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Infrared remote sensing image super-resolution network by
integration of dense connection and multi-attention mechanism

XU Xin-hao', WANG Jun'?, WANG Feng", SUN Sheng-li*
(1. Key Laboratory for Information Science of Electromagnetic Waves (MoE ), School of Information Science and
Technology, Fudan University, Shanghai 200433, China;
2. Shanghai Institute of Technical Physics, Chinese Academy of Sciences, Shanghai 200083, China)

Abstract: Space-borne infrared remote sensing images have significant applications in environmental monitoring and
military reconnaissance. Nonetheless, due to technological limitations, atmospheric disturbances, and sensor noise,
these images suffer from insufficient resolution and blurred texture details, severely restricting the accuracy of subse-
quent analysis and processing. To address these issues, a new super-resolution generative adversarial network model is
proposed. This model integrates dense connections with the Swin Transformer architecture to achieve effective cross-lay-
er feature transmission and contextual information utilization while enhancing the model's global feature extraction capa-
bilities. Furthermore, the traditional residual connection is improved with multi-scale channel attention-based feature fu-
sion, allowing the network to more flexibly integrate multi-scale features, thereby enhancing the quality and efficiency of
feature fusion. A joint loss function is constructed to comprehensively optimize the performance of the generator. Com-
parative tests on different datasets demonstrate significant improvements with the proposed algorithm. Furthermore, the
super-resolved images exhibit higher performance in downstream tasks such as object detection, confirming the effective-
ness and application potential of the algorithm in space-borne infrared remote sensing image super-resolution.

Key words: space-borne infrared remote sensing, super-resolution, attention mechanism, generative adversarial
network, joint loss
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Fig. 1 Network structure
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Fig. 3 Structure of Swin Transformer block (STB)
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FEEATXT EL S50 v, B TR 3 0 R T
flAEARAN , AR SR BIE T 8 53 HE 2R UG A SE B B
Y A R . YOLOVY 9 455 5 43 9%
BG4 B AR A0 25 Al i, 5 FLH mAPS0 Al
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HIVE K Model2, Horf AFEB (80 M X B Jy 4,STB
B N K 6 8 1] MSCA #i 4t Model2 14 42 1
B 25 B BB A B Model3 #5575 . Modeld W 7E Mod-
el3 A LAl I, B 1, 452K B 45 ok i Charbonnier #5325 1
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Table 1 Ablation results of ISDD

Modell Model2 Model3 Model4 Model5
Dense block N N N N
MSCA N N N
Joint loss J J
Discriminator N
PSNR/dB 46.5374  46.8726  46.9220  46.9741  47.0499
SSIM 0.9764 0.9785 0.9789 0.9795 0. 9801
FID 12.4895  11.1970  10.9424 9.9607 9. 7600

%2 NUDT-SIRST-Sea #[iRE&EH ISR 4R
Table 2 Ablation results of NUDT-SIRST-Sea

Modell Model2 Model3 Model4 Model5

Dense block N N N J

MSCA J N J

Joint loss N N

Discriminator J
PSNR/AB  41.7496  41.7587  41.7732  41.7789  41.7804
SSIM 0.9415  0.9419  0.9427  0.9447  0.9450
FID 16.4868  15.8964  15.7469  15.1687  14.5104

HH 2% 1 IR 2 v 1, X F A % 4R i 4 \MSCA
FINE A 458 5% PRBICTT YN8 1Y) Model 1 452 750 0 3 245 S (1)
PSNR 1 SSIM #5c/N ELFID e ko T35 4 74 3 A0 4
ANTe) 2 K AR AE R AT AR N, AN 38 fin 48 40 T )l
BBH, WG B MSCA A1 26 ph $Of %
AR 2 A TS 0, AR Y PSNR T SSIM 3 i H. FID
N, AR T R = AR AR R 25 S Model5 78 W 25 4
A F R 25 B PSNR 1 SSIM % Kk H FID /v, T
Foft B R0 LA X FE 23 S0 AIE B T4 A TR B i A
B

SVPAG A A TR BT 53 5T 2% B A s
{0 e o T (I e o B LD ]| B2 S 6 O Y I e
12 FURBL(FLOPs ) L B AS A0 Hf B PR Pl 452 11 1 25 ek
], 25 AR 3 iR . vl LAE A X 0 % 4534
PE R A 2K BRI 51 A A8 in v I 2k S50,
X} FLOPs (1452 Wil 0T Fo A . MSCA 551 4031 7
ORI /3= i U | 2 N R =N =1 - N (NS
TR P el RS A ek A B A T GO S R TR
Model4 5 Model5 A= 5 #% 25 #8) A [R] , — 35 #E 351 (3]
I
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Table 3 Impact of each submodule on the computa-

tional complexity of the model

Modell  Model2 Model3 Model4 Model5
AYIZEBHR/10° 3.2576  3.2576  3.2598 3.2598 7.0915

FLOPs/10°  58.3334 58.3334 58.3512 58.3512 59.1132
SEHHERRETE] /s 0. 0344 0.0346  0.0358 0.0362 0.0362

2.4.2 WL

Rt — L RUEAR SR A E RS 2
e =WAN - RAR S A R T il 2 N RN DR R
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DSSR'™ | 45 JE TR B 2% > 108 o0 B R 5008 0 A
ISDD £ NUDT-SIRST-Sea ¥4l % F b4 xF . B
T FFH PSNR . SSIM F1 FID 25 2% WL i AL T4 45 b
A, ASBFGE AT ] YOLOVO H A 45 750 Xof 43 43 3%
G AT SR A RE , LL4K S mAPSO A1 mAP50-95
BhR, HORGZ AR AE N AR 55 TP i Pl B Rk

S AR K AFEB B9 %0 M i3 & N 4, STB
o NICE R 6, 5 R 2 BER 5054 1SDD 4
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SFNTEFR 4 FZR 5 oh o i A 7 s X e 45 1
R N 8 B 1) SR AL, T S 2 B s X L2 SR
HORH R BRI R AR o DX BB 25 S RT DUR HY | AR S
BT (08 43 9 R 0 T AR PR L 240 A i B 5 K
P e 19 PSNR 1 SSIM #5845 4 A T fe KA, 4390l
Ik F| T 47.0499dB . 0. 9801 F1 41. 7804dB . 0. 9450,
Jf H FID 48 ¥R 55 /Na3 5 9. 76 F 14. 5104, 76 % WL
PEN T bR B U0 T AR L . eAh, 5 A LR
DA H AR ST )8 43 R Sk e R A R
YOLOv9 535 #E47 H b5 &6 I i 45 )% B {E F1 10U
(intersection over union ) [F{E 4> B 0. 2 F10. 45
BN OC T WIS T 5 B9 mAPS0 Al mAP50-95, H
2T AL G T £ 5 4 1SDD 1 3K #) T 0. 947 Al
0. 530, 7E =5 [a] 2L 40 0/ FIR i Ao 0 45 4f 48 NUDT-
STRST-Sea | iA %] 0. 578 F10. 340, 3% & B IZ 5
AH EG T Ath 8 43 B R A A B A s
f i 0, T ELTE R AT 45 b R B R4 R AE
JEtk

753 M\ ISDD 1 NUDT-SIRST-Sea Fit il 3 £
VEMGA 45 B FE & 0BG AT R s , Bk A
5 FEL 6 TR o

S AL 6 BT LA B & 3 0 % B8 Y bicu-
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x4 FRBHYPERELEISDD NKE LR ELER

Table 4 Comparison results of different super resolution algorithms on the ISDD test set

WAL TR bR HR bicubic ESRGAN CRAFT-SR SAFMN DSSR TransENet Ours
PSNR \ 46. 2894 45.3329 46.9941 46.9751 46.3847 44. 8646 47. 0499
SSIM \ 0.9751 0. 9692 0.9796 0.9784 0.9771 0.9735 0. 9801

FID \ 18. 9760 16. 3093 9.9029 9.9545 11. 3072 19. 5806 9. 7600
mAP50 0. 950 0. 940 0.925 0.938 0. 944 0.934 0.943 0.947
mAP50-95 0. 536 0.525 0.507 0.523 0.527 0.515 0.525 0.530

x5 FEBHYPRELAENUDT-SIRST-Sea ik 5 EHY5T L5 R
Table 5 Comparison results of different super resolution algorithms on the NUDT-SIRST—Sea test set

VAR AR HR bicubic ESRGAN CRAFT-SR SAFMN DSSR TransENet Ours
PSNR \ 41.1219 39.1022 41.7775 41. 6659 41.6141 40.7012 41.7804
SSIM \ 0.9301 0.9243 0. 9435 0. 9430 0.9413 0.9373 0. 9450

FID \ 33.0765 41.1734 14,7453 14. 6553 15. 0255 19. 3459 14.5104
mAP50 0. 667 0.528 0.552 0.555 0.551 0. 552 0. 554 0.578
mAP50-95 0.425 0.298 0. 320 0.332 0. 330 0. 324 0.323 0.340

(a) (b) (¢) (d)

(f) (2) (h)

s AR 4> 98 3 5 A 1SDD R 48 I 09 8 42 L X 1L < (a) HR (PSNR/SSIM); (b) Bicubic (36.10/0.9572); (c) ESRGAN
(34.32/0.9340); (d) CRAFT-SR (39.54/0.9766); (¢) SAMFN (39.51/0.9758); (f) DSSR (38.27/0.9695); (g) TransENet (38.48/
0.9648) 5 (h) A3CTr ik (39.55/0.9769)

Fig 5 Comparison of reconstructed images by different super resolution algorithms on the ISDD test set: (a) HR (PSNR/SSIM); (b)
Bicubic (36.10/0.9572); (c) ESRGAN (34.32/0.9340); (d) CRAFT-SR (39.54/0.9766); (¢) SAMFN (39.51/0.9758);(f) DSSR (38.27/
0.9695); (g) TransENet (38.48/0.9648); (h) ours (39.55/0.9769)

bic AT A= A FAR 4019 BT, Rl R 7 s X, T T ISR R (ER A R R AR A B Al Y il
LUE B R KU HE , ESRGAN AR fE BL SRR Al P A (i 22 , 1 R AR B, e A0 4 DX A5 AT
TYRE LA Pt (AR IB A7 — e BRI A — 2 B BOBI IO 52 o TransENet %2 4 1 M 338 i
MR . BAR DSSREUF M A 1 IRIMR R4, 48 1 MR RSO AT (B AR 2y DX A ] 8 64
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(a) (b) (c) (d)
(e) (f) (g) (h)

Bl 6 N[5 HE R L 7E NUDT-SIRST-Sea MH:U4E 1 i) 5 & KIZ ] L : (a) HR (PSNR/SSIM); (b) Bicubic (30.04/0.8152);(c)
ESRGAN (29.46/0.8164); (d) CRAFT-SR (31.69/0.8789); (¢) SAMFN (31.63/0.8736); (f) DSSR (31.40/0.8654); (g) TransENet

(31.15/0.8564) 5 (h) A )% (31.77/0.8818)

Fig 6 Comparison of reconstructed images by different super resolution algorithms on the NUDT-SIRST-Sea test set:: (a) HR
(PSNR/SSIM) ; (b) Bicubic (30.04/0.8152); (¢) ESRGAN (29.46/0.8164); (d) CRAFT-SR (31.69/0.8789) ; (e) SAMFN (31.63/
0.8736); (f) DSSR (31.40/0.8654); (g) TransENet (31.15/0.8564) ; (h) ours (31.77/0.8818)

ERHIS . CRAFT-SR ,SAFMN FlA 3 )5 ¥k 78
Y5 PRS2 30 2 Ak BEORD A 0T B A AR A
WL AR BR A FE SIS W H AR LT
WA P = A o (B 16 R R T A 48 b
e R AT 55 S B R VR R AR SO IR T
OB AT LEA BRI AR SCE T
) O 2 235 ¥4 RE A 7 R0 T 2 4R 41 A i Rk SRR

6 LGS T ONIE R Ay BRI TR R
BE W T A AT I k2 4 L FLOPs R it [&]
500 S 2 HE BRI ] . ESRGAN FIAS SCRR R ) 2 8k
i F FLOPs o 4% [ A il #f 5 % 5 #8 0 BFn . A
BT HADSE A SCE S B A B TR B AR E

®6 ARBHPUREEMITEEREILL

G A RN (), JR AT T R A A R RE R AR
EF:@TQ
3 it

Ry it — 2 fig o L AR 2T A SR G T I 1 4y
N TR RIS SO ) 8, AR SCHR T — RO Y
T B A BT BT S AR AR RIS AT
ARIENE S Swin Transformer 244, 38 1 B T HR B
BIRRAE B OB H A R B W) RUEE (9 S R
fE, I LM Z B IR A IE A R 38 . [, B A fig
B A ERTAGURRAE I R B A O 3R | sl A S SRR AR
B &K . AT 2 R 8 1 & 7 RRAE fl & B
AR T AL ek 2235 72, 23 WA SURRE , B DR TR 2 4

Table 6 Comparison of computational complexity of different super—resolution algorithms

ESRGAN CRAFT-SR SAFMN DSSR TransENet Ours
YIRS 4 10° 31. 1974 0.7534 0.2395 8. 9023 37. 4589 7.0915
FLOPs/10° 293.7135 12. 5374 3.8521 1578. 6186 12. 0685 59.1132
S HEFR T /s 0.0516 0. 0539 0.0107 0. 0742 0.3744 0. 0362
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