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Fig.1 Diagram of the LS fitting residuals. Upper: the LS fitting residuals without constraints; Lower:

the LS fitting residuals with additional constraint conditions
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Fig.2 Diagram of the forecast accuracy
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Fig.3  Forecast flow of the ILS+AR model
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#z1 ILS+AR5SLS+ARKEESFITE
Table 1 Statistic of the ILS+AR and LS+AR accuracies

RMSE of PMX

RMSE of PMY

Time/d ILS+AR/mas LS+AR/mas Improvement/% ILS+AR/mas LS+AR/mas Improvement/%
1 0.2898 0.316 8.2911 0.279 0.308 9.4156
2 0.6755 0.744 9.207 0.607 0.703 13.6558
3 1.0932 1.226 10.832 0.981 1.188 17.4242
4 1.5059 1.782 15.4938 1.335 1.697 21.3318
5 1.8694 2.306 18.9332 1.669 2.2 24.1364
6 2.2544 2.863 21.2574 1.959 2.685 27.0391
7 2.6952 3.474 22.418 2.203 3.137 29.7737
8 3.1763 4.105 22.6236 2.421 3.6 32.75
9 3.6298 4.673 22.324 2.674 4.089 34.605
10 4.0964 5.215 21.4497 2.931 4.568 35.8363
11 4.618 5.763 19.8681 3.21 5.083 36.8483
12 5.0709 6.308 19.6116 3.517 5.629 37.52
13 5.4727 6.775 19.2221 3.813 6.167 38.1709
14 5.8916 7.245 18.6805 4.098 6.688 38.7261
15 6.2867 7.658 17.9068 4.394 7.218 39.1244
16 6.6867 8.068 17.1207 4.695 7.725 39.2233
17 7.1168 8.471 15.9863 4.959 8.2 39.5244
18 7.5508 8.842 14.603 5.21 8.687 40.0253
19 7.9676 9.165 13.0649 5.509 9.187 40.0348
20 8.3726 9.497 11.8395 5.781 9.667 40.1986
21 8.8395 9.826 10.0397 6.082 10.19 40.314
22 9.3277 10.21 8.6415 6.416 10.73 40.205
23 9.7642 10.55 7.4483 6.743 11.26 40.1155
24 10.225 10.88 6.0202 7.03 11.75 40.1702
25 10.673 11.15 4.278 7.347 12.24 39.9755
26 11.157 11.44 2.4738 7.642 12.72 39.9214
27 11.691 11.71 0.16225 7.953 13.17 39.6128
28 12.194 11.96 —1.9565 8.271 13.66 39.451
29 12.685 12.22 —3.8052 8.61 14.17 39.2378
30 13.215 12.5 —5.72 8.929 14.66 39.0928
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MR AT B Y, A SCHT R AILS+ ARBL AL 4l 45 SR 5 RLS+ARIMA L &
RLS+ARMEHS [Tk 45 AN L, B T 551 KRLSH+ARIMA R AL (1) Fiidk R JE 0L TILS+AR
B 7 A, T EAERBAT (110 d) TR, &2 M1 (1-30 d) PR, TLS+ARASE A [ 1
FRORG E AR AL T RLS+ARMIRLS+ARIM AR Y (R TIHRORE 2, 5 L BE A I [R]85 52 1 184
XA OLFAE R W, AR T AR ST I 7 VA D) SERTAT, AT LA SOE, LSEERL
TERAT — 2 . seAh, it 5 Schuh 216k e mr DLUR IR, B4 I1-10 A FidR
Gl TP R PIARORS AR — 3, e EB TR, Schuh 5 MO 4R 45 A TF 4 W BAR
FILS+AR.

#*2 ILS+ARSHMERBERITR
Table 2 The accuracy statistic of the ILS+AR and other models

Time/d RMSEpy/mas
RLS+AR RLS+ARIMA ILS+AR LS+ANN
1 0.3646 0.254 0.28431 0.29
2 0.88 0.7387 0.64236 0.57
3 1.4493 1.2623 1.0388 0.95
4 2.0119 1.7918 1.4228 1.3
5 2.566 2.3126 1.772 1.79
6 3.0827 2.8133 2.1118 2.1
7 3.5655 3.2858 2.4616 2.39
8 4.0138 3.7411 2.8242 2.67
9 4.4648 4.1927 3.188 2.95
10 4.9013 4.6452 3.5617 3.25
20 9.2802 9.4148 7.1946 6.28
30 14.2343 14.6566 11.2777 8.89

5 REERZE

A SCEF RIS+ AR TR A AL A A7 AE 18 ) EREAT T 20 A R A e, 380 sk B n &4 AR 4% 140
A o ARSI R0 52 1) 7 VoK O E LS+ ARBE RS A TILS+ ARBE AL Szl Ik W] 1 A S04
HATLS -+ AR () 4 30 it &5 SR 0 A T LS+ ARBEAY JLFIAR MG LS+ ARAR AL A7
B AR T, SLrpPMY U7 In) bR BE 42 =i B2 5 K. 18t S RLS+ARBL A RLS+ARIMAE
L[ TR 4 A L nT DAAS A0, EIRPMXOT [, 38 £PMY J7 [, TLS-+ARBE R (¥ Tl K
JE R EAR T 5 AW PP R ASE AL, O iE W] T A ST 1 et g v g At 5 LSRR A )
TR M. At TS+ AR R T I AR ORS [ 5 Schuh 55 16 1y 25 LA —
B, B IR IR = K IR TR &5 . 38 I S o B, AR SRR ) T LA — D 4
TR LS+ AR A A 31 (K FARORG B, JCHAE 110 BRI A R 1idl b, AT DASRAS 5 6 e dt
U TR P AH 4 1 TR &5
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RIS AZ LS A 1 22 19 KM B AT B AS TR

BOg B [ B BR H 3 IS5 TERS (International Earth Rotation Service)$i it ) %4
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A Modified LS+AR Model to Improve the Accuracy
of the Short-term Polar Motion Prediction

WANG Zhi-wen!  WANG Qian-xin® DING Yue-qun! ZHANG Jun-jie!
LIU Shi-shuang?

(1 School of Environment Science and Spatial Informatics, China University of Mining and
Technology, Xuzhou 221116)
(2 College of Mechanical Engineering, Yanshan University, Qinhuangdao 066004)

AgstracTt There are two problems of the LS (Least Squares)+AR (AutoRegressive)
model in polar motion forecast: the inner residual value of LS fitting is reasonable, but
the residual value of LS extrapolation is poor; and the LS fitting residual sequence is
non-linear. It is unsuitable to establish an AR model for the residual sequence to be
forecasted, based on the residual sequence before forecast epoch. In this paper, we make
solution to those two problems with two steps. First, restrictions are added to the two
endpoints of LS fitting data to fix them on the LS fitting curve. Therefore, the fitting
values next to the two endpoints are very close to the observation values. Secondly,
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we select the interpolation residual sequence of an inward LS fitting curve, which has
a similar variation trend as the LS extrapolation residual sequence, as the modeling
object of AR for the residual forecast. Calculation examples show that this solution
can effectively improve the short-term polar motion prediction accuracy by the LS+AR
model. In addition, the comparison results of the forecast models of RLS (Robustified
Least Squares)+AR, RLS+ARIMA (AutoRegressive Integrated Moving Average), and
LS+ANN (Artificial Neural Network) confirm the feasibility and effectiveness of the
solution for the polar motion forecast. The results, especially for the polar motion
forecast in the 1-10 days, show that the forecast accuracy of the proposed model can
reach the world level.

Key words astrometry: earth rotation, astrometry: polar motion, earth: dynamics,
methods: data analysis
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