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Single frame infrared image super-resolution algorithm
based on generative adversarial nets
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Abstract; Image processing makes super-resolution infrared image reconstruction effectively improve in-
frared images resolution, which breaks through hardware performance limits. Based on deep learning,
super-resolution method is applied to infrared image , which enables the super-resolution reconstruction
of single-frame infrared image. Thus, better evaluation results are acquired. Derived from adversarial
thoughts, adding a loss function based on discriminant network can improve magnification, which can
access to better high-frequency details of the restoration and can sharpen image edge and avoid blurred
super-resolution infrared images.
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sults and the corresponding reference HR image. (4 x upscaling)

content_loss

4.500e-3 J

4.000¢-3
3.500e-3 \

3.000¢-3 \"r‘ ;
2.500e-3 Mm_

0 20 40 60 80 100
(@
discriminalor_loss_1
0.060 0
0.050 0
0.040 0

0.030 0 i
0.0200 %
0.0100 i i
0 M«MM

400k 800k 1.200M 1.600M 2.00 M
(®)

content_loss

3.080e-3 ! ‘ i i
3.060e-3 ‘ I Ll |
3.040e-3 | ‘ .

3.020e-3 ‘ |
3.000e-3 ! ]
2.980e-3 ‘
2.960e-3 ! A
2.940¢-3 | '|"|[” |
2.920e-3 1kt !

2.900e-3 LA

I ‘ | ! |
0 400k 800k 1.200M 1.600 M 2.00 M
()

|
|

adversarial_loss

24.0
22.0
20.0}-
18.0

|
16.0
[
/
|
|

14.0
12.0
10.0

0 400k 800k 1.200M 1.600M 2.00 M
(d

El 4 (a)SRCNN YIZfEH, (b) . (c) . (d) SRGAN |
2R

Fig.4 (a) Loss function of SRCNN, (b).(c).(d)
loss function of SRGAN

o3

4 4y

B TR BE 27 2 J5 1k T T 2L A1 FEHR 1 73 B )
2 o] T AR B PR B o 0 B R R g (7]
5 AT I 25 i) RE AR, a8 e 4 1) 0 245 AR A i 1) 2%
XEBUUIZRA T AP i 1 0 R 408 A5 AR 1 AR K
SRETT, SEBL T RAFEUNEHGHOR , H 3845 T HAF Y



432

ahh 5 =

K R 31 &

SEAR. BRITAR HE Tl WOGEMR, 2L AR R S
A, T BEN 2R RS AN 5T, LLA MR o
AERAF DAY SR ] £ 1 70 9% I 45 1 e A itk — 22 4
. BRI Z A, 2% S8 125 7 2R 18 R £ 5 )
0 28 F) s 73 B RE 7, 388 3 9 R A I 285 254 A I
277 2, FMTLL A1 B 23 B E T A5 A R Y
FHas[a].

References

[1]Dong C, Chen C L., He K, et al. Learning a deep convolu-
tional network for image super-resolution [ J ]. European
Conference on Computer Vision, 2014, 8692 :184 —199.

[2]Dong C, Chen C L, He K, et al. Tmage super-resolution u-
sing deep convolutional networks[ J]. IEEE Transactions on
Pattern Analysis & Machine Intelligence, 2016, 38 (2) .
295.

[3]Kim J, Lee J K, Lee K M. Deeply-recursive convolutional
network for image super-resolution[ C] Computer Vision and
Pattern Recognition. IEEE, 2016:1637 —1645.

[4]Shi W, Caballero J, Huszar F, et al. Real-time single im-
age and video super-resolution using an efficient sub-pixel
convolutional neural network[ C] Computer Vision and Pat-

(L35 426 )

[4] Ackerson K, Musante C, Gambino J, et al. Characteriza-
tion of " blinking pixels" in CMOS image sensors [ J].
Proc. IEEE/SEMI Adv. Semicond. Manuf. Conf. 2008
255 —258.

[5]LENG Han-Bing, GONG Zhen-Dong, XIE Qing-Sheng, et
al. Adaptive blind pixel detection and compensation for IR-
FPA based on fuzzy median filter[ J]. Infrared and Laser
Engineering , (Ve ZEUK, SRR, WDRME, 45, JETHOM
{ELRY IRFPA FE N B oAl Shes. v 53 TR)
2015, 44(3) :821 —826.

[6 ]LI Xue,SHAO Xiu-Mei, TANG Heng-Jing, et al. Inoperable
pixels of 256 x 1 element linear In GaAs near-infrared focal
plane arrays. [ J]. Journal of Infrared and Millimeter
Waves, (22557, 6] 55 ¢, FEIE AL, 55, JE 405k 256x1 IC In-
GaAs ST THARI A TR TTHI . A EZRIEFR)
2011,30(5) :409 —411 +438.

[7]LI Ling-Xiao, FENG Hua-Jun,ZHAO Ju-Feng, et al. Adap-
tive and fast blind pixel correction of IRFPA. [ J]. Optics
and Precision Engineering. (ZEWE T IHAEH B H 1§, 45
LLAMEF T R OC H G R IE. SEFBEET
2) 2017,25(04) :477 — 486.

[8]CUI Kun, CHEN Fan-Sheng, SU Xiao-Feng, et al. A fast
screening method of pixels with unstable response rate in
IRFPA. [ J]. Infrared Technology. (AE3§, [ N, 75 1%
B AR ZLAMEST TR #5110 RN FR S AR T MR
Frvk. £15MEAR)2017,39(02) 130 — 135.

[9]GUO Liang, LI Dong-Bing, YANG Wei, et al. Alternative
method of linear TDI infrared detector blind pixel. [ J]. La-
ser and Infrared. (3855 , ZE& VK, Wi, 55, £k%)) TDI #igr
HMRINES HAF IR T AT k. B 540 5h) 2015,45
(7):809 —813.

tern Recognition. IEEE | 2016.1874 —1883.

[5] DENG Cheng-Zhi, TIAN Wei, WANG Sheng-Qian, et al. .
Super-resolution reconstruction of approximate sparsity regu-
larized infrared image[ J]. Opt. Precision Eng. ( X[ &
HAT, VEFERT, 5. 3 LR G F U Ak i £ A BSR40 B
REE. KFHEFEIE), 2014, 22(6) ;1648 — 1654.

[6] DENG C Z, TIAN W, CHEN P, et al. Infrared image su-
per-resolution via locality-constrained group sparse model
[J]. Acta Phys Sin(X7R:E, WA, Brby, 5. LT R
LYTRORE B Z0A AR ORE oy P R . B EIR),
2014, 63(4) .144 —151.

[7]Ledig C, Theis L, Huszar F, et al. Photo-realistic single
image super-resolution using a generative adversarial net-
work[ C]. Computer Vision and Pattern Recognition. IEEE,
2016 4681 —4690.

[8] Socarras Y, Ramos S, Vazquez D, et al. Adapting pedes-
trian Detection from synthetic to far infrared images[ C]. In
1ICCV-Workshop on Visual Domain Adaptation and Dataset
Bias. Sydney, Australia, 2013.

[9] Kingma D P, BaJ. Adam: A method for stochastic optimi-
zation[ J]. Computer Science, 2014.

[ 10] Goodfellow T J, Pouget-Abadie J, Mirza M, et al. Genera-
tive adversarial networks[ J]. Advances in Neural Informa-

tion Processing Systems, 2014 ,3.2672 —2680.

[10] ZHENG Wei. Research on image enhancement algorithm
based on line array infrared detector. [J]. Laser and In-
frared. (FRA. F&TLRFVLT MR A 0 & 15 38 580 B0k
5. A5 4LI58)2015,45(01) .84 —87.

[11]ZHOU Da-Biao, WANG De-Jiang, HUO Li-Jun, et al.
Nonuniformity correction method based on gradient scenes.
[J]. Acta Optica Sinica. (J8ikbr, T, EBWE ,%.
ST RS AR SIRIE T . SEFEFR) 2017,37
(05) :346 —355.

[12]LENG Han-Bing, YI Bo, XIE Qing-Sheng. et al. Adap-
tive nonuniformity correction for infrared images based on
temporal moment matching. [ J]. Acta Optica Sinica. (¥
FEUK, Gy R, A5 T IR DL RS LA EIR B
AR B A PERIE. S F F R ) 2015,35(04) - 123 —
128.

[13] QIN Yan, DENG Ru-Ru, HE Ying-Qing, et al. Piece-
wise linear dynamic moment matching destriping. Journal
of Image and Graphics. ( ZZWE, XS f £ , An] 7098 , 5. J
BAMZ BN AW LR PEERERFER)
2012,17(11) ;1444 — 1452.

[14]1i Y, Zhang Y, Yu J G, et al. A novel spatio-temporal
saliency approach for robust dim moving target detection
from airborne infrared image sequences|[J]. Information
Sciences, 2016, 369 ( C) :548 —563.

[15]Samson V, Champagnat F, Giovannelli J F. Point target
detection and subpixel position estimation in optical image-
ry. [J]. Applied Optics, 2004, 43(2) ;257 — 63.

[16 ]Novak L M, Halversen S D, Owirka G, et al. Effects of
polarization and resolution on SAR ATR[J]. IEEE Trans-
actions on Aerospace & Electronic Systems, 1997, 33(1) .
102 - 116.





