oM 5 ok K

Control and  Decision

BT AR IR0 S S TR E A I At
ik
F‘Ff{”” ERAM, B, R

(L RAEKZ WEARE S TARASABE, P 1108195 2. WL FHEE T RAA FHah b5 AT AR B, TP 110159)

1 Fe ok ) M BRI R Tl ) R B RS TN T RS BEANE TR T LA T BRI AR
AT FEPEA A U, DAKZ SSA R HR O A B R M AR 5 5K, RE PR ZS T 1 22 il v i s ek ik R A 5
TR RS, $ 0T — Rl Py BASZ ) BB RS BN R 22 A T 7 ¥, 2T R R LR S B R E R 11 2
WA AR ST RIE 2> FUAR, ARG RS SR P AR V. 28000 W AR R A1 ek BT
BRG], M AT Fisher 5 B B 2000 BEACR PR MERRFZ, HES T A A BERI T A5, 45t T RS T i
ZE) ZAPHRAR A SR SRR, 5 DUR A BESN J2A J RWPRAS TNAR L, SR AR SCUTIAR B AL 27 > 122l
THIEJG, PUERESA I B3 7 RIR2E 2D RAR T 29 60%, [AlInf, 5 H A A6 E HEAG T L, A3k
TMT%?'JE%E’JJ\XT@M@‘{E PRI, 2R SOO7 YR BES A A RS TN 1 22 O AN E L, 2 kel ~T Ok

23 AN ST BT 55 A ] S b
9@-9?.1%1: ZSRSHEHA A @%Efﬂii BlLgsaE~ s HIRBREE; Fisher (5 HAEM: BEEEHET)
hESHEE: V44821 SEARER: A
DOI: 10.13195/j.kzyjc.2021.0720 FREIE RIRERS) FRiR4AS (OSID):

Uncertainty Estimation Approach in Orbital Prediction Error of Space
Objects Based on Natural Gradient Boosting

CHEN Mu-yi'2, WANG Da-ling"!, FENG Shi*,ZHANG Yi-fei!

(1. College of Computer Science and Engineering, Northeastern University, Shenyang 110819, China; 2. School of
Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110159, China)

Abstract: In view of the insufficient accuracy of the orbital state prediction method based on the physical model in
the space surveillance environment, and the insufficient reliability of the error compensation model based on machine
learning, as well as the demand for uncertainty modeling in the SSA application, we reformulated orbital state prediction
error estimation problem as a probability prediction problem, and proposed a method of using a gradient boosting machine
to model the orbital state prediction error distribution. In order to quantify the uncertainty in the state error estimation, the
parameters of the conditional distribution of the orbital state error is treated as targets for the gradient boosting algorithm.
Since the probability distribution function corresponding to the parameter is located in the Riemann space, the natural
gradient based on the Fisher information matrix is used instead of the standard gradient, and the formula of the natural
gradient is deduced. As a result, conditional distribution of state prediction error can be calculated. Experiments show
that compared with the state prediction method that only uses the physical dynamics, The root mean square error of
each component of the orbital state is reduced by at least about 60%. At the same time, compared with other commonly
used uncertainty estimation methods, our method can achieve a better negative log likehood. Therefore, our method
can effectively estimate the distribution of state prediction errors, and improve the reliability of using machine learning
methods for space situational awareness tasks.
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EIRIT 2] + BE SR T, PAAR AR R ZE 7] T
AH R 231 () P 25 5 el w4 8] o LSS XML (2
BEMRZE), “-7 AR A SO ER B T, %
£ 95% T P [a).
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les 32 S5EAHEESIAENRE

44 5 MR S BRI FOANEE 1R, 1
J[ J( T 6 R . FA PR S, Hor X GBoost.
+ + ; % FEHLAZRAMK (random forest,RF), ElasticNet & & {11
4 ’ﬁ 7k, TovEA AR, SR E AR X T R
t ASO B S, HEHLEEIR 10% HOREA IR MR 4,
Ji 90% HHREAT IS ok, BEHLARAR. Sl R
45 5.0 5.5 6.0 6.5 7.0 #K (Distributional Random Forests, DRF) ) 5 KA IR J&
s ted 34 15,MC Dropout 3R i 3 J2 4 i P 28 0 45, [k o
4 error_r_r WERLES 95% MUK g JUECh 200, FiIH S8 R dropout S5 HE S H1

le3 {H.XGBoost 1 KA EE N 3.
Lo f 2 1T AT AR R A i, A
+ % S AT R HG NLL (i, FW1 5007 Y08 h i £
03 Jf + TR T A Y. SR T VRO AT RS B, AR S
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g 0514 | ﬁ % L. Horh, XGBoost 4;th T B 94 )y Hi2 (root
) + + % % H‘Jf ‘H ﬂ mean square error, RMSE), iX /& i1 T XGBoost 12 %
T 50 s o o5 g0 o OBDT AL, BTSRRI 1
t/s le4 FEMEAL, H. XGBoost #5228 5K I 4 25 ok B0 B st 2

FF ¥R MSE 1), T4 AT A 51 Hi

SRR E PEAS B A SO 1 45 2R

DAFE H, ARZER G FR S EI AT D R TR s 5 2Kk AL R , MC dropout

TMAE R 95% T DX [R] AN, IR TR ML H g 2T MSE 1Y, B I R 40 i 7T DA

RIS B T AV T A I LSS AN E P, AR RO MERG Y A TTE. {5 MC dropout X T
T S5 SEAT 55 R AT AR MRS 5 PERAE A 7K. SEPERAETIRCR AN S BIAL.

5 error v x BIESEELS 95% K 8

x1 AXFEEEEHAENIARIZE (RMSE) 5H338B5% (NLL) HEEXTLE
RSB RILFTHE DRF MC dropout GAMLSS XGBoost RF ElasticNet  #jHAEAL  FRERLE  RHE

RMSE(r,/m) 71537.04  73275.29 28111.94  259300.70 20306.08 64922.75 250612.78 176595.42 176138.20 71537.04
RMSE(r,,/m) 59729.71  88542.74 33609.14  311004.27 21027.45 72203.75 276618.77 18533592 201963.26 59729.71
RMSE(r./m) 44960.61 160115.28  106097.60  332026.41 12562.94 73646.30 448530.25 1213209.13 728268.34 44960.61

RMSE(v,/(m/s)) 18224 24936 14619 46229 5036 22263 48576 91926 92192 18224
RMSE(v,/(m/s)) 16842 153.17  130.66 45347 5199 19952 50281 78719 78684 16842
RMSE(v./(m/s) 1748 42.50 25.77 10087 939 7827 15823 15051 14660  17.48
NLL 516512 561116 1091826 11939 - - - - 68.5202  60.4455
3.3 SYEIHNEFEFHIERINLL P2 T FO 45 R A A E VEAE R
XFTHA ASO HUuB B, A MG T)r 34 SiRESERXTEERE
VRS AUR PR Bl )24 07 A5 B ARSI 1 22 7E XFT ASO BB B, KA IA-5 BT AnifE
13 TR EE, SRR R R 1 FoR. BB DAL IR 7 22BN ) RMSE 5 NLL #8477

SLhy AR R R A SO R L& WFE, W 1 R, o E D ST, ST
AT RETRERSREZMS TG, RERS R ARSI, o 2 S AT X, R
T 6 MR RIRES BT S A ERENDSS GG 25 0. LR
59.49%,67.77%,96.29%,80.18%,78.60%,88.39%. 5 F20H, RFARMERS R, £E 210 d 25 5 BB el
Ak, AR LB Ty 2507 vE Ry, R RS B BB IR S BUER B, SR ERNE, MEDATS-2) T i fif.
P TONAE, TCYARZE R T IO S SRR ETE MR B AREE B, 353k AT DATR S S 3 Y1, i H
flit, R A SO, AT DATERE MBS BE IR, B AR AT Ak A e
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SRR, 5 AUR W BEEh Sy 2 07 i rIR
AT AL, R A A SCH AT R S R 25 4G
E, BUBRESHE T ENE T IRIRZERDBEIRT 2
60%, [A]i, 5 H AR FAH & AT YA R E, AR
J7 V5P AR ) 547 NLL {E. R Uk, et th i) v
REAS A S T 25 TR0 ) PR S DR RS T 35 25 1 AN o
PE, AR AME T P PRAR B B R 22, B TR
FEBE, A5 — AR E LoRAh TALAR 2 S BIAL iy T ¥ A
FRRERNIZ AL RE ) A JE 55 SR R T 5 | A AN W 5, A]
A5 1% G0 08 b B AR v ) S SR A 4 A, AT PASE
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