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Objectives: The difference between Universal Time and Coordinated Universal Time (UT1-UTC) is a critical component of
the Earth Orientation Parameters (EOP). Accurate and rapid prediction of UT1-UTC is essential for real-time applications such
as GNSS meteorology and precise orbit determination of artificial satellites. Traditional methods for predicting UT1-UTC often
experience significant accuracy degradation in medium- and long-term forecasts, making them inadequate for high-precision
requirements in applications like the BeiDou Navigation Satellite System and precision guidance in military operations. Meth-
ods: We propose a novel method for predicting UT1-UTC by integrating the axial component data y, of Effective Angular

Momentum (EAM) with the EOP14 C04 series using a Convolutional Long Short-Term Memory (ConvLSTM) model. Initially,
leap seconds and solid Earth tide terms are removed from the original UT1-UTC series to obtain UT1R-TAI data. Spectral
analysis is then performed on the axial component data y, of EAM and UT1R-TAI data using the fast Fourier transform (FFT)

to investigate whether the axial component data y, of EAM can comprehensively describe the excitation of UT1-UTC. Subse-
quently, a ConvLSTM model incorporating the axial component data y, of EAM is constructed to predict the UT1-UTC time

series. After prediction, the leap seconds and solid Earth tide terms are reintroduced, while the accuracy of predictions is eval-
uated. Results: Analysis of observations reveals a strong correlation between the axial component y, of EAM and UT1R-TAI

data, with consistent amplitude and phase characteristics in their frequency spectra. This indicates that the axial component z,

of EAM serves as a primary excitation source for UT1-UTC. Compared to the prediction accuracy of participants in the Second
Earth Orientation Parameters Prediction Comparison Campaign (2nd EOP PCC), the ConvLSTM model demonstrates superior
performance in medium- to long-term predictions spanning 90 to 360 days, with accuracy improvements ranging from 30.27%
to 92.44%. Additionally, compared to Bulletin A, the ConvLSTM model achieves accuracy enhancements of 41.46%, 70.07%,
and 59.43% for prediction spans of 60, 180, and 360 days, respectively. Conclusions: The results confirm that the ConvLSTM
model significantly improves the medium- to long-term prediction accuracy of UT1-UTC. These findings are crucial for auton-
omous determination of EOP and real-time applications, as well as for precise satellite orbit determination and other related
fields.
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Fig.1 Experimental procedure of forecasting UT1-UTC time series using the ConvLSTM
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EAM=AAM+OAM+HAM+SLAM, & 3 4§ EAM y, LUK 4R (1)) [R] F7 51

(a) UT1-UTC I [a] F¢ 31 (b) UTI-TAI It} ] 51
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Fig.2 The original UT1-UTC time series and the UT1R-TAI time series after removing leap seconds and solid Earth tides
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Fig.3 The time series of the 3 component of the EAM datasets
NT AT B AEEY R R BRSO RS R I UT1-UTC @Ak, ASCE FFT
BEGE EAM i) 735y, Bl UTIR-TAL B AT AE 007, A0S Args a4 o, IWEH AT EUR
B, EAM Hli[] 43 & y, M UT1R-TAL B} [8] 5 51 477 B AR LA PR R AR T00RM ~F J8 AR 00, L FG R AR A0 2 J AR 4
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Fig.4 Spectral analysis results of EAM and UT1R-TAI time series based on the FFT algorithm
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Fig. 5 Statistical Analysis of AE for UT1-UTC Prediction by ConvLSTM
% 1 25 2nd EOP PCC il Fi 1) 52 S i N B8
Tab. 1 Methods and input data used by participants in the 2nd EOP PCC

ID Tk 24 kit LTPNE A&/
100 PM; UTI-UTC; LOD; LS+AR IERS 14 C04; IERS finals.daily
dX; dY; dy; de
102 PM; UT1-UTC; LOD; LS+AR IERS 14 C04; GFZ AAM predictions
dx; dy
108 PM; UT1-UTC; LOD LS+MAR IERS 14 C04; GFZ AAM data
- UT1-UTC; LOD:; IERS 14 C04; IERS Bulletin A; GFZ
. PM; UT1-UTC; LOD; SSA+Copula S 14.C04; IERS Bulletin A; G
dX; dy EAM data and predictions
121 PM; UT1-UTC; LOD NTFT IERS 14 C04
122 PM; UT1-UTC; LOD WLS+ARIMA IERS 14 C04; IERS finals.daily

2 FE 6 ARSI H B RlA EAM Sl 20 & g, 085 1) ConvLSTM Tiidk UT1-UTC 45 5 2nd EOP
PCC 238 4d [ 511 UT1-UTC iR 45 3 (1 MAE %} Eb, HAr 32 T2 ConvLSTM AR A% T Bulletin
Ao WEIHETLURIL: (1) ConvLSTM LAY 5 HAth 7 FHETAUAHEL, 78 1~30 REYFIATIR H1, ConvLSTM
B E A T ID-100 F1 Bulletin A P TARAG B, BERSTARRE FEHER 55 = X T 60 KTk, ConvLSTM fi
BHAE 5 fE 90~360 KM H KM EH, ConvLSTM 4 [ Tl kg FE Bt , BGE R E A
30.27%~92.44%. HILATLAE Y, Bl TERES FE I IE K, ConvLSTM A5 A FHUHRORE B2 A H& Rl Wi 2%
KEFEMT ConvLSTM HRAIEE T EAM Hilm /& y, 2, @ik Ash ff N 50N e B A
UT1-UTC WU, 3% 7 UTI-UTC MIZE R BCR, Mfi$ert 17 UT1-UTC B KA TR
(2)ConvLSTM # R AR T Bulletin A, £ 60 K+ 180 KA1 360 K [ Tl 5 (ARG FE 43 4 5 1 41.46%-
70.07%F1 59.43%, THIRKEEE A KAl HE G 81.16%. (3) 5 ID-102 HIRFEAITEL, 7E 60 K. 180 KF1 360
R TRAR S FE RS BE 20 R 1 T 69.22%. 54.99%H11 56.00%; 5 ID-121 TIRAERIXFEL, 7E 60 K. 180
KA 360 K AITRIREE FE RS 20 IR = T 75.28% 66.95%F1 47.04%; 5 ID-122 TR AIN H, 7E 60
R 180 KA 360 K [Tl 5 B2 (RAS FE 73 A = 1 49.04%. 32.91%F1 61.77%.



R 2 ASCIURNE LS H AR

Tab. 2 Comparison of prediction accuracy between this paper's model and other models

T s L A AR ) MAE/ms T
IR ConvLSTM ID-100 ID-102 ID-108 ID-117 ID-121 ID-122 Bulletin A 1%
1 0.6441 0.3589 0.6573 0.1044 12.2498 0.8844 1.0858 0.0997 x
5 1.8959 0.4994 1.3629 0.2068 13.4565 1.4055 2.7854 0.2554 x
10 1.6181 0.6125 2.4134 0.4480 15.2986 2.0601 4.3186 0.5100 x
30 1.0876 0.9098 6.0336 1.0826 19.2931 5.3612 3.7374 0.7892 x
60 1.8234 3.1782 5.9243 1.6301 21.2878 7.3776 3.5778 3.1149 41.46
90 1.7620 5.3474 4.7608 4.9275 23.3145 7.4678 4.3103 6.3056 72.06
120 2.0452 7.1957 6.5748 10.6455 23.3465 10.2217 6.2615 10.8533 81.16
180 5.0120 11.1683 11.1347 18.7882 21.7755 15.1630 7.4709 16.7479 70.07
210 5.1650 16.6510 14.3645 21.3449 20.4352 17.6033 7.4072 18.6841 72.36
270 4.5666 28.2958 19.3898 29.2138 18.8022 19.9219 8.6461 22.4069 79.62
360 9.4895 32.6293 21.5674  48.8771 20.9697 17.9179  24.8245 23.3905 59.43

P 6 ConvLSTM ##4 522 55 2nd EOP PCC [ A BEAL 1) MAE X Ht
Fig.6 Comparison of the MAE between the ConvLSTM model and other models participating in the 2nd EOP PCC
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