3
EAE A AR T T A PG5 b OB RO S A . HU 250 3 5 e
25 Wi A R 48 -18 5 ( Squeeze-and-Excitation , SE) A HL 4 2 [
Y5-I 5l M 28 (Squeeze-and-Excitation Network, SENet) , 118 A
7 30 T =2 ) AN B 43 1 ) T R AL B, R
PR EES . 32838 RS G & WOO 0 2 W 4 dhofin A
IR A AR T IR P AT RS R T B0
B ER (Bottleneck Attention Module, BAM) Fll%& f1F & 7
#54 (Convolutional Block Attention Module, CBAM) , ZHANG
2R 2 B P A S T TR TR ) B B 25 0 T T R ) 4%
(Residual Channel Attention Network, RCAN), WOO & 1
ZHANG S5 1B ) 28 A A RIS T S A A T R
T Y R R A AR 2 B — RH B B 1
N7 PR F 3 R R ) B @ R BURRAE AT, iy R S H AR i R

R ELIRDE 7 11
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H R R A PR

T TR BRI AR SCHE Y LA 2 RS BANR AR
F1 M4 (Fusion of Multi-Scale Information and Hybrid Attention
Networks, FMSTHAN) , 53 1 P 22 RUBE 54 42 e, i it
Z ] 5 Bl & R & 3 2 1 B (Multi-Scale Information
Fusion and Hybrid Attention Block, MSIFHAB) 122 ] & 254
PR AE PR E B (Multi-Scale Pyramid-Like Feature Extraction
Block, MSPLFEB) & {2 U 4FAIE . I3 if MSIFHAB 1 #91R
B T YRR 22 RUBEARFAE B 38 N b 53 A B, A B T
PR IR Y = ORI B, SE RS T4 1 E R 8UR
2 MZKEEHI (Network structure)

e 2 RBEAR BANR A TR ) M4 iR 2 R R 2
ROBE 45 F 32 B Bk ( Multi-Scale Feature Extraction Block,
MSFEB) | 42 Jay I il 5 D 1 T A 45 e 41 1o I 2% 5 TR 4544 i
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Fig. 1 Overall network architecture
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Fig. 2 Structure diagram of multi-scale feature extraction block
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3 SCE§ (Experiment)
3.1 HiREE

AR SR A 7 1 B A 14 e L S SRR 4R L ) Ry
NWPU-RESISC45 #l UCMerced-LandUse, NWPU-RESISC45
B AR R VG AE Tl R A0 04 FH T 38 IR R 55 43 25 1 R
RN TR RS R4 304 31 500 IR B, Hoh 8 45 43
A BN 5B E 700 REME . UCMerced-LandUse 4%

L, (&) =

£RJEH UC Merced THAMNLILSE L3 AR 09 ] T8 1B 4 3%
RN T EEESE A 2 100 IR, Kb a s 21 42851,
BN AL 100 IEER . AU NWPU-RESISC45 %
PP airplane ZE5IH) 700 T FEG R BEFLIEER 500 I8 EUZAE R
YIZREE . T4 1 200 T G BEDL VLB — 21 B B S Bk 4R, o) —
PR RN 72 NTest'? , % # UCMerced-LandUse
Bl airplane 285111 100 W& S N 55 — AR i 44 4
UTest,

3 3 G AT BE BIL K - 0 LA B B AL 3% 90°, 1807,
270°HESRAHE S AT 2 I 4
3.2 ZWRE

2R3 S0 /Y A F 3R BE O Intel (R) Xeon (R) Platinum
8255C CPU Ab#i#s & NVIDIA RTX 2080TI 11 GB GPU; 4
M54 PyTorch 1. 8. 1 HEZZ  Python 3. 8 #11 64 {3 Ubuntul8. 04
BERSG . ASCHHREALR ] ADAM Bk 17ufk , (e k28
BROALE N beta, =0. 9.beta, =0. 999.6 =10*, Y Zdtt KNk
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epoch Ji » 2> TR [P RIREH 400 4~ epoch ., TE
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Fig. 6 Trend of loss function during training
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R WAIE AR SCAIT AR AL A (i FH 1) 2 ROBE (5 Bl S AR &1

NP (MSIFHAB) . &2 REFH 4 7 H ?Ehﬂxﬁ%(MSPLFEB)
FORGTER T (HAB) i 8k, 3 i 4 A K [ i He ik B 7
BST , TH BT, A SO T FR AR v ) £ RUBE R AE 2 BB
(MSFEB) I MGR B R 1A ORI iR B R 2, B34 200
A epoch , RFEIHH A KSR RMFE 1w, H. Ml
KR > 2 % MSPLFEB $t #1 MSIFHAB e v i) HAB e ; M2
1A Bk MSPLFEB 3 i FI 0 CBAM A [R] (4 38 18 3 & 77
ML CCA) 23 (8] 1 2 S WL (SAD B ¥ MSIFHAB #k 5 (1
HAB e ; M3 #5 % Jy £ B MSPLFEB Ht; M4 £ 58 5 2= &
MSIFHAB Ht; M5 # % 3 8] i) 4 &% MSPLFEB #t #I
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MSIFHAB #t, s
U\%‘:Z 1 ':F' M1.M2.M3 *ﬁiﬂﬁ{ﬂﬂﬁt%iﬁ%iﬂ E"J PSNR fEZ: UTest NTest

MR UL AT S AL ML g e P D Dy 2h r=2 r=3 4
AR AR B PSNR B Y5 by S5 16 EL B AR F oAb AL i A RCAN 0.9610 0.9006 0.8392 0.9625 0.904 6 0.847 1
CA F1 SA J5 iy M2 #5780 5 @45 21 1y R A2 4 H AR 3 MPSR  0.960 4 0.9001 0.8394 0.9623 0.9058 0.8488
PSNR {EAH Hb M1 #2581 B B 82 T, im A HAB #9 M3 #% IRN  0.9612 0.9011 0.8411 0.9627 0.9053 0.848 3
R P T A BT PSNR {iH M2 BV T 0. 07 dB DSSR  0.9606 0.9005 0.8390  0.9623 0.9046 0.847 0

10,08 dB,  FIHFT L, i3 2 AL 76 228 Je PR 50k 9 4 o A
W2 Hh R T AR L AR SCAR HH A HAB AR He HAR T S
FILH R I EOLAIPERE . 3R 1 M3 M4 M5 FERIFENI I
4 BRI PSNR A AT LA Y, A SCROEL i {7 B MSPLFEB
Heall MSIFHAB H B85 SR T 5] i 40 35 1A B g #5883k
W T AR SORORI A B A 25
R1 TFRARAGEMRE LR T PSNR B

Tab.1 Average PSNR value of different block combinations on the test sets

PSNR/dB

Fi%d MSPLFEB MSIFHAB HAB CA-+SA
UTest NTest
M1 X NG X X 35. 38 35.76
M2 X N X N/ 36. 67 37. 04
M3 X J N X 36.74  37.12
M4 J X X X 35.28  35.68
M5 N N/ N/ X 36.96  37.35

3.4 XfLEsemg

R T B EA SO (A R0 AR SCEEIR T 7 A B R
i AR (£ 4% SRCNN, IDN™ | LGCNet™™ | RCAN,
MPSR, IRN" il DSSR™™ ) 35 8 4 9256 . 43 51 I & LT 11 45
o AR = OO i 55 1 Ay T A T 40T P 4
3.4.1 BTN LR

2 MR 3 AA W THRE TR 2.3.4 B, g A
AR T B PSNR {EF1 SSIM 1B , 72 1 i) 28 PR e £
RS EE

F2 HEBEMRKE LR
Tab.2 PSNR values of each mede

il dB
NTest
By
r=2 r=3 r=4 r=2 r=3 r=4

SRCNN  35.860 6 31.2679 28.607 4
IDN 37.646 4 32.5546 29.7357

36.4818 32.2680 29.962 8
37.7636 33.299 3 30.874 8

LGCNet 37.4123 32.1061 29.1896  37.5750 32.927 8 30.408 4
RCAN  37.717 2 32.6786 29.7383  37.8525 33.3946 30.908 2
MPSR  37.6130 32.5752 29.7290  37.8995 33.4575 30.9770

IRN 37.594 6 32.6333 29.780 9
DSSR  37.664 5 32.6698 29.7370 37.848 4 33.4005 30.909 8
ACHER 37.7204 32.7513 29.840 7 37.9996 33.4739 31.0119
F*3 HEBAENKE LR SSIM &
Tab.3 SSIM values of each model on the test set

37.8528 33.4157 30.9511

UTest NTest

g

r=2 r=3 r=4 r=2 r=3 r=4
SRCNN 0.9507 0.8822 0.8147 0.9526 0.8864 0.8246
IDN  0.9603 0.9005 0.8405 0.9618 0.9035 0.846 6
LGCNet 0.9605 0.8960 0.8309  0.9607 0.8981 0.8368

AR 0.9621 0.9019 0.8443  0.9654 0.9061 0.850 8
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Fig. 7 Comparison of reconstruction effects among different

models when the amplification factor is 2
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Fig. 8 Comparison of reconstruction effects among different

MPSR IRN

models when the amplification factor is 3
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Fig. 9 Comparison of reconstruction effects among different

models when the amplification factor is 4

4 #5i2 (Conclusion)
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