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Image super-resolution reconstruction based on hierarchical
interactive dynamic attention and sequence learning

Mo Henghui Wei Linjing
(College of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: To address issues like insufficient network focus, weak synergy between modules, and loss of deep feature
representations in image super-resolution, a multi-level residual aggregation super-resolution reconstruction model is
presented. This model integrates hierarchical interactive dynamic attention with sequence learning units, featuring a
network structure with multi-level feature fusion and skip connections for capturing diverse information levels more richly
and accurately. Residual connections prevent gradient vanishing, ensuring smooth, flexible enhancements in deep
networks. The dynamic hierarchical fusion attention module dynamically assigns importance weights to each feature for
selective fusion, complemented by sequence learning units that broaden the contextual scope. A multi-scale feature
fusion module combines features from different receptive fields to explore deeper representations. At the end, a
lightweight, parameter-free attention mechanism adaptively weights feature maps, restoring high-frequency details.
Experimental results demonstrate that this model surpasses mainstream algorithms in 3x super-resolution reconstruction
across multiple public datasets (Set5, Setl4, BSD100, Urbanl00, Mangal09)., with average improvements of about
0.47 dB in PSNR and 0.006 8 in SSIM, showcasing its potential for practical remote sensing applications and its
superiority in the domain.
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Algorithmic network structure of this paper
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VI 25 S 91 15 1 500,
2.4 XWERELHH

D WM IabR

H TSR R AT I D B RO A SR T AT
2 N FH B B R DA I 45 3 Y PR BE L 430 A 1F R L
(peak signal to noise ratio, PSNR) 1 4% #4 45 {8l V£ (struc-
tural similarity,SSIM) . I~ $8 5 A9 550 (H B 5 L 2R BE
oA SOR S

PSNR F£/RIEHGS 5W75 YT Y R 2 1L, 2 Al
R BT — A br . HatR A0

m—1 a—1

1 2
MSE:$22[1<i,j)—K<i,j>]- 20
B MAX:
PSNR = 10 1g(MSE ) (28)

i MSE 7R A pUas A 8 4 1 ) R 5 S B e i R =2
(8] ()3 iR 2 MAX, R EEBO R KIE; m fln &
REMRM R SE; TG FREIR G.j) MR EBIE KR
JE(E; KGaj) FomBEs G.j) MBS RGBSR R (.

SSIM J& 3 F AN W5 2R Ge VA B i &= 35 4, &
B BB X 50 (5 B . 28 A % 18 T 52 4t
LB L BN R 2 AR AU .

Cu.pr, +¢1)Q20,, + )
(pltpul+ceDd +ol +c)
K g, M, RORLE 2y T EFEBME; 6,0, Flo,,
FoRAE o My 5l LIS HEZE T T 255 ¢, Floc, RFR
PRIERE R MY B AL

2) B WP

A3 DHSR # % 5 Bicubic, VDSR, EDSR, CARN,
IMDN .MSRN,SwinIR # 87 5 AN BEE LT 2.
3.4 R4y PR F A PSNR FI SSIM it 45 5 fn e 1
e Hr DU AR IC A R A SO R I R RS R T
RIZARIC R B RE SR . hEE 1 TSR 3], DHSR 75
ZATLRBEH T Y RAAEF. 5 2L Setld Al
Urbanl00 %#i4E F,DHSR 7 2.3 Hl 4 {5 R AT
WEMMEREAR TF, 7E Setld I 2 5 MKW, DHSR #Y
PSNR 2y 33. 95 dB, f# 55 % 4& T SwinlR; 7F 3 f% B KB,
PSNR i43# 30. 58 dB, B¢ # T SwinlR, # Urbanl00 9 4
F K, DHSR Ll 26. 64 dB i PSNR Fi1 0. 803 i SSIM
AR, A Mangal09 L H9 453 878 ,DHSR A
N G N R S TR W i S S B ) G Nl [
PSNR Fl SSIM 43 51135 #] 34. 03 dB 1 0. 947 6,

(29)

SSIM(x,y) =
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Quantitative analysis of different algorithms

ok M

PSNR(dB) 4 /SSIM 4

Trik 155 /K Set5 Setl4 BSD100 Urbanl00 Mangal09
Bicubic — 33.48/0.925 0 30.17/0. 868 2 26.80/0.833 1 29.32/0.837 1 30.72/0.921 2
VDSR 665 37.53/0.959 0 33.03/0.910 0 31.90/0. 896 0 30.76/0.914 0 37.22/0.975 0
EDSR 1 370 37.99/0. 960 4 33.57/0.917 5 32.16/0.899 4 31.98/0.927 2 38.45/0.977 0
CARN w9 1592 37.76/0.959 0 33.52/0.916 6 32.09/0.897 8 31.92/0.925 6 38.36/0.976 5
IMDN 694 38.00/0.960 5 33.63/0.917 7 32.19/0.899 6 32.17/0.928 3 38.88/0.977 4
MSRN 630 38.08/0.960 5 33.74/0.917 0 32.23/0.901 3 32.22/0.932 6 38.82/0.986 8
SwinlR 878 38.14/0.961 1 33.86/0.920 6 32.31/0.901 2 32.76/0.934 0 38.77/0.977 1

AR 1532 38.09/0.960 9 33.95/0.921 7 32.37/0.901 4 32.72/0.934 2 38.77/0.977 3
Bicubic — 30.91/0.877 0 27.55/0.774 2 27.21/0.738 5 24.40/0.734 5 26.95/0. 855 6

VDSR 665 33.67/0.921 0 29.78/0.832 0 28.83/0.799 0 27.14/0.829 0 32.01/0.934 0
EDSR 1 500 34.37/0.927 0 30.28/0.841 7 29.09/0. 805 2 28.15/0.852 7 33.49/0.943 8
CARN “s3 1592 34.29/0.925 5 30.29/0.840 7 29.06/0. 803 4 28.06/0. 849 3 33.50/0.944 0
IMDN 703 34.36/0.927 0 30.32/0.841 7 29.09/0. 804 6 28.17/0.851 9 33.61/0.944 5
MSRN 630 34.38/0.926 2 30.34/0.839 5 29.08/0.804 1 28.08/0.855 4 33.44/0.942 7
SwinlR 886 34.62/0.928 7 30.54/0. 846 0 29.20/0.807 7 28.66/0.862 4 33.95/0. 946 9

AL 1555 34.65/0.929 0 30.58/0.846 3 29.24/0.808 3 28.82/0.865 7 34.03/0.947 6
Bicubic 28.37/0.799 7 25.95/0.700 7 26.90/0. 664 0 23.14/0.657 7 24.80/0.786 6

VDSR 665 31.13/0.883 0 27.95/0.768 0 27.29/0.726 0 25.18/0.754 0 28.83/0.870 7
EDSR 1 500 32.46/0.896 8 28.80/0.787 6 27.71/0.742 0 26.64/0.803 3 31.02/0.914 8
CARN i 1592 32.13/0.893 7 28.60/0.780 6 27.58/0.734 9 26.07/0.783 7 30.47/0.908 7
IMDN 715 32.21/0.894 8 28.58/0.781 1 27.56/0.735 3 26.04/0.783 8 30.45/0.907 5
MSRN 630 32.07/0.890 3 28.60/0.775 1 27.52/0.727 3 26.04/0.789 6 30.17/0.903 4
SwinlR 897 32.44/0.897 6 28.77/0.785 8 27.69/0.740 6 26.47/0.798 0 30.97/0.914 2

VNS Q= RS 1 581 32.49/0.898 1 28.80/0.788 1 27.73/0.742 0 26.64/0.803 4 31.08/0.915 4

R EE 2 U L 5 A e i R A B A SO
BAAAE B — 1) 8 bR s AR b B A b, ELAE 45
Ve M2 F BB R e P RE . 25 B SR,
AR AR g PRR 5 R A PR R AR 2 ] 22 BE SR/ A LB
7 B AR A

3) EWIEAN

ACAE 5 AFRUERUREE X R #EAT T 2~4 1%
FEAPERIMR . XF OSSR A0 7~9 B, ] DLWERE L 7
Setl4 H A baboon F{4 H , DHSR 7& T A& A1 I #1280 HAK &
I, % Bicubic Ml VDSR 7F 41 47 Fl1 & 554 J5t bR 3L T
Y fl , B S R 2B, XFF Urbanl00 A img062 [
15 BRI BT P L GRS RSy . B4k DH-
SR 4L (SR K & 1 5 T A Bk B2 AR KB AT
AEAEEFYE P REE R 5838 E R LS SwinlR M
MSRN # Lt 68 40 00 40 35 45 AiF R 7R . 76 Sets H1 11
woman 1%, DHSR 7€ 3k Wik & J5 1 0 o0 28 58 BE L%t
L BE R BB 2 S B s R 34 ke G DR TR, LA A L At A
HHE B AN . BSD100 5 K HLEE . DHSR %
FEHLE EA A7 bR AR S 5 A O R TR TR ALAL
BRI s T AL v, HOB R AR T

— 82 — MHAETMEFLAR

IMDN ,MSRN ., SwinlR, J# /0> T JLIT 25 5 E i B 4. Ik
AN HE Mangal09 18 il £ §& ££ P . AisazuNihalrarena &%
OIS BRI Sk ke b B S 4 A AT A N
Bicubic J5 %45 B i i BOBI L 42, T EDSR.CARN,IMDN
H1 SwinIR M XK E THE L4177 . {2 EDSR #il DHSR
T 2R 4% (10 355 I 88 A 3 etk b R BIAS Ay, UL DHSR.,
HEHMLZANT S HR BRI, 28 4 BE 15 Wi S E 2%,
HEEB AWK E EEAhENIE S, T ReveryEarth
EI&, Mk & 5 i b A X 22, Bicubic Y 4L H 45
T AR S AR BN, fth 4SS AR B SR 39 B T R S 4y 1Y) Y I
BE ABKE Sk K 2R S ML W B8 86 L iR 7 — 2R 2 . DH-
SR 7 e i 1) 6 50 R Sk & 28 4% Lo, HCTE M B RO S AR
JE PR 2 LA g 1 E AR
2.5 EREELEIZIT

TR SR R T S RSO T T 38 P R R L A S
HEEL T AID Hd 425 15 b S 56 i 3k . ATD Hids 42 % IR
F Google Earth, Hi 6L & T 30 A~ 7] 28 51 ) 3% & 7 5
EIMG, B4y 10 000 5K, BEAS K AH 220 ~420 3K [l
&, BIKEGIIRE RS 600X 600, T #4705,
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Fig. 7 Comparison chart of 2X reconstruction results of different models
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Fig. 8 Comparison chart of 3X reconstruction results of different models

) ol af o) ol ] ol o

(a) Mangal09 (AisazuNihalrarenai)

N

D

(b) Mangal09 (ReveryEarth)
B9 ORNFIBCE 4 f% 5 245 1T L

Fig. 9 Comparison chart of 4X reconstruction results of different models
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e AID 3R EE 4 E R R o B R Bk AT
BN RINE 2 BioR, 2.3 M AGHRKHHT,
Bicubic ¥ fH ¥ Lk & % # 4 ¥ % J7 75 VDSR. EDSR.
CARN,IMDN, MSRN, SwinIR #l 4 3 42 i1} #) DHSR &

Hh [l Rk A% 0 4 T

%KY PSNR F1 SSIM $845 ., MR 2 ATLLE 1 % T 2 F1 4
5 B K B 1), AR SCHY 1 #E PSNR Al SSIM. 1§ A4~ 38 45 L
YO0 T =A%, o 2 578 KB, DHSR 119 PSNR F
SSIM F8 4543 13k 2 37. 07 dB H1 0. 942 7, M 78 4 fEHCK
Bk %] 30. 81 dB 1 0. 806 3., JuHAE 3 ik KB T,
DHSR & % 9 PSNR il SSIM % o5 33.02 dB A
0.8712, M It Tk kB SwinIR £ H 45 0.070 dB #i
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Table 2 Quantitative analysis of remote sensing datasets

I/ GN PSNR(dB) # /SSIM 4

4 Bicubic VDSR EDSR

CARN

IMDN MSRN SwinlR NS R

X2 35.159/0.900 3 36.478/0.934 4 36.721/0.937 8 36.982/0.940 2 37.995/0.941 7 37.002/0.941 9 37.015/0.942 4 37.071/0.9427
X3 31.261/0.803 6 32.045/0.833 9 32.489/0.846 2 32.874/0.856 8 32.901/0.860 1 32.925/0.869 5 32.954/0.869 7 33.024/0.8712
X4 29.331/0.719 5 29.852/0.742°9 30.801/0.805 7 30.398/0.762 7 30.564/0.772 7 30.639/0.779 2 30.669/0.803 7 30.811/0.806 3

AID & BB R4 I 3 58 o3 B R d iy 45 R XTIk
WE 10 fraa . HE 10 AT LLE H . DHSR 8% B
e T RHLR T M SC R4 Y, 5 Bicubic Al VDSR A
Bb o 48 436 T 3 4 R R B A AR . MW T Swi-
nIR 5359, DHSR 7€ 21 15 /Y 80 B A 728 22 1 7 mi b 2 91
THRMME ., mE 10 A LLE H  DHSR 3 3% 75 i

Y RS AN W E B BT
Xt A2 5t v AR YRR R A B RE D L 4R R S0 A A
WK S SCHAE B . X SR LR B HIE T DHSR 5
U5 A Y 15 1R AR 0 A 1 R 20 By T (A AR B A B 3 A
B A T X AR A R B OR R GE E R A
I

~EEEEEEEEE

(a) AID(airport_54)

# .
L 13

(b) AID(denseresidential 332)
B 10 3 ER R A R XTI

Fig. 10 Comparison of 3 X remote sensing image reconstruction results
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Shy AT B4 6 VI B Y ) B 0 A I 45 A Ak B A s
BT T 40 I Fl S 56 1 AT AR R A BT o LR SR TIE S5 1 o
P A S5 A YI 2 JE HA B0 41 g 300 W, H T SR MR 1Y
SR M5 A7 3¢ DHSR W 45 45 ¥ , 75 11 3 Al L A A5 e 436
B SR AE .

DAVHE MR SR M 45 8 8 E 475 > % DHAM #
HoH 5 3 X3 BB TR .

) LR E R B L, 51 A SImAM 3 & J1 AL
BiHe,

3 3 VB S M N AR L A DHAM i dk, {H #% K H:
Y MFFM Al SLU #dk,

O EEEE 3 PSS, N A MFFM B8, 2548 SLU
FHe,

5)IEFE 3 PR s, [ M A MFFM ., SLU f& 8t

6) 4T M 45 A B I SR 4L,

IR 6 T Bl S IR HS DL Set1d X 2 K45 4E i T A 5
A5 S DA R o

THASLIR AN 3 Fiam . ol DL 4% 45 B e 455 700 14 g
HFR I, Lk SR P25 #E7 Y PSNR 4 33. 31 dB Ml

— 84 — [HEAHETIMEEA

SSIM 4 0. 9149, fE3] A SimAM #Hj5 , PSNR 1 SSIM
3R T 0.007 dB 0. 004, %€ B T 4R T AL AE 4R &
EIG M EamdE B/ER. 2mA DHAM #E, 5 @45
FARTS T 0.45 dB () PSNR #il 0. 28 fi SSIM , #5500 {: fig 75
B E T AE B T AR B SRR AR R B B A oM. A
DHAM Al - MFFM H SLU #5514 i A 5 2 45 5 4k
SRARTE MO T EI AN B BRI R, AL ET
FEUE SR 45 AT i A 5 % 3R 3k B 85 s 1 33. 95 dB 1)
PSNR 1 0. 921 7 ) SSIM , 3 S 45 (A 45 A UE ST T T4 Iy
RAE RSB R E AT 55 LB
2.7 FEAWEIERES R

A ST Setld X 3 F4E 4 b 090 Rl SE 5, TP AN T
DHAM L 7E 8 7 B @ i PERE . SCI XS b T A R4
1Y DHAM A5 S U FR A AL AR B 1 B 1 X PSNR Al
SSIM 843 B2 . LI EE Rk 4 s, Hh ek
8 I DHAM FEsk (50

SCUGZE LRI ] 1 Conv3 X 3 AR, 414 i —
A~ DHAM #£3¢, PSNR 4845 F 348 7+ 29 0. 8, [A] B SSIM
FEPRE 2 0. 0015, MM 2 4~ Conv3 X 3 B 4 4~
DHAM #5 e i, M fig W 2 $& 7+, PSNR ik % 30.58 dB,
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Table 3 Ablation experiment results

Baseline SimAM DHAM MFFM SLU PSNR/dB 4 SSIM 4

NG 33.31 0.914 9

N 33. 38 0.915 3

N/ 33.76 0.917 7

N/ NG 33. 82 0.919 4

N/ N/ 33.79 0.918 0

N/ NG N 33. 89 0.920 6

N NG N/ NG N/ 33.95 0.9217

&4 DHAM fixiBREMABERBERR
Table 4 Research on the number of DHAM and symmetric

convolution group modules

(PSNR(dB) 4 /SSIM 1)
1Conv 2Conv 3Conv
3X3 3X3 3X3
2DHAM 30. 30/0. 839 2 — —
4DHAM 30.41/0.842 0 30.58/0.846 3
6DHAM 30.45/0. 843 2 —

Set X 3

30.50/0. 843 9

SSIM iK% 0. 846 3, T A B & W iy e R B, SR, 248
FH 34 Conv3 X 3 #BUF1 DHAM #E e ¥ 8 3% = 6 4N,
fE ST Mg T %, PSNR [ Z 30. 50 dB, SSIM [ 0. 843 9,
XU EARE 2 1) DHAM A58 v] B8 42 {1k 55 & 2% (% FRAE
PEECAE S7 H R A AT BB 51 A T 4% 5o LA 0], S B0 Bk
KAk, B E$E 2 4 Conv3 X 3 AN 4 A~ DHAM it
AL SR W45 P i B A

3 & i

ASCHE Y DHSR BRI 3o 2 K 38 B sh 38 1 = 1L
il 5 8 51 2 2 fif e T BG4 P 2 B Y G R M R, A
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FE RIS 22 ROBE R A Al G vl AR G B8 {5 L SE L 4
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Mangal09) I /Y525 7] LG i, DHSR 4 B8 &8, 45 51 )&
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DHSR 7 & 3% UG 73 BF 26 AT 55 b R 90 10 R 0 13 I
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