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Abstract: To solve the problems of image blur smoothing, texture distortion, and excessively large parameters
in real-world infrared-image recovery algorithms, a global-local attention-guided super-resolution
reconstruction algorithm for infrared images is proposed. First, a cross-scale global-local feature fusion module
utilizes multi-scale convolution and a transformer to fuse information at different scales in parallel and to guide
the effective fusion of global and local information by learnable factors. Second, a novel domain randomization
degradation model accommodates the degradation domain of real-world infrared images. Finally, a new hybrid
loss based on weight learning and regularization penalty enhances the recovery capability of the network while
speeding up convergence. Test results on classical degraded images and real-world infrared images show that,
compared with existing methods, the images recovered by the proposed algorithm have more realistic textures
and fewer boundary artifacts. Moreover, the total number of parameters can be reduced by up to 20%.
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Fig.5 Ablation study on different settings of GLAGSR . (a)Different GR-GFF block numbers; (b) Different Patch sizes;

(c) Different block numbers

GFF B8 H AR R 7 RTE AT 7T : 3£ 1 o 1
GFF Block ] 3 FAN[A] ()5 X PSNR A1 (Structural
Similarity, SSIM) 520, R EATH IS H 4518,
4 GFF 3% 3 i, PSNR [P RE fief o i 3 fih 55
AR AR AN, X AT e R PR /N e B
EATE 7Y, BB R SR B R AE e A o K

#* 1 GFF Sy st i i 7tk
Table 1 Ablation study on GFF block number design

GFF block number 2 3 4
PSNR 32.60 32.68 32.64
SSIM 0.8999 0.9010 0.9011

FEOAE, 4 GFF St $E " 3 iF, SSIM IfE 2
DEEM o IXTTRERE AR, A BN B, —it
PUSEAFAE CUnsEERIRT LRSS WA B 7 ik . B
I, 24 GFF B3R 4 iF, mt SSIM i &, Al LA3k
R AERIPERE, M SR VE 2840 38k T VE AN I 74 B 2K
PRSEAFAE FRFAE AN P A BE R PR B

2 7R 7 GFF B BB % 2] B worw X4
REFISEIT . R 2 AT LB, wo A1 wi I EUAE Y 2 I

FLLIRAS iR A 1 PSNR AT SSIM H .
®2 BUER T T R
Table 2 Ablation study on weight factor

Weight Factor ~ wo:w1=1 worw1 =2 worw1 =0.5
PSNR 32.15 32.68 32.04
SSIM 0.8887 0.9012 0.8786

GR-GFF ZEf Bt (v A 58 : 72 5(c)hés
1 GR-GFF BESREE M Bt i B R VERE R e . T
GR-GFF &5 % iH % 7 (Enhanced Super-
Resolution Generative Adversarial Networks, ESRGAN)
W TAERER, 9 7 SR A Rk, 7E PR AS [ )
Wit (FET ESRGANPIFR A B Sty i v F 5k T
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5o MEITATLAE H, M-S srg%E 5 PSNR 15
SIER
REHT ESRGAN 5k 7 B AW Bt J7 ik AE
PHCH 2 AT DR ELE ) PSNR {H . HBEE B2
=S, HET ESRGAN (¥ GR-GFF i it
A DASRAS S AT I e o L RIAE T4 HY i) 2 Lk 22 45
797



Fa6E FTH
202447 H

EANEANE SN
Infrared Technology

Vol.46 No.7
Jul. 2024

F AT LRI A NEEAS GFF B 3 ) 2 ROBERE
fiE, H— MR INGE ST .

SONEZH R O, ISR UE T RS
A8 2 25 ) 2 1A M, B R GBI A TransGan %5
T 4% &5 K6 AN 23k (1) 3T TransGan ) Swin 48 & 25 % 51
o MK 6 T LLWELR, JEAR LA TransGan % 7))
PREEMIA e E RSP (REFEARD , HETERE
AKE BB NAREINR . 528, A ot
T TransGan [ SwinT B4 51 2% v] D=4 B £ 1))
Ao [EIN, XN T IZR AR E . R,
Wit 7 —/ N ENGE T, ] PAERR E VI ZREh 25 1 [
i 3 S K B RE T
DY

(a) Input (b) Base TransGan (c) Swin Transformer
discriminator discriminator
6 LR AT I R 7

Fig.6  Ablation of two discriminator designs
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Table 3  Ablation study of the proposed hybrid loss

Index Lossl Loss2 Loss3 Loss4 Loss5
L v X X X v

Ly X v X X v

Ly X X v X v

Lq v X X J v
PSNR  32.62 32.58 32.53 32.51 32.68
SSIM 0.9000  0.8994  0.8985 08987  0.9011

FeEHE SR X = UGB R R 2> FE e (PSNR/SSIMD 55 #7713 14 7 B LA

Table 4 Quantitative comparison of super-resolution performance (average PSNR/SSIM) with the state-of-the-art methods for bicubic

degradation images on benchmark datasets

Training Set5M101 Set1418] BSD100" Urban100!!
Method Scale

dataset PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
SRCNNI®! X2 DIV2K 36.66 0.9542 32.45 0.9067 31.36 0.8879 29.50 0.8946
EDSRP! X2 DIV2K 38.11 0.9602 33.92 0.9195 32.32 0.9013 32.93 0.9773
RDNU4 X2 DIV2K 38.24 0.9614 34.01 0.9212 32.34 0.9017 33.39 0.9353
RCANI?2] X2 DIV2K 38.27 0.9614 34.12 0.9216 32.41 0.9027 33.34 0.9384
SANI28] X2 DIV2K 38.31 0.9620 34.07 0.9213 32.42 0.9028 33.10 0.9370
HANIZ3I X2 DIV2K 38.27 0.9614 34.16 0.9217 32.42 0.9027 33.35 0.9385
NLSAP X2 DIV2K 38.34 0.9618 34.08 0.9231 32.43 0.9027 33.42 0.9394
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Continued Table 4
GLAGSR (Ours) X2  DIV2K 3837 09616 3417 09221 3248 09029 3349 09395
SRCNNI! X3 DIV2K  36.66 09542 3245 09067 3136 0.8879  29.50  0.8946
EDSR! X3 DIV2K 3476 09290 30.66 0.8481 2932  0.8104 29.02  0.8685
RDN!4] X3  DIV2K 3458 09280 3053 0.8447 2923 0.8079 2846  0.8582
GLAGSR (Ours) X3  DIV2K 3490 09314 30.80 0.8498 29.40 0.8130 29.55  0.8751
SRCNNI! X4 DIV2K 3084 0.8628 27.50  0.7513 2690  0.7101 2452  0.7221
EDSR X4 DIV2K 3246 0.8968 28.80 0.7876  27.71  0.7420  26.64  0.8033
RDN[!4] X4 DIV2K 3247 08990 2881 07871  27.72  0.7419  26.61  0.8028
RCAN22 X4 DIV2K 3263 09002 2887 07889  27.77 0.7436 2682  0.8087
SANI2] X4  DIV2K 3264 09003 2892 07888  27.78  0.7436 2679  0.8068
HANI] X4 DIV2K 3264 09002 2890 0.7890  27.80  0.7442  26.85  0.8094
NLSAM X4  DIV2K 3259 09000 2887 07891  27.78  0.7444 2696  0.8109
GLAGSR (Ours) X4  DIV2K  32.80 09029 29.03 07928 27.89  0.7461  27.02  0.8135
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Fig.7 PSNR results vs the total number of parameters for different
methods for image SR (x2) on Urban100
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