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Lightweight infrared image super-resolution reconstruction

based on gradient guidance
ZHU Kun, SHEN Liangji, JIANG Wentao, YE Chaojie, LI Zhonghao, WEI Wei, LIU Jilong
(Xi'an Institute of Applied Optics, Xi'an 710065, China)
Abstract: Existing image super-resolution networks are mostly designed for visible light images, with
relatively fewer studies focusing on infrared image super-resolution, and most of them simply adopt methods
from visible light image super-resolution. In response to the low resolution and blurred edges of infrared
images, a gradient-guided infrared image super-resolution reconstruction network was proposed. The gradient
information in low-resolution infrared images was fully utilized by the network, fusing the gradient map with
the extracted features, thereby resulting in a high-resolution image with clearer edges and higher contrast. The
experimental results of the comparative and ablation studies demonstrate that the proposed method outperforms
other comparative methods in infrared image super-resolution reconstruction, generating high-resolution
images of higher quality.

Key words: infrared images; super-resolution; deep learning; lightweight
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P15 #8 43 #¥ >R (super-resolution, SR) $ AR ™M &
— il S A B R AR B R R (low resol-
ution, LR) & 2 & 43 $F % |81 1% (high resolution,
HR) (b A8 o AR B30 1 S, 2 490 1) 43 93 0 1k
ATRARE I g =R AR L BAE R 2Dk i
(B AR AR 1] B, A BB B B, R, HCAE Ak 3R 5
AR 3R R AR XU ROR KAE, 25 55 77 A RO 5 ol
VRO, o EE AL AR R B TR B, B
BEXT G A T84 1 e 5 R, kPR T HE FH
JeH AR BB ORAG B o 5 2R AE R 2
QS BRI J7 T 5 RS 20, AR AT H A P Ry

VT AR, A5 UG I P 30 00, 30 3 T 7 )
RIEAT A HERE A NN RS T . 2014
4F, DONG C FEHFFEH 2 B IR I A GBI 429 25 L
SR MG 0 %, 8 H T SRCNN (super-resolu-
tion convolutional neural network ) #5 %1 | 12 455 #Y 3 15
3 S 0 2% 4 B UG R IR, O 3 2 VO pR B A T
R MWL, LIS S8 oy B HoR i AR, S
PR E . B, %A B — 25 42 1 T FSRCNN
(fast super-resolution convolutional neural network)
FORY, B4 DL LR BUERAE i A, 78 0 28 2K diig LA
RAGFUZHAT 1 RAE, 4 i HR ER . 2016 4F,
KIM J 85 A5 1 1 O3 1) T 3% 22 R 2 190 2% i
P GO o3 P ), HoR O BUEAE TR B
7 LR K85 HR {5 (8] R ECH [F], 8 i3 27 ~) HR
FIZR 5 LR BR8] 04 = 905% 22, ) A RS B 70 B
REH . 20174, LEDIG C % 58 H D4R iy T
SRGAN( super-resolution generative adversarial netw-
ork) , T YK GAN AR N I T BG4 B i 4,
TERRERCR EWR T R R .

VL AR, £ TR B2 27 2] 7 e ] WO MGG
B A T U R B T AR 4F 59 PEBE, 40 IMDN
( lightweight image super-resolution with information
multi-distillation network) /. BSRN( blueprint separ-
able residual network for efficient image super-resol-
ution) ™, MSID( multi-scale information distillation
network for efficient image super-resolution) |
OmniSR( omni aggregation networks for lightweight
image super-resolution) ', SAFMN( spatially-adaptive

feature modulation for efficient image super-resolu-

tion) ' & o SR, 2140 MR AE BUS B FTIK BE 3
AEESE T S WO AR E XS . MLk
AL EMG, 20 A0 G AAE AT L BEAIG, S R AR,
05 SCHAN TG BT, 33X A5 AR S HER R P i
W o R R DM RGPk, TR LA X R
XTI HE Z S N T BHA 24
T AZ 30 B SRR ) 4%, T R R 2T A B %8
rHER . ZOU'Y 48 N B I T Bk BRI 42 1 4 R
P25 D) 4% 1 21 A1 ELAGORE 43 B 238 00 4%, 3 oot 46 B2
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LR 2L A UG v 86 B2 A5 S, 52 90 ey Jo 2t 20 M RIS
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i N 2 2 ] B BB BEAS B, A B TR 4040
BG5S 5 8, Z—RmET —MiEs
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5 P AR T AR SR , T AR % 4 47 A SR AR LA
LA PR 9 TH0AF o = o0 HER IR 1B Al 72
A LLE i (1) KA TRIR:

Il =DBlyr +n (1)
A DRIR N RME BRRIRBOH T4I0; nakos Ik
MR s L BRI HE R BB e 275 18 20 B 3 ]
15 EUGIE Al i i v iR 0 2 6 14145 0] L B
AR 75 LA K W BE AR AR, R SRR 23 3 R AR A0 1 1Y
R, WS S R iR AR 22
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AR SCHE Y 2 AR LR I 1 TR, R
H 4R 12 R AE 52 B (shallow feature extr-
action) B | R ZFEE 2L HL (deep feature extraction)
RS A6 B IR A B (gradient map generation, GMG)
FE L E 22 (reconstruction ) f 3R
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Shallow feature
extraction

Deep feature extraction
= 3
“Npss 5 e §
@] 5
e N, =

\\

(b) Residual block

(c) Gradient map generation

Reconstruction
=
D & = 1
o =
i m\
I |
|

>
:
i

B aSEGESBEREEMESEN

Fig. 1 Structure diagram of infrared image super-resolution reconstruction network
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FIR:

Fsp = Esp(Iir) (2)
K Foeohy )2 FRAE £ B B9 FRAE )5 Ege RR
TR 2 R 4 BORE B 5 I o i A 8 A 53 B 3R 21 b
LR

TRJZFFAE B U 75 12 FRAE 32 Uy il |,
2%k — 203l 3 22 M TR Y 5% 22 Bt (residual block,
RB) " HEAT R IZFEAE SR I . 58 25 HLfg g 2% > 34
A5 it 22 (8] R B 2 W SR, T A 2 B 2o 2] S
A B, XA A5 W 2% ] DL SE A A% A 4 B 2081 KR
) fea LA YT, DTG A 368 43 %6 o vk 52 TN 4
LA . JF B, 3R 22 B ny i it SR M AE
AR 2 2Z [aAE 3 A5 B, X A7 Bl T 9 45 B 4 1 2 )
B EMG Y 2 )2 RRAE, 48 7 4 P el Yy R
PERMERRTE . W 1(0) B, A SCR TR RB # BR
TAIE A SR X ARG 5 AL AT 55 A it 5 15
— 1k (batch normalization, BN) |2 3 Ui /0> 1155 %% 15
PFE. JF H., BBR BN J2 AT LIS i o) 45 452 784 i) 3R 2

J1o BEBIHT LUGE o T 51 Rk Ok R

F; = Exg(F)),i€{1,2,--- ,n} (3)

Fpr = F, (4)
K FRAE i1 RB AU RAE B Erp R
RB FRAE$E I Fiop 28 75 TR B2 R AIE B8 B B fe 48 42
BUH P RRAIE 5

T B P A A L 1(e) T, A U2 i

PIA~ GELU P06 R A . BBt 42 B 21 4h
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PR %, GELU 47 7 22 1 S 45, kit oo 1 6 i A T [
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ReLU B -V, ixX A B T U1 2k ik 78 b i) Pl s i
. WAk, GELU By th 7E i AT 0 B S B 26
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1, 3 AF A5 W 2% BE 98 5T 47 b 38 AN W) A9 2R o3
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L M 9 R W P A B2, PR HOE 2o Sobel 98 95 i 2 X
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A SCH AR R ECRT LU R 5 (7) KOs

L =L +alg (7)

s L2 7R 7R S0 45 YN 25 i SR 1 45 2K vk B3
L7 SR K3 5 HR KR Z ] 1 1 24 48 % {5 1%
755 Lo 2R 7 B B2 PR A0 % 5 A6 AAS SC I il 52 3 24 2R
o 0.01, iz FAR SR G pR B0HEA T 19 281 5, T 1l
SR P8 B4 122 % BN BT, X LG RE S v

2 XWHERS5HH
2.1 SEIRRAR

S R Y 2 A BHE A R AT X L SR, B
£ 15k | Sk [18] A A BdE 4, SR T
5 LIRS 2 AR BN 43 % % (thermal image
super-resolution, TISR) k% . ZEHELEH 3 FAIFA
P PAGATE A R BRI S5 (BT R L B BN
AN L4 BE R (120x160 14 2 . 240%320 14 £ |
480x640 1R K ) FIXT A (R4 . AW . fE#E .
W) N 3 G ORREN R SCRE A E G A

Ao WO 851 SKAE IR 4R, 100 5K 1 S 5 ik
R, 50 5RAE AL .

B 2 HORERUR AR, MG AL
RHE A RS 7 8 LGC6122 R 2L AMHMLIE TR
£, B 7 K/ R 640x512 48 %, BUH 900 5KAFE
Y24, 100 5K 7 4 5 E 4, 100 7K 75 4 38 4
Rl 2 R AR FUR RN .

2 HiRE2mMSEG
Fig.2 Part of images from dataset 2

A A AU AE PyTorch HEZE b SEERL, it H 54
NVIDIA GeForce RTX 3050 GPU #1711 %k, A<
) £ A5 AU )11 25 9 450 % PR EICR b SCrb 4R Y LA
0o, WIUR2F > FUE K 0.0001, £ 2x10° W 1] 1%
& A0 > — 2, SR Al Adam 1 4 £ L %, batch
size 1% &M 16, epoch & 500,

FEA SO, FRATT A A 04 {7 M 1L (peak signal-
to-noise ratio, PSNR) " F11 45 ¥4 #H 8L £ ( structural
similarity index, SSIM) " /£ Ry PEAN 5 4R . PSNR Fll
SSIM ) {E i =, IR B SR BME 5 2% 1 &
Oy R BRI AL B . b, BT SR A5 R
A2 IR 4 T A RS S 24
2.2 IFEERIE

Je R B S 1 DB AT X S ge, bkt e gl
U A5 451 56 43 3% %2 J7 1 40 5 SRCNN., FSR-
CNN. IMDN, BSRN, MSID, OmniSR, SAFMN, %I
Fb (4 21 41 AR S8 43 B 28 053k Sk SCik [13] 1 3C
ik [16] H i s, (AR AS R 5 A A, [ i X
M7 —E MR, SIS R 1 s, 8@
1 5 R BER TR LA, RIIA SO AE PSNR
1 SSIM ¥y Je g th 75 i v e o 255 T A 5 4%,
AR SCITIEAELL AN BG4 P S d e vp B g p T O
b8 3 BRIk



REFOG2 2025,46(3) R IR, G5 B TR S| S AL AMEI G O R Al £ 699 .

R1 MUEIRERBIEED

Table 1 Results of comparative experiment (dataset 1)

Method Scale PSNR SSIM Params/K FLOPs/G
SRCNN x2 30.23 0.8243 57.3 17.57
FSRCNN 34.62 0.8734 12.8 2.02
IMDN 35.00 0.8948 694.4 52.95
MSID 34.10 0.8648 375.5 27.34
BSRN 35.56 0.9096 331.6 24.02
Omni-SR 35.65 0.9082 771.7 57.48
SAFMN 37.19 0.9373 226.7 17.16
YUAN 38.96 0.9627 81.1 6.25
SHI 39.46 0.9675 255.1 21.83
Ours 39.76 0.9699 111.4 8.54
SRCNN x4 29.73 0.7086 57.3 17.57
FSRCNN 31.10 0.7336 12.8 1.55
IMDN 33.07 0.7937 715.2 13.64
MSID 31.73 0.6834 393.6 7.18
BSRN 33.16 0.8086 352.4 6.40
Omni-SR 33.26 0.8043 792.5 14.77
SAFMN 33.42 0.7864 238.4 451
YUAN 35.62 0.8974 81.1 6.25
SHI 35.90 0.9047 255.1 30.92
Ours 3591 0.9051 111.3 8.54

TE WV 2 1T, 7 SCT5 15 BT 2R R A 23 K35 40 s, 5 HABTT AR L, AR SCO7 kR
RE G BT HAb T, &P A BB AR 30 S S A, xF bE B S, s 5 5
G ST B, R IRRE TR, K ES DR N, K 6.

SRCNN FSRCNN IMDN BSRN MSID

OmniSR SAFMN YUAN

3 BR1ITARBAPRERFEERNIL(RERTA2)

Fig. 3 Comparison of results for different super-resolution methods under scenario 1 (with scale factor of 2)

SRCNN  FSRCNN IMDN BSRN MSID
OmniSR SAFMN YUAN Ours

B4 HR2TARNBIWERFEERML(REEFA 4

Fig. 4 Comparison of results for different super-resolution methods under scenario 2 (with scale factor of 4)
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Fig. 5 Comparison of results for different super-resolution methods under scenario 3 (with scale factor of 2)
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Fig. 6 Comparison of results for different super-resolution methods under scenario 4 (with scale factor of 4)
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Table 2 Results of comparative experiment (dataset 2)

Methods Scale PSNR SSIM Params/K FLOPs/G
BSRN x2 33.65 0.7640 331.6 24.02
SAFMN 34.61 0.8301 226.7 17.16
YUAN 35.18 0.8562 81.1 6.25
SHI 35.57 0.8725 255.1 21.83
Ours 35.45 0.8726 111.4 8.54
BSRN x4 33.95 0.7675 3524 6.40
SAFMN 32.99 0.7182 238.4 4.51
YUAN 33.96 0.7714 81.1 6.25
SHI 34.03 0.7813 255.1 30.92
Ours 34.05 0.7762 111.3 8.54

BSRN SAFMN

YUAN Ours

BSRN SAFMN

. I
LB |

Ours

7 BESTAREIBRERAEERML(RERFA2) B8 #m6 TARBAWRERELERINL(RERFA4)
Fig. 7 Comparison of results for different super-resolution Fig. 8 Comparison of results for different super-resolution

methods under scenario 5 (with scale factor of 2) methods under scenario 6 (with scale factor of 4)
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Table 3 Comparison of objective evaluation metrics for various models

Methods Scale GMG RB a PSNR SSIM
M; x2 5 0.01 36.77 0.9325
M, v 5 0.01 39.13 0.9655
M; v 5 0.1 38.72 0.9619
My v 5 0.001 39.04 0.9637
Ms y 10 0.01 39.31 0.9665
Mg v 15 0.01 39.76 0.9699
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pean Conference on Computer Vision. Berlin: Springer,
2016: 391-407.
[4] KIMIJ, LEEJK, LEE K M, et al. Accurate image super-
resolution using very deep convolutional networks[C]//
2016 IEEE Conference on Computer Vision and Pattern
Bo Ei#Hs=TMEREMERLERITEL Recognition (CVPR). New York: IEEE, 2016: 1646-1654.
Fig.9 Comparison of M; model and M, results under the [5] LEDIG C, THEIS L, HUSZAR F, et al. Photo-realistic
same scenario single image super-resolution using a generative ad-
versarial network[C]//2017 IEEE Conference on Com-
3 é:E 'L/[/: puter Vision and Pattern Recognition (CVPR). New York:
AR T —FOE T HRES | 5 0% B AT 1 L s
o . ) [6] HUIZ, GAO X, YANG Y, et al. Lightweight image su-
lz‘] 1%/“%6}9{# Z%Ej% W‘lj% ’ TQJX_XJAQ% ﬁ T J‘;{‘ /Fé:] I per-resolution with information multi-distillation net-
B E[%E#?{Ehﬁjﬁ*ﬁﬁ AR EL#E work [C]//Proceedings of the 27th ACM International
% ’ {ﬁ I é%?ﬁéj\% = ﬂfE ﬁﬂ#ﬁél ﬁl‘ I {% rh EI/‘J = }fﬁ Conference on Multimedia. New York: ACM ,2019:
5, AR LI g 23 R P AR Y S e, 1 2 20242032,
%jé %IJ ’ Xd‘ Hﬁg E % ° 5E ﬁﬁﬁ{i Xff ke, ZIKI ﬁ{iﬁ [7] LIZ LIUY, CHEN X, et al. Blueprint separable residual
B EOLVF O Ay R R B BT PR e network for efficient image super-resolution [C]//Proceed-
ings of the IEEE/CVF Conference on Computer Vision
o and Pattern Recognition. New Orleans: IEEE, 2022: 833-
[1] BAKER S, KANADE T. Limits on super resolution and 843.
how to break them[J]. IEEE Transactions on Pattern Ana- [8] HU Y, HUANG Y, ZHANG K. Multi-scale information
lysis & Machine Intelligence, 2002, 24(9): 1167-1183. distillation network for efficient image super-resol-
[2] DONG C,LOY C C, HEK, et al. Image super-resolution ution[J]. Knowledge-Based Systems, 2023, 275: 110718.
using deep convolutional networks[J]. IEEE Transac- [9] WANG H, CHEN X, NI B, et al. Omni aggregation net-

tions on Pattern Analysis & Machine Intelligence, 2016,
38(2):295-307.
[3] DONG C, LOY C C, TANG X, et al. Accelerating the su-

works for lightweight image super-resolution[C]//Pro-
ceedings of the IEEE/CVF Conference on Computer Vis-

ion and Pattern Recognition. Vancouver: IEEE, 2023:


https://doi.org/10.1016/j.knosys.2023.110718
https://doi.org/10.1016/j.knosys.2023.110718
https://doi.org/10.1016/j.knosys.2023.110718

702 - N H

ERESE KR!

[10]

[11]

[12]

[13]

[14]

[15]

22378-22387.

SUN L, DONG J, TANG J, et al. Spatially-adaptive fea-
ture modulation for efficient image super-resolution[C]//
Proceedings of the IEEE/CVF International Conference
on Computer Vision. Paris: IEEE, 2023: 13190-13199.
HE Z, TANG S, YANG J, et al. Cascaded deep networks
with multiple receptive fields for infrared image super-
resolution[J]. IEEE Transactions on Circuits and Sys-
tems for Video Technology, 2018, 29(8): 2310-2322.
Z0OU Y, ZHANG L, LIU C, et al. Super-resolution recon-
struction of infrared images based on a convolutional
neural network with skip connections[J]. Optics and
Lasers in Engineering, 2021, 146: 106717.

RIEHE, RSN, TRAE, S TR & M 2K 4L
PG A R B R (D], ZD8MER, 2023, 45(5):
498-505.

YUAN Xilin, ZHANG Baohui, ZHANG Qian, et al. In-
frared images with super-resolution based on deep convo-
lutional neural network[J]. Infrared Technology, 2023,
45(5): 498-505.

PR, IR, TR B AR 22 i 28 I 45 RO LD A1 MR 23
FeRE ML D], LI9MER, 2024, 46(2): 176-182.

BAI Hao, BAI Tingzhu. Infrared image super-resolution
reconstruction algorithm based on deep residual neural
network [J]. Infrared Technology, 2024, 46(2): 176-182.
FEASUS, BROCHR, TRPE, 45 AR 2SR S Y AR L i i

[16]

[17]

[18]

[19]

[20]

XA ]. [ E S EE A, 2022, 27(4): 1084-1096.
JIANG Mengjie, QIAN Wenhua, XU Dan, et al. Gradual
model reconstruction of Dongba painting based on resid-
ual dense structure[J]. Journal of Image and Graphics,
2022,27(4): 1084-1096.

UTZEUE, R, SRT5, 5. T 6] L5237 5 BMTZL A R
HPBEARE I [J]. ZIAMER, 2024, 46(4): 427-436.

SHI Yifeng, CHEN Nan, ZHU Fang, et al. Single-frame
infrared image super-resolution reconstruction for real
scenes [J]. Infrared Technology, 2024, 46(4): 427-436.
LIM B, SON S, KIM H, et al. Enhanced deep residual net-
works for single image super-resolution [C]//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition Workshops. Honolulu: IEEE, 2017: 136-144.
RIVADENEIRA R E, SAPPA A D, VINTIMILLA B X.
Thermal image super-resolution: a novel architecture and
dataset[C]//VISIGRAPP (4: VISAPP). Valletta: Springer,
2020: 111-119.

SHEIKH H R, SABIR M F, BOVIK A C. A statistical
evaluation of recent full reference image quality assess-
ment algorithms[J]. IEEE Transactions on Image Pro-
cessing, 2006, 15(11): 3440-3451.

WANG Z, BOVIK A C, SHEIKH H R, et al. Image qual-
ity assessment: from error visibility to structural similar-
ity[J]. IEEE Transactions on Image Processing, 2004,
13(4): 600-612.


https://doi.org/10.1016/j.optlaseng.2021.106717
https://doi.org/10.1016/j.optlaseng.2021.106717
https://doi.org/10.11834/jig.200523
https://doi.org/10.11834/jig.200523
https://doi.org/10.1109/TIP.2006.881959
https://doi.org/10.1109/TIP.2006.881959
https://doi.org/10.1109/TIP.2006.881959
https://doi.org/10.1109/TIP.2003.819861

	引言
	1 原理及网络结构
	1.1 图像超分辨率重建原理
	1.2 网络结构
	1.3 损失函数

	2 实验结果与分析
	2.1 实验说明
	2.2 对比实验
	2.3 消融实验

	3 结论
	参考文献

