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Fig.1 The raw series (a); tidal terms (b); fitting terms of linear model (c); and residual terms (d) of the

LOD variations

B T W7 ZE B BUR L S FEA R S AR 1 St AR R T 2 DOR Uy Ak

FEAS i AN R0 4 -
TENZRB B, FEAS S A0 4t 07 008
{f(t—d),f(t—d—Fl), 7£(t_ 1)} _>€(t)v t:d+17d+27 y 1V, (5)

Hdr {£(4),i = 1,2,--- ,n}, £Ix LOD B84k )75 S50 Hs TAL # 5 19 5% 22 771, iR P45
fifisE, ASCH d = 4.

CETARBY B, BRI k=1, 2, ---, d, d+ 1, - - BREFEAS I Ban A A B 0 590591
K
(€n—d+2),6n—d+3), en+1)} = en+2) k=2

(6(n), E(n+ 1), £+ d— 1)} = E(n + d) k—d

(En+1,6m+42), - em+d)} —En+d+1)  k=d+1

\

o 2(n + k) RORIRZEFPIA k TRAL. TTRLE I 2k > 2 I, B — KPR AR 2
B LB O PTHRAEAE N, BT LI AR A g AR A o — s AR A TR Ty
2, HALRURX T 2 KTk, R AT — BB, AN 5 A 5 2L AT
Z YRS 120-21 | TR AR ORI . BbAh, X R B R 2, 0 TR n



134 AR T R TR AR A TR 57

FISERE A, ATAEE n — d DN YIZRFEA.
2.2.3  KEVEE RS

KH TR ZE (root mean square error, RMSE) PP 4%} % % (mean absolute
error, MAE) 154 #ildi 25 R ORG FEVEE Fa bR, Hat 8 A X004

N
1 .
RMSE; = J ¥ ;(Pj - 012, (7)
1 N ) )
MAEi:NZ|Pf—O;|. (8)
j=1

Forpr RS RE, N W HHRINEL, Pl OF 73535 j WA @ d LOD AL R FIE{E
AR

3 LIt

5K 1990 4E 1 H 1 HE 1999 4 12 A 31 H LOD A4k 5% 2 7 I H T GP A5t
BNk, SR )5 IR G GP R AL X 2000—2001 £ 1) LOD A8 4k 5% 22 3 41 HEA T
1~10d. 15d. 20d. 25d. 30d. 60d. 90d. 120d. 150 d. ---+ 360 d 5 T
i (55 Schuh 2 BURI 5K g 27 25BN f PR I TR Be AR [R]). 1 2 25 tH 7 36 TGP VL i T i
FE2h 1 dif) LOD AR 405 2 () T th £k (a) A7 2 22 (b) I, B 2(a) R ZR AT 2k 43 At
TR T THHAEL A UL

(a)
0.6 T T T T T T T
g 03
;:é 0.0
z —
&2 _03k - = -Prediction .
03 ——Observation
_06 Il Il Il Il Il Il Il
2000.1 2000.2 2000.3 2000.4 2000.5 2000.6 2000.7 2000.8 2000.9
year
(b
E 0.10 T T T |) T T
8 0.05F -
b5}
£ 0.0 ]
5
B -0.05F
(=9
7010 Il Il Il Il Il Il Il
2000.1 2000.2 2000.3 2000.4 2000.5 2000.6 2000.7 2000.8 2000.9
year

K2 B5JEH 1d ) LOD ARRAk 7 TR 45 2R (a) TR 5 22 (b)

Fig.2 The prediction results of the residual of LOD variations (a) and the predicted errors (b) at the

prediction horizon of 1d
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Table 1 The comparison of the prediction results of GP with those of the BPNN

(Schuh et al.®), the modified BPNN, and the GRNN (Zhang et al.®=%) (unit: ms)
Prediction day ~GP  BPNNE!  Modified BPNNE~9  GRNNIE-

1 0.027 0.019 0.027 0.037
2 0.057 0.049 0.073 0.074
3 0.078 0.074 0.093 0.097
4 0.097 0.097 0.110 0.117
5 0.112 0.121 0.131 0.134
6 0.126 0.142 0.148 0.151
7 0.138 0.159 0.162 0.164
8 0.149 0.174 0.170 0.174
9 0.158 0.184 0.176 0.179
10 0.166 0.193 0.185 0.187
15 0.190 0.246 0.211 0.204
20 0.201 0.251 0.217 0.210
25 0.207 0.249 0.215 0.211
30 0.210 0.245 0.219 0.217
60 0.232 0.292 0.219 0.222
90 0.266 0.306 0.231 0.226
120 0.260 0.314 0.229 0.226
150 0.252 0.330 0.237 0.233
180 0.257 0.361 0.234 0.234
210 0.268 0.397 0.241 0.236
240 0.257 0.377 0.236 0.236
270 0.251 0.386 0.231 0.240
300 0.222 0.402 0.249 0.247
330 0.280 0.372 0.262 0.254

360 0.273 0.347 0.245 0.250
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Fig.3 The comparison of the prediction accuracies of GP with those of the BPNN, the modified BPNN,

and the GRNN. (a) The short-term (1~30 d) prediction, and (b) the medium-term (1~360 d) prediction
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Fig.4 The comparison of the predicted MAE for the ultra short-term (1~10 d)
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Fig.5 The comparison of the predicted MAE for the short-term (1~30 d)
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Fig.6 The comparison of the predicted MAE for the medium-term (1~360 d)
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The Prediction of Length-of-day Variations Based on
Gaussian Processes
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AsstracT Due to the complicated time-varying characteristics of the length-of-day
(LOD) variations, the accuracies of traditional strategies for the prediction of the LOD
variations such as the least squares extrapolation model, the time-series analysis model,
and so on, have not met the requirements for real-time and high-precision applications.
In this paper, a new machine learning algorithm — the Gaussian process (GP) model
is employed to forecast the LOD variations. Its prediction precisions are analyzed and
compared with those of the back propagation neural networks (BPNN), general regres-
sion neural networks (GRNN) models, and the Earth Orientation Parameters Prediction
Comparison Campaign (EOP PCC). The results demonstrate that the application of
the GP model to the prediction of the LOD variations is efficient and feasible.

Key words astrometry, time, methods: data analysis



