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Fig. 1 Cloud-contaminated images acquired from ground-
based telescope sky survey observations. (a)-(d): cloud-

contaminated images taken at different fields.
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Fig. 2 Normal images acquired from ground-based telescope
sky survey observations. (a)-(d): normal survey images
taken at different fields.
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Table 1 Detail information of the telescope and

CCD frame
Parameter Value
Diameter 500 mm
Field of view 2.2° x 2.2°
Frame size 2048 x 2048
Pixel scale 3.9°
Dynamic range 0 ~ 65535

CCD operating mode Frame transfer

g(i,5,d,0)

— #{f(:l:layl) = i?f(m%y?) = j||(l‘1,y1), (‘/L’27y2) € M % N} )

= UG HEAT N D06, FRATT A BAN W00 72 1 45 )
581311 Kl & v, i ik tH T 21991 = 75 G- K AZ 1
248017 1F 5 P A5 A A5 7R )1 2 55 36 A 84X 1
62011 1F 5 F% A1 514100 2 15 G B AE 9 AR 46
RN LGRS T 4%, 74— ERR
K, FAVE F EARRFE 48 b i — 25 56 0E 07 3% £ 4t
L IR I 5 A AR
E&FFETE#R

EG = G B LA B i e v, 5% A
sIEGH L RS e A e — 2 ER. N TH
¥ 0 3% 2 P, AT DLOE v 5 AR ) SR R
MESHdt — AL T i R =i e EE S IEE BB
(AT S R, AT DL T S R K R S
A o0 SR 3 B A ) S0 R AE L R R AR S e o
176 & 2 B A T Fh 2 () A7 B O R I MG &R K E
A B R A . AR U K e A S B E
MK PE R i WG 2R R, B T B8] 7 A L (FH
R BE B hd e 0) 0 s EIK AR N g I
R BT A A T B AE AT AR R A — N R R B 2K
B RR IR B AR R . KL AR AR B g R e 3R
CIRYE NSk

2.2

(1)

J(y, )R f (20, yo) 72 FHERE A PN 55, PAS AT
MIFE B N d, B 5P T fN0. FNEIE
IR BEAE RS, gl f K FE L AR HE B, #{x} R
S m EAN S MA NS5 A B K R 5
B 5E R KN B8, g B A KRN 08 5 B OK FE AR
(1) fe KABLAH ], AR SCAE I S 22 0 AR 46 s e K
IR PEAH 255, LB AT AR BIAFBE & AF A
(R AR P LA S R FE FRATT ORI 78 v, O SR B 1 1)
15395 R e e SRR M, 3 — 4R I T BH AE AN [ e % A
J& bR P R AR R OB AR 2 AR K, RIS 4
WENd=1. 0=0.

69-3

MN

AL T 4 AR i BRSO AR TR b

() — B %5 (Angular Second Moment,
ASM), N FREe &, & BG K E 75 A1 ¥ S 72 FE A
QUM — N EE, ERREE g N TR
()75 AL IR E B G, KB A3 A), KB
F AR B rp R A XCI(E RO, T At XA DS,
Uh B ASMEL K, BB FE. =5 EG
R vh RS 20 A A 23 o 0l K, B IR ASMI /),
BME AT (K s ASM AT DAE N i ik I Zh e b =
15 R EGAIEE BFUR ) — 42 %, ASMREFRIE K
R



66 & X X ¥ W 6 3

T s SURIEF R 2 AFAE — € I ZE 0] CONEAARIRN:
ASM = > g6, 5)] (2) oo
CON = (i-07g(d). @
KA UMV il g AT 514 121:;
(2)#i (Entropy, ENT) & B & Bir A 1015 & & (4)3% % JE (Inverse Difference Moment, IDM),

WIREE, FIRBELIEROC, BUKBEICERERE gILa k2 MR 4088 =) 0 138 A, 2 MR 803 7] i 1k
A AT B STRROR, S I/ R E i . SR B ) B 2 RO I TDMAE, 7 LA
=, WEBG A5, KEICEFEGREETCRA £ i5 Y R0 SO R 3245 (0 38 3 R IE 3 Bt
BORKIME, A5, eRon T RGBS e — B2, IDMA] BLE R N

STPERIAE 2. 3T A IR WL SR AR I R, =

5 R Bk T E 76 L. B BLENTHAI LU IDM:ZZ%. 6
TM I 2 G R B E 21— 5%. ENT =1 =1 J
A BP0 8 R AVGE i T 295 Y BB AN IF 3 R 4 S B

v v AEM M AR HE 2, R 2R IR Z IG5

ENT = =) > g(i,j)ln[g(i,5)].  (3) B X FaNGUIE, ATLH] T WIREEA S

=1 4=l () B P, A B3R R . 6N T B R A LR B

(3)%f LL £ (Contrast, CON), St 7 EMEHEA ASMAIENTZ P42 5 B 15 22 57 0k B iE . %o

7 B AR S LA EUR R A R NI LS5, 80 IDMAICONSFAE KB, 2= 75 e G R 1E 5 K &
SO, HATHEBR. 25 RREGMEOEE  BRERAEE.

% 2 TR REGMEZSEGIIBHEN ST ESITEE

Table 2 The mean and standard deviation of feature values for cloud-contaminated images and

normal images

Texture Features

Image type
ASM CON IDM ENT
Cloud 0.168+0.122 8.136+25.278 0.928+0.055 2.624+1.144
Normal 0.854+0.166 4.302+£59.544 0.971+£0.025 0.445+0.385

it R EoR, i REBRIASMEZ S 2 EUG A Bl R E BOR A [F], B YR R
FE[0, 0.25][X [8], ENTF ZALRLE[LS, 7]IX[H]; T 2, =i Jefe BE ™ 5. SR, AN [E 00K X rh s
IEH BB RASME Z A 7£(0.45, 1]IX A, ENTSE D ECE AR, 2 et it s i 2o . R1E
HrE[0, L)X IRl —F W mERRR, 5RAK AR EGEEENER, AR T BEREEILE.
T — 2, R L R A A BAF M ar S0, AR, @ E kU, BB RE, BEREHLTERE, s
4 ASMAZ - [0.25, 0.45]1X [d] . ENTAZ T [1.5, 1.8] YRR e, BURBENLIEBRAC, =75 3
X IR, EH EEM o RE G R, it RERREM KR AR =5 R E R EA,
WRAGE T ARG AR, HREE DA PB4 (). ()75 REEECN ™ ER IR,
BN, HEGRBENUIEEAR, SO EW B R5(E 7 5 096.325. 6.584, MG b 46 K HE 73 1) U8
FRAE. XF T IX R Hdls, REE— 2 MM AR aETY H@sm A K. B4 (e)h =5 R b 78 KR
T I N TR X 43 k. E77, B4 (b) (e)MJEME 5 1l 94.233, 3.845, H

MNTAFZGRBEEOEE, RBEANZEN oG REREE RS, B P = 8% A PR

69-4



66 % X

WSE: e FHLER T 1 = 5 R BRI B 7T

6

Kla(c)s (HRME 2 3 N 2.135. 1.986, EIEH R

A BIIEANTT UL, 2575 Yee BE AR X LA

20
+ Cloud i * Cloud
16 b - No-cloud 0.90F 6 - No-cloud
I i 075}
z 12 3}’?,“ . s E 4t
S ? LR EOGO : &
- ﬁ' :." " .: . 3
M . ; 2r
0451 * Cloud
- No-cloud
M . . . . OF,
0 0.25 0.50 0.75 1.00
ASM
(b)
. ’ .
0.90 + 6F * Cloud 61 L Y
- No-cloud ":.," " -
BEA ;

0.75 A
s 4 — 4r Tan T
=) 4 4 %
T 060+ 3

R 2F 2+
045 | * Cloud + Cloud )

- No-cloud - No-cloud
0 3 6 9 12 0 3 6 9 12 0.45 0.60 0.75 0.90
CON CON IDM
(d) (O] ®

3 IEH UG =95 G U O SO AE LU (FE P (a)—(F) 2 BIAR R CONFMASM,. ASMAIIDM. ASMAENT. CONMIDM. CONFMENTLL
KIDMAENTHIEUSE).

Fig. 3 The comparison of texture features between normal images and cloud-contaminated images (where (a)—(f) represent
scatter plots of the combinations of CON and ASM, ASM and IDM, ASM and ENT, CON and IDM, CON and ENT, and IDM
and ENT, respectively).
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Fig. 4 The typical images with different cloud
contamination levels. (a) and (d), (b) and (e), (c) and (f) are

arranged from heavy to light contamination.
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Fig. 8 The loss of the Shufflenet V2 and Resnet 18 models on train and validation (val) data. (a): Shufflenet V2, (b): Resnet 18.
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Fig. 10 Confusion matrix of three models on test data. (a): Shufflenet V2, (b): Resnet 18, (c): SVM.
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and SVM, respectively.
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Table 3 The comparison of training and testing times for different models

Model SVM Shufflenet V2 Resnet 18
Training (epoch) <0.01s ~90 s ~160 s
Testing (frame) <0.01s ~0.030 s ~0.034 s
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Cloud-contaminated Image Recognition Based on Machine Learning

LIU Liu'? ZHAO He!? SUN Rong-yu!
(1 Purple Mountain Observatory, Chinese Academy of Sciences, Nanjing 210023)
(2 School of Astronomy and Space Science, University of Science and Technology of China, Hefei 230026)

AgstracTt In optical surveys of space targets and debris, clouds are one of the key factors affecting
observation efficiency. Cloud cover can reduce target visibility, complicating target image detection and
subsequent accurate position and brightness extraction, thus interfering with the observation of space
targets and debris. Efficient and accurate identification of cloud-contaminated images can provide
valuable prior information for subsequent data processing, supporting the normal and stable operation
of the operational workflow. Currently, mainstream methods based on image segmentation to detect
clouds in images have drawbacks such as being time-consuming and vulnerable to noise. This paper
combines image feature evaluation and manual screening to establish a cloud-contaminated image
dataset based on optical survey data of space debris. We experiment with three machine learning
methods: support vector machine, Shufflenet V2, and Resnet 18, to classify cloud-contaminated and
normal images. The results show that Shufflenet V2 achieves an overall classification accuracy greater
than 97%, while the SVM (Support Vector Machine) model achieves a cloud-contaminated image
recognition accuracy of over 98%. Deep learning methods can effectively identify cloud-contaminated
images, and the computational speed meets the real-time processing requirements for observational
data. In future observations, the proposed method can be integrated with cloud imager and jointly
applied to optimize space debris observation plans, reducing the impact of weather on observational
equipment performance and promoting more stable operation of observation stations.

Key words methods: data analysis, techniques: image processing, astronomical data bases: surveys
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