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Abstract  Cloud covering often causes the loss of information on the underlying surface of the image
during UAV flight. However, existing cloud region estimating methods based on multi-spectral and
multi-temporal mainly orient to satellite remote sensing images, and cannot be applied directly to UAV
images. How to use the available information to reasonably infer the content covered by the thick cloud, so
as to improve the image availability, remains an urgent problem to be solved. With image inpainting theory,

which regards the covered regions as the missing or damaged parts of the image and devotes to reconstruct
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their consistency, a two-stage thick cloud region content generating method based on DCGAN is proposed
for the characteristics of single spectrum, short flight time and random flight path of UAV imaging. The
two-stage model consists of a first stage DCGAN, an image retrieval module, an affine transformation net
and a second stage DCGAN from front to back sequentially. The first stage DCGAN takes the masked
image in, and generates preliminary completion result. In order to make the most of the homogeneous
samples in dataset, an image retrieval module and an affine transformation is added. BoW retrieval
algorithm is used to search for top N homogeneous samples of the image completed in the first stage, and
the affine transform network is designed to align them with attention mechanisms for the second stage. The
second stage DCGAN, which has the same structure as the first, takes the preliminary completion result and
the output of the affine transform network, and generates the refined result in the end. The 4 parts constitute
a complete forward form. This model makes image generation easier to utilize the information of the known
image with identical distribution, and solves the difficulty of feature extraction with multiple distributions
in UAV images, and addresses the limitation that existing inpainting methods rely heavily on single image.
This paper also improves the structure of classical DCGAN, and designs a new joint loss function,
combining local and global adversarial loss with the perceptual loss and the total variation loss, which not
only prevent blurry result, but also generate pixels that approximate the true semantic distribution with less
noise. In the training phase, image retrieval module is trained firstly to get the whole bags of visual word
and clusters. Then affine transform network is trained by affined samples with manual random setting.
2-stage DCGANSs are trained end-to-end using Adam optimization alternately with samples generated by
the first 2 module. In the testing phase, these modules are cascaded and worked at fixed parameters.
Simulation experiments with masks and real cloud-containing image are carried out respectively. On the
central 1/4 mask of the simulation experiments, PSNR and SSIM are improved by 0.3214~3.6793 and
0.0005~0.0543, and average pixel L; loss, NIQE and BLIINDS are decreased by 0.0171~4.1120,
0.0565~4.7440 and 0.8841~4.2586, compared with other classical methods, respectively. In the real
cloud-containing image experiments, NIQE and BLIINDS indexes are decreased by 0.1062~1.8992 and
1.0903~5.6495. Visual effects under the same conditions are shown and analyzed. The subjective and
objective experimental results show that compared with the classical method, the proposed method has
certain advantages in semantic rationality, information accuracy and visual naturalness, and provides a

better solution for single spectral image pixel value prediction against thick cloud covering.

Keywords unmanned aerial vehicle image; image generation; two-stage model; deep learning; deep
convolutional generative adversarial net
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J5 RUOVRNR B 2 ) (i R B B 12222227 Xt IR
FEREE AT 5 PEAS . T SCRR[19]1 075 2~
ELHK RO B R R AR AR B 45 2.
BR[22]75 5 Wk tifk, #E4T batch size 4 64 1) 200
BINGRIE X 4 ek AR A A S AT T
1000 R BYIEAR TG, X SCRik[23,27] 0515, #E47 batch
size A 32 B9 100 514k, SCHR[25]77 7 K batch size
Wh 64, HEATT 100 3B HHIILE . 1 FXTHiin
RKINGF 300 FeBEA BRI, STHR[26] 77 1
batch size %4 16, 1.2 Br B4l 47 100 #1125, -
TP ARSI A/E#H T github “F5. i
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% 2 AP0, SCHR[ 191 3 T REAS B DT fic I
)R, B E R PG T, X Y
B 7 Y XG5 RCR AT, B Dy JE ik X B 2% 2T
FE R Z AL He T B A E IR, T BE I
AR, SCHR[22, 231774 T ORI BE A K L
T SCHR 25180 TR I HLH, R AE2# ) B HEE
MBS R B S R K2 AR R 173,
U AR s SCRR[26]1 00T B ST LR T R %
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H BV AR AL e o P AR A o 2 2 % ]
G EAN T, BEALEEFE 3 FiFEHr . PSNR, SSIM
FEEMRE L 12, PSNR 5 XFRAR S 09305 1%
ZAK, BEME U5 SH KL 258N SSIM

SERURSERE . XTHE | 450 = AL PR ) SR A
BUETE 0~1 Z ), Mem Ui AR L P8 E L
AR T XA BAR R a0 255, BUEBU/IMUE
A, 3 A bR T A A R BRI PR, R 3
e VI o SN (0 O NS e S| D O s i o ) O e
FR T X HE.

M 3 AT 0L, SCRR[251J7 R 7E 3 R be T PFA i
I, BAA R st H2g A3 2 thgh g [25]
FEAE T U AR, 5N AR R IR AR —
fiZs (3R 4 2507 JLGIBORIZE 48 b = 15 ),
JEH T 22 H R bRt ERAS A e B 8524,

ARSI EAANA T AR, HLAE 3 AhERR T
S TR, BR T SCER[251 71, ACHHE S
FhJ7TE7E PSNR F42 55 0.3214~3.6793, 7E SSIM |32
1 0.0005~0.0543, 1 L, 125 - FR# 0.0171~4.1120.
4.2.3  JFET R

ASCAE A AER M IR ok B TR R AR
Yems s Mg gI A, g R FALEIER, %4
T4 BEREEA R R 255, S s,

Bl 5(a)(b)XF R 3.3 WHTARIEDL 2, B 5(c)(d)
SR FREOL 1. B S5(a~d)5 1 47 A B AWK N R
B s RS . — B Bom B B i &5 5%, 56
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RO 3 0R top3 G AT S I 28 45 31 1) % 55
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£33 RAXFEESZREITMIILL

5k PSNR SSIM L, itk
[19] 27.3369 0.9061 5.9271
[22] 24.1401 0.8598 8.4661
[23] 27.0765 0.9058 4.9950
[25] 28.7107 0.9357 4.1546
[26] 26.7628 0.9062 5.2512
[27] 27.4980 0.8524 43712
ESS RS 27.8194 0.9067 4.3541

AL, AUERIRER R, — B BB R AR
WEEE, MRS EGS R EGEE TR —2
Yysre, AR MW R SCER I 43 AR A5 [l A1 AR KR
XA TER R Y sift S5 AE AT ieRs . 4k
FPFRAASPE, it (i A5, HEF SERT ik &R
PR 5 TR PR AR B B | SC B R SS R B0 A o7 S A
PRRF—2, P B W R 76 A3 A 4 i SR
B EII T —B B B S(a)(b)BZs SR A
WA BRI, B 5(e)(d) b TR T AR BRI

P&, i th BB B S IR ESEBR T
BEE SRR IR R, 2BW0E I 5(c)(dY

(CEsS: E7 8

x4 2SEINPEMEBGMERERSIR

PSNR  34.2292 34.2852 35.9966 36.0403

SSIM 0.9441 0.9474 0.9599 0.9651
EES 1.8861 1.8605 1.5089 1.5194
25455 F

‘-

PSNR  34.3003 34.3354 36.1599 37.2439

SSIM 0.9537 0.9568 0.9654 0.9722
L, ik 1.8121 1.8019 1.4388 1.3324

(b) 24
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43 HHERMBARM

= DN AR B I SR AN N 5 18 A PR A
PEA S, BRI FERA, G E | R AR
BRI B, i HAE SR, W S5 EURMEXT LT,
S A S VAR G I R N S R B v = o
NIQE™’VFI BLIINDSPUE:% FEIEM k. efil)E
F H k%5t 501 (Natural Scene Statistics, NSS) /72,
FIA 2 A RE Ll &0 Lo i ZE0E N
FRIE. NIQE ¥ U 2= [ e ia —4k, IR FRE &5
To IR B UG ARHIE (8] 119 22 5 1 $9r o0 A7 BE g B o 2 O
J&, 1fii BLIINDS W4ei#4T DCT 284, PR & 2R
FRAE 557 ) A5 53 22 55 (DMOS) kA7 D1 -3 1] 19
X2 P bR AR R R BUR G K R (BUE
MR ARG ) . BT BUR AL BRA V2 A1
HL o B0E 28 SR AR A B, B — 5 1 H A
AR EAN AL WA AR i, 315 ansk
5 Fs.

* 5 WRAHEAE NIQE LiFFHE ik

0.0565~4.7440 , {£ BLIINDS I % T H & ) ¥
0.8841~4.2586. LA AT 4.2 458 Ui
AT L F AR ANE S 5 BERYE, fEERE
SPEAT #REAT T i fER B

*5 BAAESELEMNESERETMNXL

7k NIQE BLIINDS

Ground truth 41112 14.5534

[19] 6.2328 16.5456

[22] 9.2358 19.9201

[23] 4.9841 19.7373

[25] 5.7747 19.1464

[26] 5.7882 17.5071

[27] 4.5483 18.5347

AR ICT7 ik 4.4918 15.6615

44 EXETEGIR

ﬁﬂ Y UEAR SO IETE B = B AL
HERCR, ERRE PIEI T R R R
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M 6 SLIE R B, t TRz EA IR
AEM = A S, BOCHR[23]7 ISR 251 A
AR L B PR MR AR 52 IR 2 DI Y B T AN [
FERROI R R B SCHR[22] 1 T A B2 R Y 43

A, WCE R SOR s SCER[19] AR B S &84 LT
AR, EAUE TR E e 3 G2 EE,
LR T R R SRS L. AR EGE— % 8T
FRAE X I S AR ) e R, RIS T MR B
R X MG 8 AR R At e i, HZERUSE
S TR, FEFR 7 MIESH N Y S5
iR T A SO IE A R, 72 NIQE M
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5.6495, X 51 B ARSI 450 A —2L.

K 6
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%34
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[19]

[22]

[23]

[25]

[26]

—
N
~

—

HAAAFAEN

ke
M

45 {r5TMLEXT ELSRIE
B EATT 5 R0 4% ) b T

PR SRR R HL 2

o IR Bz DX

IYAAS ARG ET R4, BEA RS 2 AR LA
KUR B3 — W Boe 2 R G TEm i 4 5 ik A
MrBE. PREFUR RECRAS , FOH ISk B BE M 4,
FRE A o 25 1 5 JFAR R L ZE 8 s, X HLAS
B N=3.

=x7 EXE2TBEBGISEFENTHE
J7k NIQE BLIINDS
[19] 6.0457 15.1341
[22] 6.6879 18.4502
[23] 5.9076 15.1015
[25] 5.3691 18.1569
[26] 4.8949 13.8910
[27] 5.4674 14.7311
AR ICTr ik 4.7887 12.8007

QLW T 3 HAREIEMER, () EH)
SIS ARICR T EE - (b) g 253075 5 I 265 i
A B B 28 R REAS . 0 5 0 280 A6 R B A
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Background

Thick cloud region content prediction at UAV image is
an important research direction in aerial image analysis,
which can help people get cloudless panoramic image for
geological exploration, disaster prevention and military
reconnaissance using existing information.

Existing aerial image cloud region estimating method
could be divided into three categories: multi-spectral
methods, multi-temporal methods and methods based on
image inpainting. Multi-spectral methods try to find the
cross-correlation between every spectral imaging for several
optical bands can penetrate clouds. However, multi-spectral
sensor is too expensive to deploy on UAV. Multi-temporal
methods search and match images from same area at
different time, and compensate cloudless regions from each
other. However, a fixed flight path is needed and not
suitable for UAV. Methods based on image inpainting regard
the covered regions as the missing parts of the image and fill
in them only by spatial information. Inpainting process is a
multiple regression problem. There are two main problems
in current inpainting methods: unable to learn multiple
distributions effectively and barely to use information from
other similar samples, which restrict the semantic
authenticity and pixel accuracy of the generated image.
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Due to the problems, with the help of the inpainting
method, we design a 2-stage end-to-end model to learn from
thousands UAV images based on assumption that homo-
geneous UAV images have similar features at missing part.
By this model, DCGAN can learn from not only the rest of
the image but also the information from homogeneous
samples. We also improve the structure of DCGAN as well
as the loss function so that it has strong semantic synthesis
ability both globally and locally. In experiments both on real
and simulated data, our method performs well on NIQE,
BLIINDS, PSNR, SSIM, L, loss and subjective feeling,
proving the advantages in semantic rationality, information
accuracy and visual naturalness.
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