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Thick cloud region content generation of UAV image based on two-stage model
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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 thick cloud, so as to improve the image availability,
remains an urgent problem to be solved. With image in painting theory, which regards the covered regions as the
missing or damaged parts of the image and devote store construct 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.
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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 in painting 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-stageDCGANS 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 by0.3214~3.6793and 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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[23][27]772, i#:47 batch size 24 32 [ 100 48l %%
CiR[25] 5 ¥ 1 batch size BN 64, HE4T T 100 #&
HAEMRINGR 1 HXTHH RN 300 #BE
k. SCHR[26]7772:1 batch size B4 16, 1.
2 BYBesr mlitAT 100 384k, iR ik iRas
Sk EAE#H FE s github 7 &« MRS 251 1% A o
O A8 FIEE R B P R0, 2= S LA B 0] b S 56 485
4.2.1 e XS L

G SEE S5 R, Ay P DR E AT B
FEE, Wk 2 B, e ON R 32 00 ) W m] A S
EIAS T AR ROR

R 2 7] L, SCHR[19]2 25 T FE A BT RL i 3E
S S) B, B R AR T I A, X

) LT S X IBE R GF, (H PR ToiE T Hoif
2], TEBZ AL BB B AR . T
SIREIBIAS I, SCHR[22][23] 772 A T AR R
FRIRFLs T SCER[25]8R D T IER P, KRS
PN AL R R, BB E R K E 2
BER NI, SORCEUER: SCER[26] 803 = 1L
HIA PR T UG A B, 1 BT 0080 0 A 1 2 AR
FEA (B HE B N AP LS O R 22 RO, Rt H
TR GBI E  SCRR[27]0 48 F 25 A0 2
TEREG, SN TR I, RXR AR S
FULHMEDA G o AT ERIPRI B 476

BEA SR REGNERER, FUHESE 78R
iR

4.2.2 S EARFRAT I

i PP BUR A e I ) R b o 2 S
EUE SRR IEN 778, BeAbIER: 3 FidEAr: PSNR.
SSIM FIPEME Z Ly #5195 . PSNR 5%} AR K w1
BT RERR, BEMEUHSSHEIEE R
/N: SSIM A& EUG AR RE . SFELEE . 45K = J5 THI AL
PEFIIRRFR, HEAE 0~1 Z 1), s d W BkH oL 5
PG FR Ly 3R AR T 6 A B R 4 7 5
AR /MR RT3 FhdBAR B T P9 28 A2 )
FEMERTE, R 3 A TAETL IR T AT
X b7 VA LA R AR T I EE .

H 3 3 AT UL, SCHR[25] 7 VATE 3 Rl bs N VP
RUF, BRI AES T, HEER 2
B[54 T BB BB, 5 N RGN i 2 A
FEE—E Mz (GR 4 45 T JLBIBORI 25 S AR b
H AR, 2 H T 22 H R bRt GO A Uk
e,

ARSCEAMUA AL B, HAE 3 Fifs
bR REAS T IRILRIEE 5 BR T [25] )51, At
‘B 5 FPU7VALE PSNR L 0.3214~3.6793, 7E
SSIM _E#% 0.0005~0.0543, 7E L #i%k B R4
0.0171~4.1120.

4.2.3 ikl et

ASCAEAE HER 1 E AR A R Bk A TR R
RPN S 28 B TIN, N g X oL (4
T 4 BINAAEA I I S5 5, Wl 5 s

(@)X RE T 3.3 THTIRIEOL 2, (c)(d)RF T
HOL 1. (a~d)2E L ATAAEELGRKIRAER. Ins
FERE G . —B B I B R, 2B 2 TN
K2 E) top3 G, 2 31T N —BrBUEE 45 15
A5 3 1 top3 UG K A7 55 WX 2845 1] (1 0 55 45 5
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[27]
AT : :!! l
RIEEFEESERETFMITE

72 PSNR SSIM [RERES

[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

VNS WIRIN 27.8194 0.9067 4.3541

= 4 £E TN PEHEGIERERSIIR
: ||||IIII| |||||||||
AR
PSNR 34.2292 34.2852 35.9966 36.0403
SSIM 0.9441 0.9474 0.9599 0.9651
Ly ik 1.8861 1.8605 1.5089 1.5194

- ' . . .

PSNR 34.3003 34.3354 36.1599 37.2439




12 THENLFR
SSIM 0.9537 0.9568 0.9654 0.9722
L ik 1.8121 1.8019 1.4388 1.3324
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A o

(A5 4 4
5 4 i G b 2 10 v ) 225 R

AL, TR RREGEE, —FrEdE
HMRIEHERE, KEGINIEEGSREGHR
T —3 5, BHASE R 5 AGRT HH
RRAF, XREFATER R TR sift RFE R
e da- AN . S piHE8)E,
He SEa A 2 UG S R G AR . SCEE A
SER L7 BB AR — B0, TR i Bt
SRRAE L S R b A)IE SUAE B e B I —
BB o (a) (o) F4h 52 AR B2 A1 B0 14 AE, (c)(d)
TR T ARERER, B R = R
SR fESChRE Y, MEZBHENIRER, &
BHTTE B () (d) 15 B4 2t o
43 EHERMB AN

2 DX AR I I AN 518 S B
WA 0%, R BN 1) 32 MR, TRk G 7
WA AR AR 2k L, T BLAESEBR, WHE S EER
PEXTEE, BRI DS EXHEANE R AT RS E R E
PP NIQERSRI BLIINDSECUR 5 FH rv A J7 1
EAE T B gt (Natural Scene Statistics,
NSS) /7%, FIA 2 SR E a8l &/ SCm i
I3 AT R EAEJVRHIE . NIQE H B [ H 5 — Ak,
THERHIE R & 5 TG 2k U R AIE 8] 1) 22 7t v 40
A E B8 B R BUREFE, 1 BLIINDS M43t 47 DCT
e, KR KRR S S X WA E
(DMOS)HEAT DU 510 . 3 2 Fh 8 AR A4 H A 2%
NEUE R R ERRE CBUEB/ MR R . W
TEATE BUR A B A ) 2 AR, B e
BRI S Ab B, B —E I B AME, ARSCRA
ATV N B AR R R, P 0k 5 FR.

# 5 BoRATEEE NIQE _EiFFH e Uik
0.0565~4.7440, #£ BLIINDS L& F H & J5 i
0.8841~4.2586. Ziar AT 4.2 LR, WA
SCOT AT AR AR RIS S A5 B R,
TE RPN EAEAS T Fe R I

®5 BHASEZLENLSERETNILL

Tk NIQE BLIINDS

Ground truth 41112 14.5534
[19] 6.2328 16.5456

[22] 9.2358 19.9201

[23] 49841 19.7373

[25] 5.7747 19.1464

[26] 5.7882 17.5071

[27] 45483 18.5347
KT 4.4918 15.6615

4.4 AL S =BG

R B BGAEAR TR B~ B AN
BRI, EEIRETIER T E S E RN
5, H P 2 XV R, XA
COIGRIF IR . X B HY 5 BIA R g AN
7= AR, TR BRI = X 6
FiR, SR iE A B A ANk 6 ok, 45
REB LS HE VN Tabs FIE R 7 Frs.

M 6 LI R R, BT EsEER
I A7 = A S, BOCR[23] 7 AR 12 Bt 225
NAHRA B M, AR E R = XK L T A
[ P2 PRI BRI A0 2% B 5 SCRiR[22] el T ok e 2 ) B
(oA, WA A B SO ; SCIRR[19] B AR5 2 3
Sy ECELE AR, ARV E R T e o AR E
FRAE, RN T BUR REARTE Lo A4
—HRE T I SR R, G2
R T PRBTBUSEAY, o BRI TR AR B A5 LU S
BAEM S EHUS TR AR, FIRR 7 LS
AP B SR 45 BB IR AIE T A SO IR I Rk,
76 NIQE A1 BLIINDS 5 45 b 4> 5l i 3% 7
0.1062~1.8992 Al 1.0903~5.6495, iX 51)j . 7 i fis
SEIGAE A —E .
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[22]
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[27]
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*7 AXATEBLEE TN TFE

WiReS 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
ARIT7 4.7887 12.8007
4.5 {5 MLE 3T EL 250

NSRS R A B, RFFIEAE e
AL, AL E A4, KA RS 2 AR
HARGEES —PrEdiE R BAEEE 455
BN B IREFURBRECAAS,  FETIIZR R

Bz, 19RIR0E 45 R 5 R LNk 8 it
N, X B N=3,
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7 55 9 28 TS PRI BCRXT EE - (0) A 25 B 77 5 9 5% i
JEEN B BUM S R R AR . 5 4R A R
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91 HIEM. 5 2 HREFS A 3 4RI
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FHE T o0 245 RE A 7 3B T 4 A A AR A (S B
A BT HE R B AR LR A I A5

9 gt YA S I ER I, 0 A I
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XTI, LR bR A A FREE T
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(b) M RE G Z TS M ERIEXTEE
Eike iR oy A 5t W 4% I G R ER
#14A
w2
%34

F 9 EEAHMEESENLSEREIFNER
izt PSNR  SSIM  L;##’k NIQE BLIINDS

¢l 26.2752 0.8753 45233 47188  15.7917
PERE FFE 15442 00314 01692 02270  0.1302
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Rl IRk, SHETEMEL, AR S
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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 in
painting.  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 in painting regard the covered regions
as the missing parts of the image and fill in them only by
spatial information. In painting process is a multiple regression
problem. There are two main problems in current in painting
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.

Due to the problems, with the help of the in painting
method, we design a 2-stage end-to-end model to learn from
thousands UAV images based on assumption that homogeneous
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,

LI Cong-Li,
focuses on intelligent image information processing.
SHEN Yan-An,
interest

master, associate professor. His research interest

Ph. D., associate professor. His research

focuses on unmanned aerial vehicle system
engineering.
LIU Yong-Feng,

interest focuses on remote sensing image processing.

Ph. D. candidate, lecturer. His research

ZHOU Pu-Cheng, Ph. D., associate professor. His research
interest focuses on image processing and analysis.

L.loss and subjective feeling, proving the advantages in

semantic rationality, information accuracy and visual
naturalness.

This work comes from a key military project, which is
dedicated to UAV reconnaissance image enhancement and
target detection under adverse weather conditions, and is also
supported by the Anhui Provincial Natural Science Foundation
(No. 1908085MF208).0ur research group haspublished 5
papers, 1 monograph, and declared 2 national patents related to
this direction. The results of this paper are mainly to solve the
problem of UAV image information enhancement under cloudy

weather conditions.



