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A TRERIPRELRTFE R, BlEmEOA

EEIEIN . J S Y KR I 2 A A 58 [ Y ok
BRI (Mars Global Surveyor) 5 #HiE Y
KRR HE  (Mars Pathfinder) 5 fi#e . KRB
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(Phoenix) # fi#% . 2 WIZEHIE 4 MRO (Mars
Reconnaissance Orbiter) . 4f#7 5 (Curiosity) ‘K A&
PR ok B RACME A& 4 (Mars Atmospheric
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(Isola%s, 2017; Zhu%:, 2017).



368 National Remote Sensing Bulletin i & 54k 2021, 25(1)

32 AEFEBERRNESEXARHE

HERF MG 0 B AR5 5 I3 I B Mo
SRR SR, MIIE M SR HC SR ] .
TP U FIHIE 232 347 A T4

(1) WM R, H R H Bk ER R
LAY PRI M SRR AE , B, AT, W
Wi S e . R TIA R 5 EARTF
B BRI, X o b A R T B A A R i
BEEAT B . Bl R T BRI R 5
WY BRI, 2 7 18 AR Ry R R 0 2852 15 80
I AT B, W0 Losiak 5% (2009) #)
FHBNIE 2552 A5 8 i Du kAT B AL, 72 4 m e
A A T BT A LA SRR S 8680 AN E v
BAFEEAMF B YU A

AR SCK H FAE ST A SRS R T E A
PR, —ZENRE TR SRR A s, RIAR
I 5 15 BT A BRI (M50 25 Hegb A3 il ), o5 —2k
JIETF MR T, AR R AT IR E
205 vk o FETE SRR B BUAY 7 vk S T L
R DEM A5 E, — A H Canny H.F, &ER
A 8 S8 A2 295 VLG Ak 38 5 AU G () sl T8 T i )
BN Li 5% (2011) A E—% CCD AR L5
B, BT X 5 R S R Canny 55 KOP
A AL B gy vk BT AT iR B 5 Saraiva 4§
(2006) $2H TSI A R BN Z5 e ik,
NGHKM, FAVCES, TR 3B B Chen
45 (2018b) I FH DEM i 47 HuIE 43 B -4 LU
B2F Ok d b B TR Bk A
(2014) ¥ CCD 5214 F DEM B4 3547 Fil 4 40 38 %6f
G DT AR IG X FARAE (2018) I —
5 DEM B, 43 M/ N o DU R ) A5 R R RRAE
N HRMA R, IR R AR A TR BT AR

FLF AL 2 Sk i A R E T A g LS
WU F2 B 53 0 FA AL 58 07 i R B 2 > i o Al
FRAE G ML 2 >0 J5 vk %o i o BU kA3 20 2SR 0 (4 T
7 BB AdaBoost, ZHFMEAML, JURMEE, W
AEIRSF (2014) #F5T T 2T AdaBoost Al SVM (14
R S 7 S T [ Ol = s T L S| K 1)
(2013) & B PR B HEAT T 48 o LU % . Wang
A Wu (2019) #H T—Fh 525 F1 DEM i 3
SRR YU T, RER R L AL
S5, FEVIZG BORH DEM {5 B A shigm il

FEAS, FH A Bk K R B i 06 2 BH T LA &5 e
G S TR . Ak, FIRIRE %)
o) 2 1) 48 o BT ARSI D R B T SR GebL R s S
DAL H R AL, WL T A R
U IR 0 09 W 4, CraterIDNet (Wang 45,
2018) , CraterNet (Glaude, 2017) % . Chen %%
(2018b) K fi 7 HL R AT 55 AR H An kAT 55,
8 Bh IR 2 2 M5 BT T — AW B B iy i i 47
KRS, Silburt % (2019) WJEGIE T 1 45 AL ph
2545 A DEM £l R 38 o BT i ml A7

KT A RS HEIEE , Kinser % (2013)
FIIH LRO 5245 8548 6 H BRE 18 P53 0 K F 5 km 9
BN TS B R, IRl s T
BT A B ke iR B g S, REd T
ODARRR, HEKRAN, WL, NEE, &
FEREFEE . FW%E (2014) R #—5
CCD 8B . IR — 5 B0 & B T4 E S5 2 5
B, 454 RE GBS L R iR A i BE
AR x4 A g ST AT AR e, U T
106030 M1 i b1 . Kriiger % (2018) X4 H H#
KF 3 km 19 5505 A fif i o5 BT kA7 U0 A g 2
IEXT IR T S FRIE R 1710 5% o Robbins 5%
(2019) FETHUE B AR MHIEAS B 4 H EHE N
P T T 200 T A AR KT 1—2 km (U BT,
FEUIE B 32 £l 4 12 0T Oy Ji o BT A DG ATE 5 i 4k 1 S
WHE

(2) MmN, HRMEHEWE FEA
B RS LIRS M R A TR S B R
A EE N TR (Strom, 1964) . IT4FE%K
1 o HER A SR AR B AR, A 1 AR )
PRAL TR S A

T A SR IE AN E 22, 6 H 8RR+
Mg, RErara i TR 2 E 2 i A TAE
v R 3 52 8, B0 Yue % (2015) LL LROC
WACHAGZ G, WITEESFRE (B AR SE)
RN T HOW IS5 s, IR I 325
Yao fll Chen (2018) 7ESELENE 35U 5 /3 PR 5
% FHOIRS) T B XA Li%E (2018a)
£ LRO WAC 5218 Famadt A TR 51 0 7y =000 H
VR T8 VA [X 38 4

H RGN B S B A WA — 2 it
R, FEMAIE MR, HAMGER . BA¥



REEILE 4. 7RG R BRI 5 70 ik g 369

R N AR . ZERE S (2014) KA
U H RN AR AE AR AE LR, I —Fh 3k T e
iR A R 1 bR R AR 2R 0% B0k N & H Bk,
XFER MR 1 HEAT R, B2 AR (2018)
F A 2 PEAL 5 70 AR L R ER M, i LA X 5k
e BE, R DEM #7335 B2 FLiE AT 2007 24 g
W LA T SR 3, R R R s AT R
X e B H A R FREERE, Micheal % (2014) F)
FHABDIAR B LA SO 2454 A sh#E U 19 A &
WA T B 36 1 th 10 7 v5 AP (4R S 5 o Peng
5 (2019) XF M EE AR B AT A AL X BRI TS, O
AT AEA T L, 3T DEM G X A & k47
PLHL, Tamililakkiya%F (2011) DM FH 06 R 7N 78
3 LA K —AB AR 7 2RI H 2 i 28 MEARAIE

(3) HIB425. H ERHLIE M3 1) 0 2 ] AR
ARG . YR TR A 22 LA 24y
S A S R E A AT H AU O
PR A 5 R AL SR SE ) 7k (Tanaka F1
Survey, 1994; Wilhelms, 1990). T H BRHbJE
SR H B AT — DEM i . CCD 1%
BAE sl #4564 DEM B4 5 CCD 214, e85 . B
FEAF T A AR, JF R R AL G R AL 35k
Kmeans 2 | 437K 438556 )5 k35454325 WA
YA (2011) LUK ik — 5 18 BREAR L I Y
500 m 43 HEHE DEM W&, IR SRR, B, &'
REE . AR A D7 AT A B, R SR
SRIEXT H S E AT A sh iR, 45505 95 [ b
Jo VR Je S ) b T P A A ) — Bt . R
% (2015) [RIBE DL & — 5 3K 15 19 4 H DEM %4l
S Bl LR, R R A R AR TR X T VR
i B S PR AT R IT O, 43 0 R 2 R AE 1] A
DL 25 575 A0 R U A S 30 1 A i b 1 [ 3l
P, XiedF (2015) FIH DEM 3 i JRdixd b
fE B VAT TR TAE. Jiang %5 (2015) DAf 4% —
5 CCDAG W EE , R A e R 209 7 vk U0 H
WS, BRI (2017) 7E Jiang 75 V5 RO BLAE
RSP RS, RS B DL BN bE R X
ANEENE, FIFH K—means J5 3 %F HO10 N7 7 (SI)
X 38 (4 H i e R AT TR, S AR — b g
4 CCD AR L) K DEM 04 1 2h 25 73 B s U5 %
SR _EAT T HRRAE IS AT AR G R T, LA
ITY (SD . HOL0 Ff&iE (Crisium) X 38CH SL55 X

B, S TR EGIR (Li%E, 2016). Chang
M Li (2016) T DEM {5 8 CCD #1458,
FH A3 7KW 431 () F7 3 %8 ST Crisium X819 J ¥ 5
I IE BEAT TR0 . Chen %5 (2016) W RELT
a3 e il N (P | AN = By A = R =R
W% . Cheng 5§ (2010) A 4% R A 1 5 & Hh k47 43
J5, ek A BRIAAL L A MR R AE 5325 R shadow,
Crater, Crater (no shadow), flatZE42&, FHEE
BEE T ER AT & T A ARG KRS,
FE BT 2 R A5 0 H BRECAR AT T 250 50IE

33 REZGBMRNESEXARIRE

KR AR B AR U 5 43 2840 B b T b
SRR JE PR, A S . KU . K b
S A S R ECS U, DL O 4 2 LA
JrE AT

(1) s o K LR T 14 15 b Y b 3 32
ALY, S, R EERT Tk
R B (X FE O, 2012), 0 Barlow %
(1988) M 20t 2l 80 47 AL F HH Viking &2 & A T
FIRGETT T ok R KA YU EE S 2R kR 4
BRI R 2 69 MOC  (Mar Orbital Camera) . MOLA
(Mars Orbiter Laser Altimeter) A1 TES (Thermal
Emission Spectrometer) 4% X 4 o YT 8cds 17 1T
BB X KF 1 km A4 5T, Robbins A1 Hynek
(2012a, 2012b) Exd A T =0y 78R E. 3
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Table 1 A list of references that utilize machine learning methods to detect and identify craters on Mars

SCHR TR T TR G
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Kim %2005 ROLHFHHRHA 25 B4R, BEBPC Hhsia e v
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Bandeira %5 ,2012
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B Ol BRI PR A7 60 2 1 1 X S

Cohen #1 Ding, 2014 ) ,
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Di%,2014 P 2 KEE Haar—like F1 LBP 454

Jin F1 Zhang, 2014 Haar-like 454iF

Wang 45,2015
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N ity 80 it () A Tl 2 1 2%
Wang 55,2018 .
HEGME anchor FHEIZ RS 14 T

DeLatte %% ,2019a U—-Net B FH M 2%
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TR R 17 2k X 35 2B Haar—like $51F
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2017; Scheidt %, 2015),

KTV 0y A sh 3 ARG 7%, Carrera 55
(Carrera %5, 2019) BRI IATHL LG THRHE
i8I i R—vines 7% 2] 5, X%f MOC-NA #21% -
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b (Vaz &%, 2015).

Al A XU b 50 3 T s 3 JXUIRE 35 A D 2 B 4
BURR B A GE 30, R BA R T IR S0 kit
MOC-NA Fl HiRISE 514 192846 KUR I #E17 A 20
PEHL (Statella %5, 2012),  LAKOFIFH 2 IR EEFRAE
FEEUCR SVM 4325 88 % KR VDR B IEATHEI (Maeda
4, 2015),

(3) JKEGHLS . KR b 7k Rl i 5 3 A ]
BRI s, BTGB EE 42, A SR
BT RE R . L% (2015) SRR BCATE
A 2F 7 0 HiRISE S24% A wh B i A7 7 $ . o]
A LN 3 R A DEM S8, ARSE K 37 7 vk
s HEK Jr#: (drainage algorithm) FEER 25 /11 4%
2% (Molloy Fl Stepinski, 2007; Stepinski F1 Collier,
2004) .

(4) oAt SR o Al b 55 AR AE 9 R0
BALFE A PR R, 2R TR E 1 AR R IR
Bods, DAL g8 R A B R R R el E
Thompson Fll Castano 55 (2007) X Hb 7 Ff $2 B A B
(e, EEA ST IRERM . B AIKER
B OWCHIJUAE B . T8 1Y Adaboost DL J &
FARR MW SVM %077k . R AR E 7 ik ilb 47 4 Hed
PR B R A . 455 18 Mean—shift 705 5 =
AERAE R BI r (Di%E, 2013), LT X
JERKEAE T (Yang Ml Kang, 2019), JETHIE
2 EIE 45 A XU e 3 (Dunlop 45,
2007; Li%%, 2018b; Xiao %, 2017), ¥ 5 HR1E
i R F B A 2 s (Xiao 5, 2018),

(5) HIB /2, M4y 28 R E 2l R
FUEGHLAS 22 > 1L (Gao 55, 2014) . Bue
1 Stepinski (2006) & F DTM %4 4R 41 9E W &
FOrik, BRRAE ] AL = AR R R AR B 4y
HK2ER . Stepinski fll Bagaria (2009) F|H DEM )
FRAEJE M, R JC Wi B 3R 28 0 6 K AL 1Y Tharsis
X347 T HIE /328 . Shang 1 Barnes (2013) %
FH IS S ASRAEURS S E e 9%, A SVM - [ s X
EE T RFAE B R 2 A HIL AR 2% ) 7 T A I 4
Ono %% (2015, 2016) EFHREUEMGIKEEE . B
JERIEE B SR REAE R BE AL AR AR R AT Y11 25 0 b T

G UREE2E ) 5 A WAE S AR I iR i ok H
I Rothrock 55 (2016) F FH A5 M 48 53 il % L 1E
AR IR R T M 61T 40 2, AR
I FH T 45 Bt DX 40 A7 A 0 AR R (Omo 45
2018),

34 HMITERGBRRMNESEARER

HoAlAT B 028 B AR 5 73 2801 58 2 K
ABH & HABAT B AN B PS5 T8 530 S T

KA Z 0 HA S Hb AT B =B oK B4 AL Y
PRI, 7K B H A 00 F 2 &b,
Barnouin %5 (2012) FIFH{F -5 MK B EOGE T
MLA (Mercury Laser Altimeter) Fl7K 2 X% R 50
MDIS (Mercury Dual Imaging System) Jir Jlll 75 ) 3t
TEEAE , XHE G DU T I b T IR A E AR
Z BB K FR . 4R R HAR R TS,
B 7 B G . Schaber 45 (1992) Fl FHE ¥ 16
SRR B g T 4 B SR T 842 A b Ak e
J& . Kreslavsky Fll Basilevsky (1998) 7E4: & V)i I
B BL A% Y 30 b A 5 T 4 B B IO Y
It 5 HABE AT RIS, RIE R ERSOE —iK
FCHAAT R %5, Barata 5§ (2015) W4 T —Fh
MEFTHE S G AR T B B b A S DA TR
FRUBE S I % o

ANT B ENAE 55 i g B AR = B XN T
BN Z4EAR W BRR I LA R b I b 35
0N . R SR JLAS B Be /N T B R DIAT: 55
rhfeft B G AR AT H AR TR B B 5 B R AT
ik .

(1) SR FE 2 B 7y =0 36 (= fhn A mg
SR AERITEA R iR T 1991-10 Kl 1 /M T
B Gaspra, F5¢ A G0 i 43 07 #8157 5K 52 4R
(R PRk s 54 m) LRy EoUReE, A
AR A FH R R AR 28 3 ) e 42/ 7 2 1) o — 3
B RAK (Huang %5, 2013; VeverkaZ%, 1994),
UEAR, AN g5 BRI 458 6 T /N T A Ida, fE B
THIMARIR G (PR R 31—38 m), #FFEA
AT Ida/MTEIER . ERS —S 5
#r T 1999-07 K 1 AT /N T A2 Braille, IR
s R AL IS LR G A B A X /M T B Braille
AIEAR . RN o RIETRFESESEAT 7RI (Rayman
GF, 20005 ZEFHEK S, 2019) . BRIHLK R i 2 2
PSR #8435 T 2008-09 F12010-07 Kl T /M7
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A Steins fl Lutetia, A1 (5 HERA 3]
60 m) f#EFEF AT T X AN T 2 AR A% 1f
FRAE ( Barucei %%, 2015; EA% 55, 2015b), HH
B T ke 5 RN 2% AE 8 L BRI DIMAE 55 R, F
2012-12-13 K/ N7 A Toutatis, BFFE A G F FH W
MABHLIRE 22518 (B RT3 m) Xf
Fe T o M MR A BT, 4 A T AR 0 BT A DR
P35 35 07 ml R P R A 0057 18 /N R AR 28 18 5 30T TP 1
1y B A HE S5 R % R BN T B (Zou A
2014),

(2) RGN I, L E e /K-FF M ri R
MI#§F 2000-02 X 3T /M T A Eros (EHAL) #E4T
T—FZms CIRIN, IR AREEE SR
2 1.6 kAR (e s PRIk 8 LK) FE
Tl fr PR Sl , KR T et R e, R
HEFRUSHZEWNRARNSINE, HFERmEA
U BICIR FE 25 R B A 30 (Zuber 45, 2000) . 38 [ 22
BS54 5 43 91 T 2011-07 #12015-03 F)3k/NMT A2
Vesta (JEFE) FlCeres (MR ). 1 L4E N 25
7E & M E B iE HAMO  (High Altitude Mapping
Orbit ) BRI 43 HER K 65 m kLt 2 22 1w PR 5K
I, MR ARZH T HMEAR DTM (Preusker 2,
2014) . HE (2016) MR AGH E# —= 4
FEHEE R T — b L T A5 4 40 B 9 F o B AR AR TR 1
Jiko Liu%E (2018) Ml Gouds (2018) 4352k H
AT BT, T Vesta Bl BA KT 0.7 km 18
o WU R 52 RN Ceres R TH ELAZ KT 1 km $8 5 BT 4L
L

(3) SR BRS040 FR300 R 2 T RA 3R 1] =X
H A8 52 55 PR 45 76 2 Bl i A 48 8002 S0
AL (370 5.83°%5.69°, J3#HEE N 1024x1000 1%
). WGBSR A E 20 km F17 km (9 55 B 3R
A B B /AT B Trokawa SR RIS . {5 B) T
RIS, 5T 51 K R Ttokawa Y 3R TE
WL T — HIEH (Fujiwara %8, 2006), H
M T R T — e B A e, RETE A
I A A R, XU R s O R A —
H A kR, iR R0 Rk, EESS
W25, B 5% /M7 A2 Ryugn (BE) I
B K FA LY A BEAT IR AR 5 S R
£ 2018-06 JiE 5 Ryugu 2845, FH-7E4 20 km [ i 25
Qb 5 bl AT, A AR AL ARl 2 2 ey 1 AT 18 SR R
I (Castelvecchi, 2018), fEMTHE -5 1Y

N2 S AL ONC-T (2 kmx2 km FURLIZ A K2 2 m
(R 23 18] 20 B IRBUR S 15503, BP9 141 BA 52 B
TOREREERNE, a7 e m A R T
B 3 . R AIME  (Watanabe %5, 2017), I
BRI T AR (Nogrady, 2018). 32[E K
P L -REx AT 45 W4 B A5 /M7 2 Bennu (11
%), ZORAER BIERMATE S T 2016-09 & 5F, Hit
RAE 2 Bl R FESE UG T 2023-09 3% M3k . 58T
BTG L -REx I A8 $5 2 AMHALE MR, AT DI/
17 B VB FURAE DCHEATHA I, DA 2 ) D1 %5 1) 4
BREAR, BRULZ AN, 8 T B BRI BOG &
BEHAERb e, LR 8 O AR S5 M 2 A RE H
#r (Gal-Edd #1 Cheuvront, 2015; Z= % 3k %,
2019) o X EERRFEE ATV R RRAE R 5 4 2K
SEmbEcE . HAn o ik A S AT B AN T R R
AT U A 4028 T AR £ B N T H AL e A
PriE, A SRR AR K & 2 ] .
4 Rk KT MARVT

(1) ZWHHIELE S0 BRI A3, Bl
AT B H AR TR IR 43 28 2 R B — B iR R, slip
— LA (A (SR FH I 28 85000 SR TR 28/
Bl g B ) o RRR ] 22 IR E i 45 A i BRI RN
SR FEBAE LT IR RIZ

1) B 22 U5 K5 B v R85O fl A B A A AS T
K, KRRHZERZGE . b gSmk
A . LAKR 20 A0 A0 TS R 4 E AR U A
ST A

2) B AL/ B2 B A, DA &
B & PE 2 A o BRI — R T, RORES A
RS B2 AR 2% 21 6 2180 H AR RO
O3 K SEBE BRI PRHE A

3) AEAESR AN AR £ R WA BT AT R
155, 454 D7 S 88 FUB B ml A 09 B AR
OYZETTHE N SR ) 5 A S TR B [ 8 R
FAEAR AN P EBHL AT IT

(2) dedEm Bis Ashi 542, BarE
TEAILES 2% S FITR B2 2 ik, I T RIER
K BE, B 0 5G4 RE R B AR AT AT
PRic. B VREE S BRI R &, A kA nl ek
B A N T AR T 84 [ shinic, SLBfT 2
AR T WE A sl B a2, IRk — R H
BRI R 73 2K B
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(3) ZAE5 WG REN T . H AT H AR IR
AN 3 JAT 55 P — SRR HEAT H AR U
FOAR2IE, T 45 S S 43 0 JFG b g JH U 35 2 43 A F
& BEE RIE 7 s E T AW R g, Rk
A7 BB (9 F AR RN 73 I8 1] BE KR 24T 55
PR AR B S, A B e s B AR IR A 28 E
B A sh L AT B ARHA T BN T AN GE Tt b o i
S ARACE T, R Bl o8 AT BRERIIAT 55
OPNARER IR DRSS I N a2V I - DA i
Br BRI, 2 HbREsAe A BN SERF B
SR E= T

5 45 &

B LIS A TR Bl AT R A
B, R AT LR R OB AT 2 46 T M T 4
SR KRB858 T R R, M TR
DT R B AAR Y . BT TR0 K [ B R B B4R
W, TR R BTE R B ISR 4%,
SR, 3257 22100 0 2 2 3R R0 S0 LM
ST B AT B 2 T TV M S5 10 6 K6 A SR 5 4 2K
A AEAR 22 B IR o A% SR e 00 5% kD 4 AR Ak
R T, AT 52 T A M 1 B
Sy AR PR BB K R, AT R P
T AT 55 AT 2 R 2% R 5T 41 43t 35 B0 800 5 1
52
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Advances in planetary target detection and classification using remote
sensing data

DI Kaichang,YE Lejia, WANG Runzhi, WANG Yexin

State Key Laboratory of Remote Sensing Science, Aerospace Information Research Institute, Chinese Academy of Sciences,
Beijing 100101, China

Abstract: Planetary remote sensing images are an important data source for planetary observations and are the basis for qualitative and
quantitative analysis of the planet’s surface. Analyzing the features of the planet’s surface based on remote sensing images and recognizing
and classifying topographic features from massive planetary remote sensing data are significant fundamental tasks in planetary science
research. In this new era for deep space exploration and development, multiple missions from different countries and agencies are being
implemented. Accordingly, enormous amount of data will be obtained, and this situation requires using automatic target recognition and
terrain classification technologies. This study systematically reviews and summarizes the research progress and advances of topography and
landform recognition and classification technologies using planetary image data since the start of lunar and deep space exploration missions.
First, the moon, Mars, and other planetary exploration missions and the acquired image data are briefly described. After a short introduction
to the research progress of general target recognition and classification techniques, the applications of these techniques using the image data
of the moon, Mars, and other planets are then elaborated as follows. (1) For lunar images, review of target recognition and classification
progress is detailed in three aspects: recognition of the circular structure (i. e., crater), recognition of linear structure (e.g., wrinkle ridge),
and terrain classification of the lunar surface. (2) For Mars images, the detailed advances including recognition of tectonic (e. g., crater and
volcano), aeolian (e.g., slope streak, sand dune, and dust devil track), fluvial landforms (e.g., channel and gully), and other features (e.g.,
rock), as well as terrain classification of the Martian surface, are elaborated. (3) For target recognition and classification from other planetary
images, the study introduces the research advances on other terrestrial planets (e.g., Mercury and Venus) in the solar system and asteroids
that have been explored. Specifically, the asteroid parts are elaborated according to different exploration approaches: close flyby, orbiting,
anchoring, and sample acquisition. Finally, future research directions of target recognition and classification using planetary image data are
discussed. The future research directions include (1) target recognition and classification using multi-source data: data from different types
of sensors, data of different resolutions, and data from different platforms and time; (2) automatic recognition and classification using
unsupervised approach; and (3) multi-task image intelligence applications. Achieving high-precision automatic recognition and classification
of the planetary surface is still challenging because of the complex environment and featureless texture of the planetary surface. In the
future, automatic recognition and classification will surely play increasingly important roles in supporting planetary exploration engineering
missions and scientific research through the continuous improvement in data quality and development of related field technologies.
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