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Multiframe infrared image super-resolution reconstruction using

generative adversarial networks
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Abstract: Generative adversarial networks had shown promising potential in conditional image generation.
It seemed that the GANs were particularly suitable for use in image super-resolution reconstruction.
However, there was a shortcoming of excessive smoothness and lack of high frequency detail information
for the reconstructed SR images by using GANs. Aiming at resolving the problem that the method of
single image super-resolution reconstruction ignored the spatio-temporal relationship between image
frames, a method of multiframe infrared image super-resolution reconstruction based on generative
adversarial networks (M—-GANs) was proposed in this paper. Firstly, motion compensation was proposed
for registration low resolution image frames; Secondly, a weight representation convolutional layer was
performed to calculate the weight transfer; Finally, the generative adversarial network was used to
reconstruct the high resolution image. Experimental results demonstrate that the proposed method surpass
current state-of-the-art performance of both subjective and objective evaluation.

Key words: super-resolution reconstruction; deep learning; generative adversarial networks;

infrared imaging

Y #s B B :2017-08-05; &7 H #.2017-10-09

E&TE . H %K A AR 4 (61405191)

EZ TN 2 (1990-), B b A 32 50N 30807 R A B % R 43 9% 2R 4% B2 5 1 A9 B 9% . Email:lifangbiao1215@163.com
5 U 18 Fv 2 A7 0T (1966—) , 95, WF 5% 51, 11 AR e 0, 32 B S PRI AR B OO0 H I A5 D7 T 9 BT %€ . Email:hexin6627 @sohu.com

0203003-1



Sk TR

% 2 www.irla.cn % A7 A
LTS 4 R TR A 1 e R e S R
0 35l 5 AT TR 2 5 T IR 5 M5 R Ry

P15 B 3 B 4 o HOR J2 4 1l B T EH £ IR
53 P AR G 3 A5 S Ak PR A5 O 3R R IR A B
PR B J5 05 o ARET I/ MR R RO B3 RS e RF
S5 3 o A R A R R B v PR o B R Tk
Sy PR E AR T O AT AR
TR 3 RPN IS R Y TR A U T R 0 N /S
2 AR AL PR K 32 S AR 1A AT

1984 4, Tsai fl Huang 1 ¥ ££ 35 3k 58 B 7 3
TRy B G ) (0 RGO Sy BE AR A, BRI T
SrPER W R R B, BGOSR R 2
B THERFEANR T IZ K, BEE X RGO R
R MR ABETY, K R R Ty s A 4k
BB B AT, A PR R BT e A
A, AR A O SR (1) BT
(2) FEFH -2, (3) SF gyl

BE T4 (A 00 EGOB 2y B R E @ BOR T 07 1 1
B R G B R AR (H R O K
R EAR, B, AR TR TR
R BAL BT 2, JFY R 7O R Ak T A Y
Jr ik, T8 A W3k AORE AR 2 B AR R e T T B
PR 207 R AR IR i R RO B

Bl TR 27 ) 7 AR VTS AL 8 ST s rp 3 B
(W J1, LA 27 2] g Rkl 4 8 03 9% 0 o A 4
ARAZ BN T WFTEHATBOR B2 1 KT . Dong!"M4E A $i
T — s 2 o 9 1] 4% 8 43 BF 5 7 v (Super-
Resolution Convolutional Neural Network , SRCNN),
A I A = 4 BUZ Y I 46 58 BT R B A 43
B R R 08 2 P S /8 Dong 45 B9 F 5 ki
I, Kappeler™ %5 A\ i 2 34 Jin iz 2l &b 42 55 J7 20 19 2%
PR Z Wik A, JF 58T B 51 15 i S B
e E ##, Shi Al Caballero™ % ASE i 34 in ¥ 15 2 4 1
JZW D TAR > AR R FoRAER AR, B T KR
T PR AR A OR ROk AR AT 8 o 1 n s ] -
i ) ) 45 K iz gl #h 38 ESPCN  (Efficient Sub-pixel
Convolutional Neural) ™ &y £ X #0451 45 1) 52 st
4y BF R O @ M 4% (Video Efficient Sub-pixel
Convolutional Neural, VESPCN)?! | Ledig? %% A ¥ /1=
T NS AT I 4 T G B A R A e A, e ek AR
A ok H ol HG o A O 2% T R A BB R B L

%, AHFCRIT S B0 X BR T BEA 2 kT ER AR Y R )
FREAELA, W T 2 WA PR R T
B,

SCHR T — Rl T A O BT M 22 4 1) £
UEARUNEREE Ra i S N2 s R Bu . D) | NEIR = L]
Y 5[] — I [ 55 8, S 32 sl A2 0 22 L AMIG 7 B R
P A5 i A A R BT 22 W 2%, DA 2R O AT =
R LA ER , SER 45 R KW, SCh 7 IR RE A 58
J 22 WAL S S A 7 R B, S0 FE T i A I
B, TR T R R AR S L R A R A
B e R B MR E N B AR

1 EZMKLEH

3 T o] W o3 W AR 7 IR AT RS ASE
IGRREA B 4035 15 8, 32 v R 20 B 5 A a4t
22 ) 45 3 e AR A A R O B R RS, 2 )
e P, A TS o R AR B O S
FIOR BB A0 A 0 A 1 o 3C P 7 o8 A i e
PO MY e = 2 Wi GOl 0 B R B, A 80
FRARR 3 B 2 G T 41 2 1) 1 25 6] — N 18] A S 1 75
A JE B R BOR 552, HAA
B2 e Y PR I B A A

1 o 22 W21 A 1 50 23 9 3 A o A 1) 9L A
B, AR B R B G ) 22 0 TR I HE B i gl b B
(MC) Jri & e — 2L HE B AR, A A il 20T T ) 25 i 38

MC GAN

I

o e

Output S-E--EEH

= = = != I= -=

MC LR images

—
=

o
i=1
=3

CEEN R
l

LR images
&1 Z i 5 N T4 G AR A

Fig.1 Flowchart of multiframe reconstruction network
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Fig.3 Schematic diagram of super-resolution reconstruction

network
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Tab.1 Evaluation results of PSNR on the test

images (Unit:dB)

Images Bicubic  POCS  VSRnet GANs M-GANs
Robot 29.189  33.218  34.095  28.872 35.286
Hollow 21.565  24.352  25.370  21.359 25.508
Pot—plant 31.089  34.725  36.597  30.674 37.211
‘Woman 31.954  37.860  39.354  31.869 40.137
Tele—pole  34.821  39.673  40.947  35.161 41.394

*F 2 Mk B & A9 SSIMIE M 45 R
Tab.2 Evaluation results of SSIM on the test

images
Images Bicubic  POCS  VSRnet GANs M-GANs
Robot 0.9612 09747 09768 09733  0.9822
Hollow 0.5587 0.6780 0.7483 0.5931 0.7570
Pot—plant 0.9281 0.9502 0.9624 0.9447  0.966 2
Woman 0.9239 0.9526 0.9619 0.9312 0.966 8
Tele—pole 0.9503 0.9714 0.9773 0.9634 0.9791

(a) Original(PSNR/SSIM)

(d) VSRnet(34.10 dB/0.977)

(b) Bicubic(29.19 dB/0.961)

(e) GANSs(28.87 dB/0.973)
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(c) POCS(23.22 dB/0.975)

(f) M-GANSs(35.28 dB/0.982)

[ 5 <ML N7 A A () 48 20 9% 250 o 8 Oy vk A9 o 2t 45 S O 42 1F 4 (PSNR AT SSIM) , R BE 120 3, 81 1% K /I 9 480 pixel x480 pixel

Fig.5 Reconstructed result and quality evaluation (PSNR and SSIM) of "Robot" image by different super-resolution

reconstruction approaches, upscaling factor is 3, image size is 480 pixelx480 pixel
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(a) Original(PSNR/SSIM) - 3 (b) Bicubic(21.57 dB/0.559) - (c) POCS(24.35 dB/0.678)

-

.

FE 6“1l I PR AT FH A T 43 5 30 1 4y 0k i 1 48 45 SR O 5 3 fr (PSNR AT SSIM) , U B 72y 3, B4R K /I 2 420 pixel x420 pixel
Fig.6 Reconstructed result and quality evaluation (PSNR and SSIM) of "Cordillera" image by different super-resolution

reconstruction approaches, upscaling factor is 3, image size is 420 pixelx420 pixel

(a) Original(PSNR/SSIM) (b) Bicubic(31.09 dB/0.924) (c) POCS(34.73 dB/0.950)

(e) GANs(30.67 dB/0.945) (f) M-GANs(37.21 dB/0.966)

7 2B RS AT T AS TR) R 43 9 4 T 8 0 72 1) T At 495 3 J JoT 4k 7 (PSNR Il SSIM) , RUEE AL+ 3, R K/l 750 pixelx561 pixel
Fig.7 Reconstructed result and quality evaluation (PSNR and SSIM) of "Potted plant" image by different super-resolution

reconstruction approaches, upscaling factor is 3, image size is 750 pixelx561 pixel
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S
A

(b) Bicubic(31.95 dB/0.928)

(e) GANs(31.87 dB/0.931)

(c)POCS(37.86 dB/0.953)

&8 A N MR il S [ e 43 B % T Oy s 1) o At 45 SR K Ak PP A (PSNR AT SSIM) |, RUEE IR 72 3, R K/ 399 pixelx279 pixel

Fig.8 Reconstructed result and quality evaluation (PSNR and SSIM) of "Woman" image by different super-resolution

reconstruction approaches, upscaling factor is 3, image size is 399 pixelx279 pixel
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Fig.9 Reconstructed result and quality evaluation (PSNR and SSIM) of "Telegraph pole" image by different super-resolution

reconstruction approaches, upscaling factor is 3, image size is 630 pixelx510 pixel
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