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Abstract

The exploration of the solar system is carried out through various payloads, and accordingly, many research
results are emerging. We tried to apply deep-learning as a method of studying the bodies of solar system.
Unlike Earth observation satellite data, the data of solar system differ greatly from celestial bodies to probes
and to payloads of each probe. Therefore, it may be difficult to apply it to various data with the deep-
learning model, but we expect that it will be able to reduce human errors or compensate for missing parts.
We have implemented a model that detects craters on the lunar surface. A model was created using the
Lunar Reconnaissance Orbiter Camera (LROC) image and the provided shapefile as input values, and
applied to the lunar surface image. Although the result was not satisfactory, it will be applied to the image
of the permanently shadow regions of the Moon, which is finally acquired by ShadowCam through image
pre—processing and model modification. In addition, by attempting to apply it to Ceres and Mercury, which
have similar the lunar surface, it is intended to suggest that deep-learning is another method for the study

of the solar system.

SAlo] : & FFo]E], H&d, YOLOv5, AAEA], Lunar Reconnaissance Orbiter Camera
(LROC)
Keywords : lunar crater, deep-learning, YOLOv5, object detection, Lunar Reconnaissance
Orbiter Camera (LROC)
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A HA Y] F5 IFolEs A4S wo=F B A A= o g Ao} iyt
F2ol= AFEE ol&ste] HAlZdoly HEdE AREste] ERI5taL lth. Robbins and
Hynek(2012)[31= A& 1 km °o4 H& I 0EE, Robbinss A& 100 m o1 =& A&
o]8& Mars Crater Catalog vl Robbinsgl= Hjo]g] H|o]AR BT sFYTH4]. +5°F
At Aoy e AR Qul= Ho| & 4= 9o, 5 AYPsks T4 AR
of oJgt @F7F v EtE]7| wzof 54 A9 AHolH 9] o= W & Qlck

Aol oJ3k eAFE HAadlelr] flsf AhsetE Esk=tl, ZalolH AsdEHT Je
3= ol-&5h= HHol Qlrk Stepinski et al.(2012)[51 32 A olElE ‘Aol A& 4
E(crataer detection algorithm, CDA) ]2k HAlH & Este] A1HsttHFig. 2).
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Fig. 1. The greater number of craters as older surface. Adopted from Strobel with

permission of Author [2].
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Fig. 2. ML detection for Mar's craters. (a) candidated crater, (b) predicted crater. Adopted

from Stepinski et al. with permission of |Gl Global [5].

dolgo) digt Hoj= &9 DEM(digital elevation model& 01835H= ¥} panch-
romatic F/goIA A olEE Holol= WS ARESIAITE M4l 21golA skl geld
S o]gsto] FFolE YAE A=sH|® SFTt. Siburt et al.(2019)[612 convolutional
neural networks(CNNs)& o|-&5to] Z#o|ElE AlEsi3lal, B9 DEME HEAE U=st
of HElS SFAIFDL, Sy 2} 7|0 gEXl AgolBE} W2 429] AgolEE BAT
5= AATKFig. 3).

el 9@ Agold A4 HEelRhs A BYE stal, geidE ol&sto] Aol AA
AEE A%519t) Lunar Reconnaissance Orbiter(0]5}, LRO) ©€A41E LROC WAC d|o]
B2} LRO archiveol A Al&sk= XS 5-20 km 27]19] AF°1E]9] shapefile(abeling data)
< dFdlolEE ARSI HEd 48 I8 1) train data set, validation data set, test
data set R34, 2) YolovoZ 24| #& 29 7iet, 3) train data set, validation data setO&
Tel 3%, 4) test data set 02 HEl HIAE 9 J5E7HE ST

2.1 HIOJEA 1=

dolg Al AtdlolElet 2hEE dlolElE AER 5ttt F/dtlolEl= LROC WAC
AEE 643 nm G4, empirical normalized, 9= +600|4H, s F 470m FAS ]
23519 1(Table 1), 288 glo]El: LROC archive AF|E0JA] A-Zoich Q8= A& 5-
20 kmoll tigt ol thsfjAst Hed ZES A5kt Table 12 94 AZAE

T Post-Processed Craters
] 3

Ground-Truth Craters

Moon DEM and Target

150

200

250

¢ ., i
] 30 100 150 200 250

Fig. 3. The train data set. A left image is ground truth. red circle is newly detected crater,
purple circle is missed result, blue circle is good. Adopted from Silburt et al. with permission

of Elsevier [6].
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Table 1. The metadata of image which is train dataset[7]

Product meta dataPDS
Product ID WAC_EMP_643NM_E300N1350_064P
Data set ID LRO-L-LROC-5-RDR-V1.0
Volume ID LROLRC_2001
Product target MOON

Product creation time

2020-08-31T12:12:41.000

Relative volume path

data\mdr\wac_emp\

Label file name

wac_emp_643nm_e300n1350_064p.img

Product type MDREMP
Full product type name RDR
Instrument host ID LRO
Instrument ID LROC
Spacecraft clock start count  N/A
Spacecraft clock stop count  N/A
Center latitude 30
Center longitude 135
Maximum latitude 60
Minimum latitude 0
Westernmost longitude 90
Easternmost longitude 180

Map resolution 64.0 (PIX/DEG)

Map scale

473.80235037734 (METERS/PIXEL)

Producer ID

LRO_LROC_TEAM

Product version ID

Adopted from Washington University in St. Louis with permission of Author [7].

v1.2

Orbiter Data Explorer (ODE) processing notes

- Product type set by ODE.

- Map resolution set from label map projection object.

- Map scale from the label map projection object.

- No observation time available.

- Min/max latitude and east/west longitude set from map projection.

LRO, lunar reconnaissance orbiter.
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i3t HEo|H, Table 2= labeling data® A3t shapefile®] X o|H shapefile B2

Fig. 49} ATt Table 32 7+ HI°[EE thadhe 5= 3= ARIE F4o|th

Table 2. The information of shapefile

Vector map Craters 5 km to 20 km in diameter (60N to 60S, O to 90E)

Base map Monochromatic (643 nm) LROC WAC morphologic map with a
resolution of 100 meters/pixel

Scale The crater rim is digitized 1:250,000 and 1:500,000

Coordinate system  IAU Moon 2000 Geographic Coordinate System : =180 to 180 and O
to 360 longitude domains
- 180 domain: LROC_5TO20KM_CRATERS_OTO90E_180
- 360 domain: LROC_5TO20KM_CRATERS_OTO90E_360
Adopted from NASA with public domain [8].

- “ »

0100200 kry
[ e G R

Fig. 4. Shapefile of lunar crater. Adopted from NASA with public domain [8]. LRO, lunar

reconnaissance orbiter.

Table 3. Data downloaded link

Data type Available site

Lunar images LODE: https://ode.rsl.wustl.edu/moon/indexProductSearch.aspx
Download Link: http://pds.lroc.asu.edu/data/LRO-L-LROC-5-
RDR-V1.0/LROLRC_2001/DATA/MDR/WAC_EMP/

Shapefile http://wms.lroc.asu.edu/Iroc/rdr_product_select

(labeling data)
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o|gA 53t tlolB= thatt 22 HAY IS AFE 1) g HHAE T4 HHEAR
H3l 2) .imgS .tife} .pngE AA 8bit FACE WS 3) YE JA percentile_clip(0.5%)
G4}, percentile_clip(1.0%) G402 FASF3T). Percentile_clipe]3t G4 s|AE THES
FE T A GAgE E3xolA Akl A HAE SdEE AES 9F gl HlolH=
7Hste] A 2fsk= 71Holtk A& S¥ AA 4] 0.5% Pkt 99.5% Zte= gAlE
AlLlskal, 0.5%014 99.5%= clipdis= 2= ufeict. oA FHH o= W2 Fhojut
= W= AlAZ|aAL 9ol Qlek AAEE JAEE train set 3,800%, validation set 1,004
ZF test set 1,048 02 AJ5IA AL, YOLOV5s®E YOLOvSXE ol-&sto] 6719 235 =&
SkoATt

2.2 AyHE 24

A AE 2 (object detection model> B&'d 7I8te] EA| o2 "W Fofl shtolct.
ndle mfx] ojujz|e} A vl BRAZ M JhE|1E] JREE v, AA] ukegukAa
el 7T EHA) 52 £ "ok B AFojAE YOLOvSs?F YOLOvSx RS

AFg3hsict:

2.2.1 YOLOvS

YOLOvV5 232 single-stage detectorQ! YOLOV3E TATAIZ] HEAZE A, v3T} v4 HE 9]
S AEA 52 A BEoltt 7] object detection modelEe] HIsto] A&
o= AL HEYAE o8 s £=7F WiEH, YOLOvSS| T ARHARl AAEA]
A1} & ZJol= LIl Fig. 59] #-22} Zo] YOLOv5+ backbone, neck, head 202
UE 4= 91021, backbonel AL 2B feature mapS FE3H= G&o|w, CSP-Darknet
S ARESH= HEOZ YOLOV4SF ARHY. Neck2 backbone¥t headE AZd5+= g

oY, headE &% feature map= HFE O 2 B4 YA E 2= FEolt}

2.2.2 Backbone
YOLO59] 4] 7|4 % 3= DenseNet 7|HES] CSP(Cross Stage Partial Networks)S

AMESH=H| Fig. 63 22 325 7ML Qlet

1
| 1
I
v — . :
" Input Backbone ] Neck Dense Prediction 1] Sparse Prediction ! !
1
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Fig. 5. Archidecture of YOLOv4. Adopted from Bochkovskiy et al. with permission of Author
[91.
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Dense Block
)
Dense Layer 1 i Dense Layer 2 Dense Layer &
!
Xp ! X, X3 X4
L RS - A"~
7 \ i 7 \ 7 N, ; s H
conv / \ conv / AN conv / ‘._ cony / Sso b e
1 \ ~ ! "
/ concat, | /  concat’, / concat’~, / concat S~ i Transition Layer
’ Y 1y 3 I u ’ ~ i)
’ I ’ 7
’I ! 7 ‘l 'l
I KI 7
Ly . by T TR
copy copy copy copy conv
RO IIIIIIIIIIIIIIIIT e MSTTTTTee E
(@)
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___________________ Partial Dense Block

EDcnsc Layer 1 i Dense Layer 2 Dense Layer k

Fig. 6. The structure of models. (a) DenseNet, (b) Cross stage partial DenseNet (CSPDen—
seNet). Adopted from Wang et al. with permission of Author [10]. CSP, cross stage partial

networks.

DenseNet2 layer’} Zoj3o] wiet EAsk= S48 48 FAl(gradient vanishing)E 3
Ast7] Qo 22t =Hl, DenseNet2] A3}t 3 F FEE = SaE(gradien)= £
AFFE E0l3L, 5= ﬁc}*o”\l?l 7] 913 CSPE ARG ol#iet F-%= DenseNet®] &
A& B3 AR FAHIA R 55 71€7] X (gradient information)7} &
ol A& WA H—v—E]' 1 % SPPNet(Spatial Pyramid Pooling Network)oll HZAz]|o]
neck ¥50 & HZ=Ed| SPPNet2 7€ CNN 1£2E°] fully connected layer®] 17784
ojm|x] A7 YPLoE wrom WHSH= EANES st st 1= 71E
CNNZ 1784 oln|R] 37|12 crop/warp T AR, Z4Z7H] RE oH|XEE conv
layersoll B3tA1Z1 F fully connected layeroll f1Zsk= ¥4]0]ithd, o] SPPNetoll4l= H
Z A o]u|AE conv layeroll S2HA1Z1 F SPPNet2 AA fully connected layerel] 1235}
= WAlo|tH11]. Fig. 701 4€9] <o) Ut it
SPPNet= local spatial binsE pollingdte] spatial FE-ES 3413t} Fig. 83} 0] SPPNet

image H crop / warp |-> conv layers » fc layers » output ‘

image H conv layers —>| spatial pyramid pooling |-> fc layers » output ‘

Fig. 7. The network structure. top) current CDNN, bottom) PPNet. Adopted from He et al.

with permission of Author [11].

https://www.jstna.org | 55



= 30/H X

56 | https://doi.org/10.52912/jsta.1.1.49

fully-connected layers (o, foq)

t

fixed-length representation

[ F [P I — —
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4 16=256-d o 4x256-d 35&{.1

y /

spatial py mmld pooling layer

AR AR A
AR A A A

feature maps of convs
(arbitrary s1ze)

' convolutonal layers

mput image

Fig. 8. The structure of Network Pyramid Pooling. Adopted from He et al. with permission of

Author [11].

2 YOLOV59)lA+= spatial bins& 5 x 5,9 x 9, 13 x 13 Feature Map= ARHE3loH, &
HOo=E 5+9+ 13 =279 2712 11789 134 viEE AH4d5te] Fully Connected Layer?]
YHoE AREF

2.2.3 Neck

Neck backbone®} head#-2-2 o]ojF= HEo|t}, A2 0 2= PANet(Path Aggrega-
tion Network)Z ©]F0JA Qlt}. PANet2 FPN(feature pyramid network)ol|A] EA ==
o], FPN2 SAE R AH4YES 536 Feature Map2 74 & A9 gloloj®H Yz
™, FeatureE &7 ¥ 44| ©AE 213 ecHFig. 9)121.

PANet 222 FPNoj| ZE& Qo] ThE ZHo2A, URtHo 2 AR FEH low-level

Fig. 9. Top—down architecture with skip connection. Adopted from Lin et al. with permission

of Author [13].
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Fig. 10. lllustration of framework. (a) FPN backbone, (b) bottom-up method, (c) adaptive
feature pooling, (d) box branch, (e) fully—connected fusion (Path Aggregation Network for
Instage Segmentation), Adopted from Liu et al. with permission of Author [12]. FPN, feature

pyramid network.

featureds& vHA9F GAZER] Y= UL W(outputZFA| propagate®H) HAZE <l
L A3} &5} ol wWR|sl] Y8l low-level feature
2 =% ZoltkFig. 10).

2.2.4 Head

Head &2 &4 feature maps HIF O & EAE BRI F£2&, Anchor BoxE
Aol A5}, o]& ol-&sto] XEZ2I bounding boxE AJ/JgItt.

Yolov5& S, M, L, X9 4577} ?lon, FxE= % X4 depth_multiple, width_
multiple 2714 ¥4=9] zjo|2 S Sich S7F F 7HA] Wt o 2L X& 24 AXE
g, depth_multiple®] <% BottleneckCSP layer”} © &o| HlEEo] & B2 layerZA]
34011]“4 width_multiple°] S5 29| Ad 7} Bolt}, & AFolA= SHET} X

58 A8olo] Augre B, vmsich

2.3 2% 43

SEAIZ] W8-S A5 Table 4, 52+ ZT}. YOLOvSs, YOLOv5XE backbone© & o}
o] ol AA X E Pkt MXF7]+= 1,024 x 1,024, epoche= 30032 Zd-&
Fsttt. s H7HE Al iou_threshold 0.6, conf_threshold 0.3 71522 precision,

Table 4. YOLOvbs

Testset result

Model Img Conf lou  Precision Recall mAP mAP
_size _thres _thres @5 @.5:.95:10
Org 1,024 0.3 0.6 0.878 0.748 0.767 0.602

Percentileclip_0.5 1,024 0.3 0.6 0.829 0.773 0.774 0.582
Percentileclip_1 1,024 0.3 0.6 0.834 0.766  0.765 0.586
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Table 5. YOLOvbx

Testset result

Model Img Conf lou Precision Recall mAP mAP
_size _thres _thres @5 @5.95:10

Org. 1,024 03 0.6 0.894 0.767 0.783 0.633

Percentileclip_0.5 1,024 0.3 0.6 0.85 0.771  0.774 0.625

Percentileclip_1 1,024 0.3 0.6 0.843 0.782 0.776 0.628

recall, mAPE A6t

37K AT TS AA wEA 7|1E GA percentile clip(0.5%) G4, percentile
clip(1.0%) FAol YOLOvSs? YOLOvSxE A3t Ado|e ©A] A= Fig. 11, 120014
Hojgrot

YOLOvbs
Ground truth

Prediction result

Basic image

crater crater 1.0
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crater crater crawer 0.9
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05 2 .. 2 :
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> - 4
_1.0 ' B o2
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Fig. 11. The results of YOLOvbs.
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Fig. 12. The results of YOLOv5x.
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Class 1 Class 2 Class 3 Class 4

Fig. 13. Gardened the rim of crater. Adopted from Kirchoff et al. with permission of Elsevier

(14].

o 22 FolE e & FASHIR, 2 AFlolE | disiaes §A7F 2 HA] et it

E AoME & EHO tiFE-S XX|ok= 5 - 20 kmE 7H I o]g o] tigl =351t
g oAM= & ¥HEE 9= lunar basin € AJE 5 km v[gte] IFojH: ¥ BExE X}

AlSkal k. & Aol =3et AolE AIF 5-20 kme] 2E-2 A& 5-20 km ©]2|9]
Aol ol thsfiAe "A7E olgfe Ao= Byt 3t of¥l AFoM= 9F = B
F9| 54 Aol tefjAlRt S5 st BIAES 355t SHAINE & o= T
gk Aol 7} £35taL Qlar, ofo] thet Aol e P Eofof T pAo|thFig. 14).

o] A9 XF EHZ /NUet HAS FF FESHA d ShadowCam FAel A-&starxt
3lo|t}. ShadowCam2 A|8-& G =A(Korea Pathfinder Lunar Orbiter, KPLO)Ol A <
J20 NASACA 7 521 29 J713BAGolA &5 BAsH] St HHo= 7dsy
At} ShadowCam2 FT-2 B G2 F4E& secondary scattering® & o|-g-sto] FFT
dAold, o]FA BEH JAL AWFHQ reflectance AT thE A0 Z A THFig. 15).
ShadowCame] &d3t 7|& = tFE G40l &2 A7olA et deid Rds A&
Sto] 2 BAGY FdolA AeolEE AEstarAt Bt E5E= ol AHolE 4
3 gEldS B9l Aleske A 2717 AAY BAVE EEESHAY e E HE olE
Qlsto] 8Qto g wsly] ofle F/dollA AolHE AHsh= shte] WiHol & Zlojt,

FF, o] A= ShdowCame]l oJsl =2 FAoll 285t 11 AHE AAK AL it
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Fig. 14. The various lunar crater types. left) a small crater is in a large carte, middle)

connected rims of two craters, right) double rim [8].
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Fig. 15. Lunar south pole, main target of ShadowCam. Adopted from ShadowCam with per—

mission of ShadowCam [15].

arel =

£ IAs SEATFATNRDY A9 doba AGE $35klSUTH2018M1A3A3A0
2065832).

References

1. Wikipedia, Crater counting (2021) [Internet], viewed 2021 Feb 15, available from:
https://en.wikipedia.org/wiki/Crater_counting

2. Strobel N, Planet surfaces (2019) [Internet], viewed 2021 Feb 15, available from:
http://www.astronomynotes.com/solarsys/sS8b.htm

3. Robbins §J, Hynek BM, A new global database of Mars impact craters =1 km: 1.
database creation, properties, and parameters, J. Geophys. Res. 117, E05004 (2012).
https://doi.org/10.1029/2011JE003966

4. Robbins S, Mars crater catalog vl Robbins (2012) [Internet], viewed 2021 Feb 15,
available from: https://astrogeology.usgs.gov/search/map/Mars/Research/Craters/R
obbinsCraterDatabase_20120821

5. Stepinski TF, Ding W, Vilalta R, Detecting impact craters in planetary images using
machine learning, in Intelligent Data Analysis for Real-Life Applications: Theory and
Practice, eds. Benedito RM, Global IGI (IGI Global, Hershey, PA, 2012).

6. Silburt A, Ali-Dib M, Zhu C, Jackson A, Valencia D, et al., Lunar crater identification
via deep learning, Icarus. 317, 27-38 (2019). https://doi.org/10.1016/j.icarus.2018.

https://www.jstna.org | 61



Helds 0182t & 220/H X

62 | https://doi.org/10.52912/jsta.1.1.49

10

11.

12.

13.

14.

15.

06.022

. Washington University in St. Louis, Lunar Obital Data Explorer (2021) [Internet],

viewed 2021 Feb 15, available from: https://ode.rsl.wustl.edu/moon/

. NASA, Lunar Reconnaissance Orbiter Camera (2021) [Internet], viewed 2021 Feb 15,

available from: http://wms.Iroc.asu.edu/Iroc/view_rdr/SHAPEFILE_LROC_5TO20KM
_CRATERS 90ETO180E

. Bochkovskiy A, Wang CY, Liao HYM, YOLOv4: optimal speed and accuracy of object

detection, in Conference on Computer Vision and Pattern Recognition, online, 23 Apr
2020.

. Wang CY, Liao HYM, Yeh, IH, Wu YH, Chen PY, et al., CSPNET: a new backbone
that can enhance learning capability of CNN, in Conference on Computer Vision
and Pattern Recognition, Long Beach, CA, 15-21 Jun 2019.

He K, Zhang X, Ren S, Sun J, Spatial pyramid pooling in deep convolutional networks
for visual recognition, in Conference on Computer Vision and Pattern Recognition,
Brisbane, Australia, 23 Apr 2015.

Liu S, Qi L, Qin H, Shi J, Jia J, Path aggregation network for instance segmentation,
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Salt Lake City, UT, 18-22 Sep 2018.

Lin TY, Dollar P, Girshick R, He K, Hariharan B, et al., Feature pyramid networks for
object detection, in Conference on Computer Vision and Pattern Recognition,
Honolulu, HI, 21-26 Jul 2017.

Kirchoff MR, Chapman CR, Marchi S, Curtis KM, Enke B, et al., Ages of large lunar
impact craters and implications for bombardment during the Moon's middle age,
Icarus. 225, 325-341 (2013). https://doi.org/10.1016/j.icarus.2013.03.018
ShadowCam, Seeing into the Shadows (2018) [Internet], viewed 2021 Feb 15,
available from: https://www.nasa.gov/feature/moon-s-south-pole-in-nasa-s-landi

ng-sites



J. Space Technol. Appl. 1(1), 49-63 (2021)

Author Information

M &l Xt hseo.space@hancom.com

Asifst STsinie Yo, B
ST BN EHUEARE olF
T AT EelE e, A
Helasjol wleleeR AgeiTele
2 9 294, 3 BN, 9T A4
W B, TS TR Rl o
4 ATt ek

ot

4 S 9Y dykim.space@hancom.com

EARIAH oA mF 7S/ TR JATAIE7]
Mo Heldat mAld e At
BAE 59 AFE ¥ Foll om, B
oF= HFEHIA, "eld, mAledolH.

Mz o2 >

b

A AL

c

i

ool
0

psm.space@hancom.com

QAo A vHZIE YR ASAS7]
oA WAl 2l v 9 EY A
o 978 44 B0l 9ok F TAE %

S5, "eld, YA ZofolH.

o

prime.space@hancom.com

1ol HEEoliol L, FR ol
FHKRAUV) OJAFgolc). Thijop-
L 9F, SFTVG, AT Al

https://www.jstna.org | 63



