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W, (R NRHERR T 6 E R MO 4 1 i AR B Rk, B 5k BARMEH TOLRE
B, HBNFHE AR M 4. G LA 22 ) A E AW R e, 75 R SR8, Toik
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R B Ax, HE KBS H bR SEBR AR ZE R EBOR, 3 BT A WG 2 AT A I AR 2 4t
— M, FECELI SRR S, ST SRIG X 3 A W) H AR AT 40 2K, B AR X Ay e i
HArEaE BAx, H H BN 4 sh 3 EB004 s AE I 2R 8, FERE AT AL.

AR SC [EIAEJE T AR il 2 R P A 48 X 4% R0 A (R IR AR R R AT 025 A
TR R4, SR N X AR R Is SRS, BRI A AR Hh 4k 5 R e
R ZEME R, BL& B I RA N 73 KT, R ICETREE 428, 62 i 4 4F v
NARFAE R 40 18 4 5 AR AL, 875 % 2 08 I Rr AR AE I ek B3 A P B, BT A A
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relupf £ (rectified linear unit function), Bl f(z) = max (0, z). HFZE 2 J5 81 H L2
BRI S804, BIAE JEUARRAE B N AR OREAT ROR A, AE 8D i 1 S35 1A R I LR SRR AE
KIRA —E B PR AR, R RANRAE & 75 A7 A2 T ARRFAE O AERA O B, A SO ek
4k 2 (max-pooling layer).

Input Layer 1D Convolutional Layer Pooling Layer Input Layer Hidden Layer Hidden Layer Oultput Layer
(a) (b)
1 BEMEMZTIEREMNEERR () 1EEHZ. (b)EEEZE

Fig.1 Deep neural network (a) 1D convolutional layer, (b) fully connected layer
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AR, AR RGNS ) G . A&t b, BN s 5 8CE A 7R 5 B
REI, e EBE R A, HAREKR R

li=f(Wili-1 +bi), (2)
o E— R, WONEBUER R, by B m) &, 1)y K e & RFIE
NI R AR, W S Hsoftmax R FTT 52 4y ) @ e, /P
ew1n
3
27]:[:1 ot )
Hp SFK IRsoftmax il 1, x,,, 27~ i 2 AN SRS AR, N H BT AR
T R MR A — AR A5 A R R 2 RO, X T & a2 G A U
(Cross-Entropy )it % s B AL B bR, 1d Mlosscr, B

S(xm) =

C
losscp = — Y _ tm 18[S(2m)] (4)

HhCRENEHL, t = [tr,to, - -+, tc) NP RE R H IR &, B A SIARAE.

ISR P28 W 258 7y 3 T Python i 5 Scikit-learn, TensorFlow. Keras&5 344
ALSEE, HE Ty Wl A = A T B SRS AN S SE ), VR RIS TRIR B 5 BT RIR
o) TH, V29U 2.
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DA M2, e E 2. Efie, A2 H B EA IR, SLhDeAE 2R A
S, HRTEIREAR, AEEE AL, AR AL e b AE oA th 2K B BE
A E A, I35 51 RFE2000 55

3.1 MR

RS Ay 6 BE LAY B A ) = 4343 A1 bR £8 (Bidirectional Reflectance Distribution
Function, BRDF ) F SC#R [10] H ] Cook-Torrance s 8. X TP 5 0 8l s P i
LA™ [ %% 50 oA WU A 67 PR AR AR FEEASE /N, A7 SN 208 1 1y (G S 3, R P i
BRSO AR 2 i R R

(1) BE T 5 HFRTEIRFI &SR A BHOBRDF 240, H #hhidE 75,

(2) B WA AL A 700, MR e e 18 BB A4S BN O LR A i B IR AR AR R e 4
LR

(3)H M 3R THI 43 A T 45 M T, 45 8 BN E5 M T T IR 240, BRDFZHUE 45 € VU
P BE LG 3, PR AR 25 A4 T 23 B T o 7 it B RO &, s R A T
T

(4) B Fh R 25005% AL, FEI & i KA XS FFo6 A2 Hh 2k, I 5 — 16 31000 km
A,

P LS Ee h, 23 (A o KBy A 4K, Z WKL, (sers dors woers mer) N
Cook-Torrancef ! £ E 24, 43 I RN B R A 18 KON REG 18 St I Ze fn
TIRRLE, TR R 2 sor + dor = 1. R RE  RAY 6045 B 1) s s v 2
A, H T AR TR o5 K PH e AR PR A DA D DA D SR 3, AN #1383 0 K iR R
T A< JEATRE, 52 DLEE SS9 5 18 SO (B A AR R SRABE UL R 70 K AR, R THIIR AT ER
SEMBL, T8 AN LLIE U N . Box-wing AR T 2 F8 AR K EUA IE 7 #3741 H A
X R OK B BRI RS ) A2, RSP I B T N DA SO o 2, TR ACARHE LA, 2% 18 2130
oy w A m ORI AT RL, TR A BN Y BABE T S5 8 3=, BRI 18 € Box-wing P2 A%
SRR 7T AR TR 507 78 55 K FH Re bR o, HoAth iR BN R 2R, Bl ik
BRI, FOAR PR R B A DL S, (H AT ReAE — @ AR ERLT FaR B AY.

R1 BMEERNHMABRDFEECERE
Table 1 The BRDF parameter ranges of the defined space debris

Class Shape Surface scr dcr wer mcT

Casel  Cylinder Specular 0.6-0.9 0.1-04 0.5 0.05-0.2
Case2  Cylinder Diffuse  0.1-04 0.6-0.9 0.5 0.3-0.5
Case3 Box-wing Specular 0.6-0.9 0.1-04 0.5 0.05-0.2
Case4 Cube Specular 0.6-0.9 0.1-0.4 0.5 0.05-0.2

P05 B R RT3 e A DAIEFCK SR I L SE RSP (K 12.38 m, E4%: 3.0 m)
SE GBI, R T B SRR TR ) 4 R UE R R e SO B R SR T A TR
WE, Box-wing P EAE B E NI m x 1m x 1m, WARVEF HE M, R N1 m x
4 mIFRNEESE. RN T B 5H LM 72845 g2 m, 3777 B R H Box-wing T2
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AR, REFEBRDF S HUINBE S WARL. i B SN2 I /B 1 20,
FL LXK AR, LR RN IAR /N TR, GBS — O AR U TR A
A, AR AP UL LA _E AR BORG R th e, DR M e rp SR A, el T 1
B 2 AT AT SR BT S, 2 RN RN 2 X B R AR R, D AR 11
FH SRR L, ASCRNG T 2 UG08 S RIEA R RS UE NS %, SRR R R
I TR s BRAE AR R BE AR B A%, 0 a4 26 ARFAERZ AN K.

3.2 AT

SIS 28 A TFIIMMT (Mini-Mega TORTORA ) $ 4 21 bR B, 8 i 45
R0 LIRS AR TE AL 9N B E TE 4 K, BEANEIEAL59° x 11°, F-E HsCMOS
(scientific Complementary Metal-Oxide Semiconductor)fHHLIE A& i, RS 3 ER} 2
H AR A2 KA 15 70 3 23 I 3R SR (=) 23 8] B bR 6 (S B e sk 7 F k.
20194610 7, Hidis i sk 7B 3600122 18] H AR 642 # £6, E E o A R AR FLATIG
[FIETE . BT MM R R R, Widi— A 10 fps, ARBR A 558 % 1056 /0
A, AR B H bn. Gk < BAG R HAPE” Ao R TR B3O BT AR A A Ik S
AT T HIEER 2 LR, Horb KRz A S 4RI, W B 22 () 2
WTR7FE: Atlas (FHM) CZ3 (KAE35). Deltad (F8/R¥547). Falcon9 (JEEE9S ).
H2A (HFRF2AR). 11k _E1H 2% (Inertial Upper Stage, TUS). ##L TEi5#3 K #i (Polar
Satellite Launch Vehicle, PSLV); k2% B & 1% {8 5 258 (Bus Type) 38, WLl B
Z RT3 Globalstar (fRPUHE LEEE), Iridium (%2 FRF). Tiros(—HK LA
FEEFK).

MMMT 5 46 £ 48 3R BN SR B Tk

(1) NMMT 3k~ 28 H Ao 101 B 2508 S A A4S B S0 (LR A B oA MMT [
AT SR AN B AR o R, FORE BRI, —MemT LB, A SCE | 3 1 oA
ST E SR A v E R I S A SR AR EOCR), AR A E 2
EIMEEHE; 15 1E R 486 21000 kP2, (5 FFASEAH AL A XUE;

(2)F| FH Lomb-Scarglei 73 A1 7 V2115 672 Hh £ (14 326 Fi 3, 50 B e AP A i 25 1 9K
B, Bt M & &k e s L. 10 20 ARSFEEROR, FHRkE e A
R AT B 5 (MBS HURE RS, W JE AR R 75 Dl RT K ik, 3 o] A SR &
TR AR I A R

(3)BEA SN BBE R 234 J IS B L CRH i 2, 0F TR 2R 380 7 KT A A 1 0l 38 b 2%
W AT 3 KETAR, a0 AN W50 By e S AT B 0, R T 3 DR i A B
Savitzky-Golay JIEJK & 1-1 R 46 28, FE4dE 21200138 21K AFF A, & DG EEARIEZE )
YMEAERCEEIRIUR %, 18 A By, Bl Eex = mean[std(M,)],b=1,2,--- , B, HHstd K
PR 22 SR AL, mean NRIJE KA, BAT MR, M,RRE0% 1A G REEE.

W BRI, ASCAMMT G e rP 3SR 71123755 Kf A6 AL i 2k, 1920456 1
FOCAE I Ze. AN [F S 37 50008 D678 4 ()RS BE BESRAN[R], 5 an 78 2 AT AR 253 28 1) 7 (K
HrRECR R TR) H, AT DA 6 FE R 22 30 I N I Bds s Tiox) [R]— SR e it — 20

"http://mmt.favor2.info/satellites
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IR, A SCAE 20 8. 11293 50 A T AT KRR SR 28 T2 [ ' FEE SRR 22 3 A
T K AR R 43 A FLIBon Bk, T A PR 5 280 TR 43 A O 78 R4 (Skewness ) B, E A5 FH x 23
A A, A SR IR, WG ST LA ), t1 T K iR Ae i &R A
FEET R, FOGAR i R SR HORS B B AR I TR PR, R ZEIME 43 0.9, 0.27. DLEEATE
253 FE 100 51, AR SCAE FH B EL R 22 /N T-0.39 1) K Hi A4 Hlt 2 AR 22 /) T-0.66 1) L AH
N

-—- xfitting —— xfittingA

Samples

0.4 0.6
Eex/mag Eex/mag

(a) (b)
Bl 2 sERDCARRBUGRZE R x 2040 (a) KFiE. (b)RATE

Fig.2 The x distribution of extracted errors for observed light curves (a) rockets, (b) satellites

®2 STMALRBRENDHUESH

Table 2 The fitting parameters of y distribution of extracted errors for observed
light curves

Parameter Rocket Satellite

x degrees 3.44 2.10

mean 0.19 0.27
30 cut-off 0.39 0.66
20 cut-off 0.30 0.49
lo cut-off 0.22 0.32

4 {FEXLL

AR SCA IR LA 28 W 48 BEAT 22 (8018 SEASTEAR 73 SR 2D SR AL A (1)l 5% AR 28 1Y
YIZREEANMAEE, 07 FEHR NI 2R A IS 1%2: 100 75, BRAR I 2R S A i 4 2 e
Y5y o I A R SR BOREAR, 17 AR AN AR XA 1), 0 SO B0 o SR SRR AR 5
i /b ASCARE Bl <= R Db B, 90 ok JEURE AP % BODN R A 2R RO I R SRR,
(H I i) Kt 2 24 B0 S BEAR BN 7, 50 &7 AR T AR B2 (2) R Hda gk
NHRE A 2% 2 1T, ARAEAH NRFHE, fERFIE SR IME N0, 7 22815 48 Fone-hot 77 2%}
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FEAHRAE G, Fr 25 0] N AL B [ ) B ICER 91, FeRBIN0, LR 9 2% f) i H 20 28 o
BAFREAHFE; (3) e M S48, Bk, SRS, RIEm AR,
BCE AL B RN IERIRECZ G T IR ISR 2%, A SCIEA IR B E N100; (4) R4 Ik
S0 2R BRI ORI HE T 3 B A QIR B A A i 4, S T B RS WA SICRTAUL 5 28R o K A i
WIZRLT AR5 e U B HE TR 3 TT DU BB 32 A RE 77, confusion matrixZ& 5 A%
B RBAE 70 2KBE 775 (5) AT HIA R BEH LR 7 A LR D IR109K, SR 548 1
BRI

4.1 RESHFMR

TEAE NS FVE BEEITAEM M. BE. S8, R NS HR
M. SRR, H 73 24 1r) R R R A4 34 i FH T 1R B Ao 2 X 8% 1 S QA ) B 3 L G ARFAE
FEHL, HE WAL HE S, (5 S0 Bl A A B B 2 B0 4 DR U 48 40 (filter number),
HBAUE T (kernel size)s  Hi N 2 K KAE % (binning) A 5 BV 5 (model depth)%%. S
36 o T 00 Bl R B A AL Bk, A BB KON B RRE . BAE. dropout/Z. AL
B BEERE. 2EEE. softmax/E. VIHSEN: BRUZIT 64 x 3 x 1, KN,
dropout REUCN0.5, WK A2, A EM A TCEEK IR AN500. 100, 18 relulfi
Fofadam b gs, $ BN IR 2 7 238 R R 2L, fEAREE KN A32.

K32 SERmEs R gt B iRm AR S EBUE, PR 7~ R I
S R IMER R, LB R LR REIX —SHIUE T 2 RINGS 45 R bl 5%
R IR IR25% AN TE% A, T Bl R IR 1. 55450 AL BE 2 A L R LR R IR 1.5 A5 4500
PR N HOARAE. XTEESE A B E MRS R w3 (a)FiR, BANERERA 2 /N IE 2,
BE ML 6 4k J5 B A VI 2 VRS E B 28 TRMEL. DBV B (E W s B R - — R HRE I,
73 303X A 908 9 3 6 L (R R AE R A P R R A B R R R T DA O e 4 B R RRAE
() 2 A7 45 A1 B BRI 0, B0 LA a) 8 ARk 2 bRk g LI R ) 2 7 B S = 1
. (EAEREA A S ECA AR RO, ASCIAR T 432 383 28 N0 N8 164 32,
64, 128 15BN SR AR A 2, AT LAR Y, 81128 M 5 S N BS i, H AR IR
AR, 1655 N 45 RBCHE R EAERIK T HRSH, BACREERESEIER N
32864 RUR fe . 5 FE BRI AT 1 R 2%, AL X 4% 8 B RN 52 2% FE T g
BN, B IR B IE A BUE 64,

X RE RN AL ZE RT3 (b)FroR, B K/ e TRHMESR B R, /)~
JOST S S/ INRFAE RRURR {H TG 325 T 12 A R 8 P AR IR R AE, B A2 1 HE & DL S it AL 2
BN, B A5 R /N RSE 2 A% AR AT DU i i i N P KR B R AE, DR R A SR
ATk, AF A 3G I R 28 R BE AT N R SE SR, S B ERE, BRR/NERINE
binning 1€ & AH TR, HGR 50N ERRE A & R M binning, BIK/N A1 x 200, 7
BEIER SIS AR RN N2, 30 By T TIRPREEY g HER R, SRR BRI K
NS, SRS 2R (1) AR LR AR O3 A ik B B

XN JZbinning R 45 R W B3 (o). A1 A BEAE 70 F UL 2 B AR A AR 1)
1L R B YIRS TR), S5 N R 6 i 2 34T R ARE o] DABR (RSN JZ 48 R, R KB
TR, B T AE SRR B A NRFAE. S5 IR T i binning M 1 3 51 A% 7
FIAERR 2, 45 BB RAE &N SHUF R A R I IR K, G H 2 AR 1 o0 A7 A vl B A
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[ — 7Kk, 25 8 B0 I 1R 00 28 T JRE R A2 24 S8 T RE S8 A, i N 00l 248 P8 IR 2 IR i 6
RUVRTE, S 240 52 0 i N BUE AMitbinning, PRI TS AUZ RN ARAL S SRR SR A 2K

93 = - @ @ =

]

©
£

Accuracy/%
Accuracy/%

©  ©
&
o
o

9r ) 92,51

8 16 32 64 128 2 3 5 7 11
Filters Kernel Size

(a) (b)

]
- @ 95.0
95.0 °
o 9.5

Accuracy/%

19 23
Bin Size Model Depth/Layers

(c) (d)
B3 IRESRMENERSHL () IBE AR (D) BRI (o) RFER, (d)BBIRE.

Fig.3 Hyperparameter tuning for Deep Convolutional Network (a) filter number, (b) kernel size, (c) bins,
and (d) model depth.

B S AR T AR R B U gl SR sz, w3 (d) s, WREw AN ERE. 14
dropout/Z AN Z A A BIEIHERZE, W3, 4. SHERZE X T IR A5,
19, 232 MM S50, AL B BHGRENSEAE — 300, MR R ER, HH3A
LRZ R BT EIRAI S, /SRR KBRS % LA . 28 LR S5k
IS8, A SR & Al F DRI B B0 64, B UZ K/ N5 N JZRFHE4E 200,
JEE 15 )2 1 I 2 AR A

4.2 HDREHR

AN TR 285 19 4 2R HE B %R 7] LA confusion matrix B K 7, W E4FT 7R, Hceyls.
cyl.d. bow-w. cube/r HFR NG IS EAE 18 M. Box-wing LR T A, 4
75k B 2 7 AH LA il (1% 3 52 2800 A0 TR 0 DA Al T 28 (R 2R I R HE R SRR
95.5%, BRI BE SR RS B A RN FE T2 100%, RAE P E TR R 576 4 — 2L
{ERE R} S S AR P 1 2 1) W DU G IX 43, 3 58 B o R i A T DAL 5 g ao A i 4 3
TR, BRI BiRA HREGEEHE B Box-wing TR FINLJ7 A BRI B
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T 5 N89% A193%, Herh10% i Box-wing B 4 1% 7» 28 3 77 B, 6% K3 5 Bk
2 NBox-wing P&, J& &4 B A 57 07 B R ST BUK B R Box-wing T2 AR A 24,
SRR 8 B SO R, T B A IR AR A I

100
cyl_s
80
cyldr
% 60 §
Q >
© 1<
- ©
g S
= L a0 <
bow-w [
F 420
cube

Predicted Label

Bl a4 i ESEI AR 50245 R confusion matrix

Fig.4 The confusion matrix for the results of 4 types of debris in simulation experiments

4.3 FIthzk

TEAN S X 2 () it 2 R AR A AR 5 A58 e I R 4 (S B b 2 I R 11— 35
43 IR 1R 43 R A 2, AT DAVTAS A28 B i AR R U, X B )1 S R B A 1 i 2
PR A ST 2R, X ISR e ) 27 ) i 28 SRR 2 SRR B 174k, oI 4 1) 2 o il 2%
W R R Z Ah 8 1 1784k, RIUVBEARY e o e 5408 10 F0000 8 7. AR 4 2% 31 ith 28 iy Yie S
A PSS SRk AR B A BEAG T, 2425 5 iR EACR FE AR (LI, R IR L8 Ty
22 T s AN i PG Rl R Y[ AR R R it I o g N L
R, REARAUR IS, B RLAR SIS, IR AE 2 o) i 2R ) 22 5 e e 1 A R it 41
B PIR VL, G SR A v A R O IR AR ISR B KA B AT I %, T I R 48 i 26 5 5%
TR, KB A, AR S S AN R AR AR 5 2R 2R RSB R PR A
FERR B R, T RS R R I ZREE AR YEANE, ol /2 I R4 Xk DUIR L 2 0 (5 Bk
U IE R R v 2 R AE, XA H B TLAS 2R B R AE JE 8 ML oL R o
Sf o) ik LR SRR, N AR 4 2 R SRR K

P BRI 1) 5 ) i e an S o, SEZRARRINGREE, e AR MIRAR. I Afh 2 i 28
T DAE Y, IR v e 8 b T, R34 1000 5 B 98%, (H Ik AR HEAf 22 L Tk 34
ANB IR, 4 BRTEO5 Y% Ae A, 1X 3 B B ARABE R R 48 M I B v 2 ST BB AR, (HK S A 5
MAREE 7 B RRAE R, BRI J A, V2 AR RE S22, B2k il 2k bt m] LAAS AR [ 4518
UEAh, Hh R A7 AE B 5 1 55 9 th U B B AR T AN BAR SRR AE [X 43 FE AT BB/,
I3 REE R AR OK.
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6 2‘0 4‘0 6‘0 8‘0 1(I)0 6 2‘0 4‘0 éO 8‘0 160_
Training Epoch Training Epoch
(a) (b)
K5 (RS is oI MLk (a) R ZE MR, (b) BURHIZL.

Fig.5 The learning curves of simulation experiments (a) accuracy curves, (b) loss curves

4.4 S5HMHSFZIEEMELE

VRN b, AR SCAS F R A 25 AR 1 AL 88 2% 21 TV 7 R e 2, 6 KOk
4l (K-Nearest Neighbors, KNN). % #f(Decision Tree, DT). > ¥ [ & Hl(Support
Vector Machines, SVM)F1Ff A/l # # (Random Forest, RF). 75 ZiE & 142, X L4
17 A A FIRREVE g N, AR = X SN 1) SR AN AR IR SRR, T
I GAR it 26 R 01 2 [ Ry FEAS TR 75 2225 B AR AR 1P A2 AN 1, AT RE B DL Ip 46
P (1) R AER I X 55648 i 28, AR SRR S s A X 55 71, SR JE 18 mT LAR A 32
%43 7347 (Principal Component Analysis, PCA) 3t — 0 BRARKHELE R ; (2) 250 7
&5 A B b, WIAE AL DA AL S HOR R E 5 F R AR S5 A SUEH
SRR, B WIURRFIE4E SN 20016 648 il 2838 I PC A S AT 12000 £ Bl 4y, Al PARIR
97.64% I IR AR Z A RFAIE .

ASCAE H Scikit-learnf2 7 ALSEHL_FIRALES 52 2 B0 XM Rh EIE OGS BT T
a7 LR AR, 45 Ry KNNRJKAE A5, DTH 3150 W7 o6 £ vgini, SVMHCIE A1, kernel
NAZ A B R L, RF HHestimatorsB i N100. F & XA JG BAE B F Bootstrap /7 v &l
SrNGREANMRE, RS S5 R ILEG, EBL&FRRngir & R E, B L N ibRoR4an
frih, FREZ Rl BT IR KNNSVE R HER 2 AE93% 4, DTRIA9I% A H, /=&
P I T7 9 b B ZE 1. SVMAIRE SR AER FAH 24, 7E94%-95%, Ui IR T A3 2K
I U A ARV E R R IR, IX R SR S T B A RS I R R F A 1 R A
CNN [ AERf 2 5 e, BB 1795%, PRI bt AR SCASE FH R B2 2 ) 48 B9 1) 23 TD e e ) 2 A
JEAR.
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Fig.6 Accuracy comparison of different machine learning algorithms

5 SLMSCIE

5.1 29HI
EH T S AR B s > HAr A AN, AR SRR AR (1) 255 5 el 3, B0 R 2
S K BIARIE A R PR, IS A 5w Bl AL 5 2 B 250056 A0 il 26, FFA8 A 477 315
zmeﬁwz%ami, FIHBootstrap /7 5 I ZR1001%, 70 2K 45 W33, 43 I8 45 Rk &
3B N99.31%, H1E N99.35%, 30 B AR X 1A 5(97.60%, 99.83%). K FifAk (KA Z A
99.24%, WAL T LA R 51299.50%, S5 25 HE3R B EF X A SCHEHUP) Sl A8 fh 28 VR FEE
FRZE P28 AT LA HERfHBIX 2 K ET IR RN 3 L. R B UL A2, BIRSesb i /b &2k
TR S e b, A IR IR RN, 1R 2 2 (I AR S SRR FE AR A Z AR K, B
jz%ﬂaﬁﬁﬂ%"%%,u A RE A BT AN, 52 ] SR S 4 K 2 A0 23 A B BR i), 7E AR ST
W FCE s ) TC vk S5 2 W A, (R R X e 3 s 3k — 20 X 0 i R AR IR 2 R R

. R, A SO T SISO AT B 10 )L TR TR, S T
(50 T £2) U

3 NEHARDESUNEIE S KERE

Table 3 The accuracy of binary classification for satellites and rockets

Statistical Results
mean 99.31%
median 99.35%

3o interval (97.60%, 99.83%)
accuracy for rocket 99.24%
accuracy for satellite 99.50%

5.2 BIS4oREII
RN i 28 250 L3R4, o T AR 0y, SR ST IR P A AR X 445 1 3k FH B
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MLARAR %, HLELR AN R AL E s 45 5 A 500 ME AR, SR 5 20 Sk K B fAofn TR A
HEAT 329286, KRR CZ3. Atlas. H2AMIFalcon9 i) B H4#H 12 500%%, 435 BE ML ik
P E R IFEAS; DeltadBid 73525, 10 H Bt « & )7 J7 i, XTAH ith 26 I A 33 4E R0,
Pt 22 090,58 58 1) sy BT e 75 BT R20.5NAHAL, AR BRI RE AR, {8115 S 30X 2500 1)
BR; X TIUSHIPSLY, BT 24k Sk /b, ik 77 v 58 n) 1 7= A R AR T 4R 1 24 48,
ANRLEAE oy e Tl DR K F AR B S R ) SR B e, A 8 T Atlas. CZ3. Deltad,
Falcon9#1H2A 525.

T4 EMATHEHES

Table 4 The population distribution for extracted observed light curves
Rocket Atlas CZ3 Deltad Falcon9 H2A IUS PSLV

Count 2700 6189 352 626 1115 103 152

Satellite  Globalstar Iridium  Tiros
Count 18275 300 629

KRR AL, 4K 2 0 i 26 58>k H 37WiGlobalstar T2, EATTERAL T e IRAS, F
WML B —H 2 A%, Tiros VB0 EH T RFIM A, A RFI R AT B %
S, HRCYKEE ) Iridium R 51 TR BT A i 2 202 R A 3005%, [RREAE A < i 0y ik
T RFEA. BT ENG 50K 8 h A FEGlobalstar,  TirosflIridium 32%.

YIRS RTIR A $23:2 EL BRI 43, 4 I Bootstrap /74 5 2 SEH 1007, 5 T HE T
RIGETE, BT KR I > U RAESS% /2 A1, 30 B A5 FE X 1] N (82.60%, 88.73%),
B T LR 2R a5 R, Ja 3 UHER R AE93% /i Aq, 30 B A5 X 7] 24 (88.98%, 96.20%).
IrRERAT G T, KA B T IR R 22 2R BI AR, DA ith 23d H N XU 4544, 7ETF
A B ARXSRUN, PR 4y S BEROK T Sk 328 PR TSN EIX I &, JeAsih 2k
WG, ATLARAETE 2 IRHER T4 25,

®5 BRASHELWAERR

Table 5 The classification accuracy of space debris types

Rocket Satellite
mean 85.32% 93.18%
median 85.18% 93.33%

30 interval  (82.60%, 88.73%)  (88.98%, 96.20%)

732845 R iconfusion matrixW EI7HT 7R, KETAHER T Atlas, AR AR & T
80%, H H i =i ) & Deltad FTH2A, B SEE F SR AT AE 7€ AR AL T J AL, 12 H
T — BB A0 TR ER T Aid A 2R, AT S A B R 2 1R AR i 4 R SR H B 2R
fiE, AR T 2, [FRFE TP 2 [RIANEARAL, 35 7 IREEZE; Deltad FTH2A
AH LR R 2 FIE BN 7%, RTAHE T e, M E RS FEMERE S A4 —A
CZ3FFalcon9, ‘EAIH LG MK EMAILIR, HilH RImARa HE.

P EFG KA REW, P S K 2 Tiros, H K Z&Iridium, 2 S K2
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Fig.7 The confusion matrix for the classification results of space debris types/bus-types (a) 5 types of
rockets, (b) 3 bus-types of satellites.

6 RESRE

ARSCERE T FE T 678 i 28 1 2 [ R FE AR TR 43 K50, R P 0% B o 28 D) 28 o 1
FEARTER UL St — B RS 7 & o AT 15 ARSI 7.

PRI W E 78 SR, 8= . Box-wing T2 MISL 7 AR, IR
JE 25 AR 285 73 S HE 2R N 95.5%, o v i 18 S B R0 B I S [ A 1) 11 %6 BH B 1 T Box-
wing L EMAL B, W TKIEAR SCREmI AL BE AL AR AR B 5 5095 78 4 S
Oy R R, S5 R BRI T B AN S AUR B, BEHLARAR, SRR LS
Wz, FESEP SIS, MMMTH S E 2B T Atlas. CZ3. Deltad. Falcon9. H2A%E
K ik FGlobalstar. Iridium. Tiros 3Fp L& 8648 #h 28, 7 K Fi4F1 T 225 2K 1)
A I R FE 2 BN 4% FlBootstrap 77 14 £ 21 1 43 28 HE 1 R 30 B 15 X 18] 4(97.60%,
99.83%). BLAb, A SCAE I BEHL AR AR S VE AT T RE R B S BT G 4 2, kT AR R
S EHEH R 30 B AF X 8] N (82.60%, 88.73%), HHH2ARIDeltad ik .5 11 il 4%
R Z MR1T%, Falcon9FNCZ3 1) AH H. 157 1R 5 HE 26 2 R 15%, 2% B B AT 2 18] 350 47 72 48
e AR L. 3R T T & B4 KR Ze30 B 15 X 18] 24 (88.98%, 96.20%), 45 H B~
Globalstar FlIridium f [X 51 58 B &, 1 Tiros[F] 5 #2143 FEME R K.

AR FSEIRA R E T 4380 B, BT ALARER T R AN s SR S 50, 2B b s [l e
A RhRE S H 5K 24, 17 B S2I6 5 PR S0 5 WL, T B AR A, 45 iz TS IR A
THER AR TS 1. BRI R A A RSB R e, B T TR AN BME B 5 3k A3 40,
e DL T B 2R e F R e ik e 5, TR e DAAE B LB 45 ASC R — 2B iR e A
f5 B HIFR S, I BE LSO F 1R 10 26 ) 8, 30 BE 4 Hh B KV el R B AT AR 43
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The Basic Shape Classification of Space Debris with
Light Curves

LU Yao!??  ZHAO Chang-yin'?
(1 Purple Mountain Observatory, Chinese Academy of Sciences, Nanjing 210023)
(2 Key Laboratory for Space Object and Debris Observation, Chinese Academy of Sciences,
Nanjing 210023)
(8 University of Chinese Academy of Sciences, Beijing 100049)

AsstracTt We study the machine learning method for classifying the basic shape of
space debris in both simulated and observed data experiments, where light curves are
used as the input features. In the dataset for training and testing, simulated light curves
are derived from four types of debris within different shapes and materials. Observed
light curves are extracted from Mini-Mega TORTORA (MMT) database which is a
publicly accessible source of space object photometric records. The experiments employ
the deep convolutional neural network, make comparisons with other machine learning
algorithms, and the results show CNN (Convolutional Neural Network) is better. In
simulational experiments, both types of cylinder can be distinguished perfectly, and
two other types of satellite have around 90% probability to be classified. Rockets and
disabled satellites can achieve 99% success rate in binary classification, but in further
sub-classes classifications, the rate becomes relatively lower.

Key words space debris, methods: data analysis, methods: observational, methods:
statistical, techniques: photometric
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