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Abstract
Accurate ultra-short-term prediction of the difference between Universal Time
(UT1) and Coordinated Universal Time (UTC), i.e., UT1–UTC, is of great prac-
tical value in geodesy, satellite navigation, and space geophysics. This study
proposes an ultra-short-term UT1−UTC prediction method that integrates Ef-
fective Angular Momentum (EAM) functions with the Extreme Gradient Boost-
ing (XGBoost) model. The method first preprocesses the UT1−UTC series by
leap-second removal, tidal correction, and second-order differencing, and then
separates the trend and periodic components using a least squares (LS) model
to obtain a stationary residual series. Historical and forecast EAM informa-
tion is subsequently introduced as an external excitation factor to capture the
effects of non-tidal geophysical processes, and XGBoost is used to construct a
nonlinear prediction model for the residual series, enabling multi-step rolling
prediction. Based on the EOP (Earth Orientation Parameters) 14 C04 dataset
from the International Earth Rotation and Reference Systems Service (IERS),
10 d prediction and validation of the UT1−UTC series are performed. The
results show that the EAM-assisted LS+XGBoost method reduces the mean
absolute error by approximately 29.6% compared with the model relying only
on the historical UT1−UTC series. Compared with the methods in the 2nd
EOP Prediction Comparison Campaign, the proposed method achieves the best
prediction accuracy on days 1, 3, and 4, indicating that combining physical ex-
citation information with machine learning methods can effectively improve the
performance of ultra-short-term UT1−UTC prediction.
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Abstract Accurate ultra-short-term prediction of the difference between Uni-
versal Time (UT1) and Coordinated Universal Time (UTC), namely UT1–UTC,
has important application value in the fields of geodetic surveying, satellite nav-
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igation, and space geophysics. This study proposes an ultra-short-term UT1–
UTC prediction method that integrates Effective Angular Momentum (EAM)
functions with the Extreme Gradient Boosting (XGBoost) model. The method
first preprocesses the UT1–UTC series by leap-second removal, tidal correction,
and second-order differencing, and then separates trend and periodic terms using
a least-squares (LS) model to obtain a stationary residual series. Subsequently,
historical and forecast EAM information is introduced as external excitation fac-
tors to capture the influence of non-tidal geophysical processes, and XGBoost is
used to construct a nonlinear prediction model for the residual series, realizing
multi-step rolling prediction. Prediction and validation of the UT1–UTC series
for 10 d are carried out based on the EOP (Earth Orientation Parameters) 14
C04 dataset of the International Earth Rotation and Reference Systems Service
(IERS). The results show that the EAM-assisted LS+XGBoost method reduces
the mean absolute error by about 29.6% compared with a model relying only on
the historical UT1–UTC series; compared with methods in the 2nd EOP Predic-
tion Comparison Campaign, this method achieves the best prediction accuracy
at 1, 3, and 4 d, indicating that combining physical excitation information with
machine-learning methods can effectively improve ultra-short-term UT1–UTC
prediction performance.

Keywords Astrometry; reference systems; Earth rotation; UT1–UTC; meth-
ods: data analysis

Chinese Library Classification No.: P127; Document code: A

1 Introduction
Earth Orientation Parameters (EOP) describe the rotational motion of the
Earth and are the transformation parameters between the Celestial Reference
Frame (CRF) and the Terrestrial Reference Frame (TRF). They have important
applications in fields such as geodetic surveying, deep-space communication, and
satellite navigation[1]. EOP mainly include two parts: one is the polar coordi-
nates (𝑥, 𝑦) and celestial pole offsets (d𝑋, d𝑌 ) that describe changes in the
direction of the Earth’s rotation axis; the other is the difference between Uni-
versal Time (UT1), which characterizes variations in the Earth’s rotation rate,
and Coordinated Universal Time (UTC), namely UT1–UTC. At present, the
Earth’s orientation is determined mainly by Very Long Baseline Interferometry
(VLBI) and Global Navigation Satellite System
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(Global Navigation Satellite Systems, GNSS) and other space-geodetic tech-
niques requires complex data-processing procedures to obtain high-precision
EOP products, and there is usually a delay of several days to two weeks[^2].
EOP prediction plays an irreplaceable role in climate monitoring, weather fore-
casting, satellite navigation, and orbit determination. For example, ultra-short-
term EOP prediction over the next several days can be used for precise position-
ing and navigation, while medium- and long-term EOP prediction for at least
the next 1 yr can be used for climate monitoring and long-term satellite-orbit
prediction[^3–^4]. Therefore, as an important component of EOP, achieving
accurate prediction of UT1−UTC is an important task in geodesy.

The non-tidal geophysical excitations of EOP can be described by effective an-
gular momentum functions (Effective Angular Momentum functions, EAM).
These functions include atmospheric angular momentum (Atmospheric Angu-
lar Momentum, AAM), oceanic angular momentum (Oceanic Angular Momen-
tum, OAM), hydrological angular momentum (Hydrological Angular Momen-
tum, HAM), and sea-level angular momentum (Sea-Level Angular Momentum,
SLAM)[^5–^6]. Existing observational data confirm that the axial component
(the 𝑧 component) of AAM dominates non-tidal variations in UT1−UTC and
changes in the length of day (variations in the Length of Day, ΔLOD) on short
time scales, while the oceanic and hydrological systems also make some addi-
tional contributions[^7].

In recent years, UT1−UTC prediction methods have continued to develop. The
most commonly used approaches are strategies combining least-squares (Least
Squares, LS) extrapolation with stochastic prediction methods[^8], such as
LS extrapolation combined with an autoregressive (Autoregressive, AR) model
(LS+AR)[^9–^10], LS extrapolation combined with a multivariate autoregres-
sive (Multivariate Autoregressive, MAR) model (LS+MAR)[^11–^12], LS ex-
trapolation combined with a multivariate autoregressive model and Kalman fil-
tering (LS+MAR+Kalman filter)[^13], wavelet decomposition (Wavelet Decom-
position, WD) combined with an autocovariance (Autocovariance, AC) method
(WD+AC)[^14], a grey model (Grey Model, GM) combined with neural net-
works (Neural Networks, NN) (GM+NN)[^15], and fuzzy inference systems
(Fuzzy Inference System, FIS)[^16]. It is worth noting that, in recent years,
an increasing number of studies have incorporated predictions of geophysical
excitation (AAM or EAM) into UT1−UTC prediction, significantly improving
prediction accuracy[^17–^18].

However, the performance of different methods varies markedly across different
prediction intervals, and no single method can maintain the best performance
at all prediction horizons[^19]. Therefore, developing new methods that can
integrate geophysical excitation information with advanced machine-learning
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models is of great significance for improving the accuracy of ultra-short-term
UT1−UTC prediction, and is expected to provide new ideas for future combined
schemes for UT1−UTC prediction[^20].

Based on the above background, this paper proposes an ultra-short-term
UT1−UTC prediction method that integrates effective angular momentum
functions with an eXtreme Gradient Boosting (XGBoost) model[^21]. As
an efficient ensemble-learning algorithm, XGBoost has good robustness and
generalization capability in handling nonlinear relationships, complex feature
interactions, and small-sample problems. The overall idea of this study is
as follows: first, the UT1−UTC series is preprocessed, including removing
leap seconds and tidal components, and its nonstationarity is weakened
by a second-order differencing method[^22–^23]; then, the first-difference
information of the effective angular momentum 𝑧 component (EAMz), which is
physically consistent with the mechanism of the second-differenced UT1−UTC
series, is introduced as an external auxiliary feature to reflect the influence
of non-tidal excitation on the Earth’s rotation rate; on this basis, the trend
and periodic terms are extracted and removed by the least-squares method
to obtain a stationary residual series; finally, XGBoost is used to model and
predict the residual series. The results obtained in this paper are compared
with the methods in the Second EOP Prediction Comparison Campaign (2nd
EOP PCC)[^24] to verify the effectiveness of the proposed method. Through
this multi-stage modeling framework, an organic fusion of physical excitation
information and machine-learning techniques is achieved, providing a new
technical pathway for ultra-short-term UT1−UTC prediction.

The remainder of this paper is organized as follows: Section 2 introduces the
theoretical basis of the adopted method; Section 3 describes the data sources
and experimental setup; Section 4 presents and discusses the prediction results;
and Section 5 summarizes the paper and gives the main conclusions.

2 　 Methods
2.1 　 Stationarity tests for time series

The stationarity of a time series is the basis of prediction analysis. It is usu-
ally required that the mean, variance, and autocovariance of the series do not
change with time. Nonstationary series often contain deterministic or stochastic
trends; direct modeling can easily lead to the problem of “spurious regression,”
causing the statistical relationships of the model and the prediction results to
be unreliable.

The ADF test (Augmented Dickey-Fuller Test)[^25] and the KPSS test
(Kwiatkowski-Phillips-Schmidt-Shin

Test)[26] are two widely used and mutually complementary statistical testing
methods. The most fundamental difference between the two lies in the opposite
settings of the null hypothesis (𝐻0): the ADF test takes “the sequence is non-
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stationary”as the null hypothesis, whereas the KPSS test takes “the sequence
is stationary”as the null hypothesis. The specific operating procedures, null
hypotheses, judgment criteria, and core logic of these two tests are compared
in Table 1. Owing to the difference in the original hypothesis settings, using
the two test methods in combination can mutually verify the results, effectively
avoid misjudgments that may arise from a single test, and thereby obtain a
more robust conclusion regarding the stationarity of the sequence.

Table 1 Comparison table of ADF test and KPSS test

Method
Null Hypothesis
(𝐻0)

Judgment
Criterion (95%
Significance
Level) Core Logic

ADF non-stationary If 𝑝-value < 0.05
and test statistic
< 5% critical
value, reject the
null hypothesis
(stationary);
otherwise, fail to
reject
(non-stationary)

Detect the
presence of a unit
root to determine
stationarity

KPSS stationary If 𝑝-value ≥ 0.05
or test statistic
< 5% critical
value, fail to
reject the null
hypothesis
(stationary);
otherwise, reject
(non-stationary)

Detect whether
the sequence is
stationary
around its mean
or trend

2.2 LS Extrapolation Model
The UT1−UTC and EAMz observation sequences contain trend terms, peri-
odic terms (semiannual terms, annual terms, etc.), and random terms. For the
trend terms and periodic terms therein, the LS model is used for fitting and
extrapolation. The model is shown in Eq. (1):

𝑓(𝑡) = 𝑎 + 𝑏𝑡 + 𝑐𝑡2 +
2

∑
𝑖=1

[𝑑𝑖 cos(𝜔𝑖𝑡) + 𝑒𝑖 sin(𝜔𝑖𝑡)] . (1)

In the equation, 𝑎, 𝑏, 𝑑1, 𝑒1, 𝑑2, and 𝑒2 represent the fitting parameters of the
trend terms and periodic terms; 𝜔1 and 𝜔2 represent the oscillation angular
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frequencies of the semiannual term and annual term, respectively, with 𝜔1 =
2𝜋/182.62 and 𝜔2 = 2𝜋/365.24.

2.3 XGBoost Model
XGBoost is an efficient gradient boosting tree algorithm. Its core mechanism
lies in an additive model under an ensemble learning framework and a gradient
descent optimization strategy. The model framework is shown in Fig. 1. During
the iterative training process of the model, each newly generated regression
tree directionally fits the prediction residuals of the ensemble model from the
previous round. Subsequently, the prediction results of all regression trees are
fused by weighting, ultimately constructing an ensemble learner with better
generalization performance.

The objective function of XGBoost consists of a loss function and a regular-
ization term. Its core role is to control model complexity while minimizing
prediction error. The specific definition is as follows:

𝐿(𝑘) =
𝑛

∑
𝑖=1

𝑙 (𝑦𝑖, ̂𝑦(𝑘−1)
𝑖 + 𝑓𝑘(𝑥𝑖)) + Ω(𝑓𝑘),

Ω(𝑓𝑘) = 𝛾|𝑇 | + 1
2𝜆

|𝑇 |
∑
𝑗=1

𝑤2
𝑗 . (2)

In the equations, the superscript 𝑘 denotes the iteration round; 𝐿(𝑘) is the
objective function in the 𝑘-th round; 𝑙(⋅) is the loss function; Ω(𝑓𝑘) is the regu-
larization term; 𝑛 is the number of samples; 𝑦𝑖 and ̂𝑦(𝑘−1)

𝑖 are respectively the
true value of the 𝑖-th sample and the cumulative predicted value of the first
𝑘 − 1 trees; 𝑓𝑘(𝑥𝑖) is the 𝑘-th tree to be learned in the current iteration; |𝑇 | is
the number of leaf nodes of the tree; 𝑤𝑗 is the weight of the 𝑗-th leaf node; and
𝛾 and 𝜆 are regularization coefficients.

To simplify the optimization process, the loss-function part in Eq. (2) is ex-
panded by a second-order Taylor expansion, and higher-order terms are ignored,
yielding:

𝐿(𝑘) ≈
𝑛

∑
𝑖=1

[𝑔𝑖𝑓𝑘(𝑥𝑖) + 1
2ℎ𝑖𝑓2

𝑘(𝑥𝑖)] + Ω(𝑓𝑘), (3)

where 𝑔𝑖 and ℎ𝑖 are respectively the first-order and second-order derivatives of
the loss function 𝑙(𝑦𝑖, ̂𝑦(𝑘−1)

𝑖 ) at ̂𝑦(𝑘−1)
𝑖 .

Figure 1 Basic principles of the XGBoost model

In the XGBoost model, in addition to constraining model complexity through
L1/L2 penalty terms, strategies such as shrinkage and column subsampling are
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Fig. 1 Basic principles of the XGBoost model

Figure 1: Fig. 1 Basic principles of the XGBoost model

introduced to further suppress overfitting. The two mechanisms work together
and are of great significance for ultra-short-term prediction of UT1−UTC, a
task that requires balancing accuracy and stability. Specifically, shrinkage mul-
tiplies the prediction value of each newly generated base learner by a coefficient,
weakening the contribution weight of a single base learner to the ensemble model
and forcing the model to approach the target through the collaborative itera-
tive optimization of more base learners. On the other hand, during the training
stage or node-splitting process of each base learner, column sampling randomly
selects a subset of features to participate in computation, which can effectively
reduce redundant correlations among features, enhance diversity among base
learners, and thereby reduce the risk of model overfitting.

2.4 Differenced LS+XGBoost UT1−UTC Ultra-Short-
Term Prediction Procedure Incorporating EAMz Data
Ultra-short-term prediction of UT1−UTC incorporating EAMz data is imple-
mented collaboratively through an adaptive differencing strategy, the LS model,
and the XGBoost algorithm. The specific procedure consists of five stages:
time-series preprocessing, supervised-learning feature transformation, XGBoost
model training, rolling multi-step prediction, and final prediction-result process-
ing, as shown in Figure 2.

Specifically, in the preprocessing stage, two types of data are used as input: one
is the original UT1−UTC time series; the other comprises the four major compo-
nents of EAMz (AAMz, HAMz, OAMz, and SLAMz) and their corresponding
forecast data (AAMz_prediction, HAMz_prediction, OAMz_prediction, and
SLAMz_prediction). This stage performs the following operations: (1) for the
UT1−UTC series, leap seconds are detected and removed, and correction is
completed by combining a tidal model; subsequently, the stationarity of the
series is determined using ADF and KPSS tests, and the differencing order is
selected adaptively according to the test results: if the series is nonstationary,
differencing is carried out step by step until a stationary state is reached; (2)
for the EAMz component data, observed EAMz is obtained by summing the
𝑧-components of AAMz, HAMz, OAMz, and SLAMz, and EAMz_prediction is
obtained by summing the forecast data of each component. The two types of
EAMz data are then converted to a scale (ms) consistent with UT1−UTC; (3)
the archived 14-day-ahead EAM prediction products released were available up
to May 20, 2021. For EAM forecast data prior to that time node, it is first nec-
essary to conduct error statistical analysis of historical EAMz_prediction data,
then simulate and generate pseudo-forecast EAMz data based on the charac-
teristics of the error distribution, so as to ensure data continuity; (4) differ-
encing treatment of EAMz: in the discrete sampling scenario of time series,
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Fig. 2 Processing flow of the UT1−UTC ultra-short-term prediction model
integrating EAMz data and difference LS+XGBoost

Figure 2: Fig. 2 Processing flow of the UT1−UTC ultra-short-term prediction
model integrating EAMz data and difference LS+XGBoost

the negative first-order derivative relationship between continuous-time ΔLOD
and UT1−UTC can be approximately mapped to the first-order difference of
UT1−UTC in the discrete domain, while ΔLOD and EAMz have a direct phys-
ical association. Therefore, the differencing order of the EAMz series should
be one order less than that of the UT1−UTC series; (5) for the preprocessed
UT1−UTC and EAMz series, an LS model is used to fit and separate the trend
term and periodic terms, and the remaining residual series are uniformly nor-
malized.

After preprocessing is completed, the process enters the supervised-learning
feature-transformation stage. Centered on the UT1−UTC residuals, EAMz
residuals, and EAMz_prediction residuals obtained after preprocessing, fixed-
length sliding-window features are constructed to form the model input feature
set 𝑋 and the corresponding label 𝑦, completing the format conversion of time-
series data into supervised-learning samples.

Next, the XGBoost gradient boosting algorithm is adopted, with“loss function
+ regularization term”(Eq. (3)) as the optimization objective. 𝐾 base regression
trees (Tree #1 to Tree #𝐾) are iteratively generated, progressively improving
the fitting accuracy of the model for nonlinear variations in the UT1−UTC
residual time series.

Fig. 2 Processing flow of the UT1−UTC ultra-short-term prediction model
integrating EAMz data and difference LS+XGBoost

In the forecasting stage, a rolling multi-step prediction strategy is adopted. The
prediction result from the previous step is used as the input for the next step,
and, together with a dynamic updating mechanism in which the sliding win-
dow advances synchronously with the prediction step length, multi-step ahead
residual prediction results are generated recursively. Finally, post-processing
is performed on the residual prediction results output by XGBoost: the origi-
nal scale is restored through denormalization; the differencing characteristics of
the sequence are restored through inverse differencing; the trend term and pe-
riodic term compensated by LS extrapolation are restored; and the tidal terms
and leap-second events removed in the preprocessing stage are also restored,
ultimately yielding the UT1−UTC prediction results.

3 Data and Experimental Setup
3.1 Data Description

UT1−UTC time series
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The UT1−UTC time series used in this paper comes from the EOP 14 C04 series
released by IERS[^27]. This series is consistent with the conventional ITRF 2014
and the Second International Celestial Reference Frame (ICRF2)[^28]. The
relevant data can be obtained from (https://hpiers.obspm.fr/

iers/eop).

EAM Time Series

EAM includes AAM, OAM, HAM, and SLAM. Among them, SLAM has only a
mass term, while the other three angular-momentum datasets all contain both
mass and motion terms. Both the mass and motion terms consist of three com-
ponents, 𝑥, 𝑦, and 𝑧. The 𝑥 and 𝑦 components are related to the excitation
of polar motion, whereas the 𝑧 component mainly excites UT1–UTC [29 − 31].
Thus, the EAMz time series is composed of the sum of seven 𝑧-components. The
EAM dataset [32] is provided by the German Research Centre for Geosciences
(Geo Forschungs Zentrum, GFZ), and the relevant data can be obtained from
https://esmdata.gfz.de/. Since 2021, the Swiss Federal Institute of Technology
Zurich (Eidgenössische Technische Hochschule Zürich, ETH Zürich) has devel-
oped a 14 d EAM prediction [33] based on GFZ’s 6 d EAM forecast product;
this dataset can be obtained from https://gpc.ethz.ch/products/EAM/.

Simulation of ETH EAMz Pseudo-Forecast Data

The 14 d EAM prediction product from ETH was selected as the reference
for simulating EAM pseudo-forecast data. First, error analysis was performed
on ETH’s 14 d EAMz prediction product; subsequently, white noise at the
corresponding error level was added to GFZ’s EAMz observational data to
simulate pseudo-forecast data. The mean absolute error (Mean Absolute Error,
MAE) of EAMz is defined as follows:

MAE𝑧𝑘
= 1

𝑁
𝑁−1
∑
𝑖=0

(∣𝑓ETH
𝑖,𝑘 − 𝑜𝑖,𝑘∣) , (4)

where 𝑁 denotes the total number of forecast days; 𝑓ETH
𝑖,𝑘 denotes the result of

the 𝑘-th step predicted on day 𝑖; and 𝑜𝑖,𝑘 denotes the corresponding observed
result. The prediction interval for AAM and OAM is 3 h, with 8 × 14 steps
per day, while the prediction interval for HAM and SLAM is 24 h, with only
1 × 14 steps per day. In the error statistics, the EAMz values are multiplied
by 86400 × 103, so that the MAE of the dimensionless EAMz data has units of
milliseconds (ms).

Figure 3 shows the process of error analysis for ETH EAMz forecasts and the
simulation of pseudo-forecast data. It was found that the EAMz forecast data
contain obvious outliers (as in Fig. 3(a)). The value four times the MAE
calculated using no more than step 14 of the original data (as in Fig. 3(b), ap-
proximately 0.22) was adopted as the upper bound for outlier removal. Because
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the number of days removed due to EAMz anomalies was 12 d, the MAE at step
14 after removal was approximately 0.17 (as in Fig. 3(d)). Comparing the MAE
before and after outlier removal (as in Fig. 3(b), (d)) shows that, although the
outliers are few, they have a very large impact on the MAE for each day.

White noise at the level of the ETH EAMz prediction error was added to the
GFZ EAMz observational data to simulate pseudo-forecast data. The errors of
the simulated EAMz data were calculated and compared with the ETH EAMz
forecast errors, as shown in Fig. 3(e). The errors of the simulated data are
slightly smaller, so white noise slightly larger than the ETH forecast-error level
was added, and simulated data with comparable error levels were finally ob-
tained (as shown in Fig. 3(f)).

3.2 Experimental Setup
The UT1–UTC and EAMz datasets used in the experiments span from January
1, 2000 to August 21, 2022. The time range of the test set is kept consistent
with the configuration of the 2nd EOP PCC, namely from September 1, 2021 to
August 21, 2022; moreover, following the 10 d criterion of the ultra-short-term
prediction benchmark in that competition ensures the objectivity and fairness
of the performance evaluation. Model parameter optimization is implemented
through five-fold cross-validation combined with parameter grid search. To
verify the improvement in UT1–UTC prediction performance brought by EAMz,
two groups of comparative experimental data are designed: (1) using only UT1–
UTC data; (2) jointly using UT1–UTC, EAMz observational data, and EAMz
forecast data.

3.3 Evaluation Metrics
This study adopts MAE as the evaluation metric for model prediction perfor-
mance. The prediction MAE for the future 𝑘-th day and the total MAE for a
prediction length of 𝑁 days are defined as follows:

MAE[𝑘] = 1
𝑛𝑝

𝑛𝑝

∑
𝑖=1

(|𝑃𝑖 − 𝑂𝑖|) ,

MAE[1 − 𝑁] = 1
𝑁

𝑁
∑
𝑘=1

(MAE[𝑘]) ,
(5)

where 𝑛𝑝 is the total number of predictions for the future 𝑘-th day, 𝑃𝑖 is the
predicted value on the 𝑖-th prediction day, and 𝑂𝑖 is the corresponding true
observed value.
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Fig. 3

Figure 3: Fig. 3

4 Forecasting Experiments and Results Analysis
4.1 Data Preprocessing
The UT1–UTC series in the EOP 14 C04 product contains leap-second infor-
mation, which must be removed before use. To date, since 1962 this series has
accumulated a total leap-second length of 27 s, including 22 leap-second events
before 2000. In addition, this series also contains 62 tidal terms of the solid
Earth tides with periods from 5 d to 18.6 yr; before forecasting, the influence of
tidal variations must be removed according to the IERS 2010 Conventions [1].
Specifically,

The processing procedure is shown in Fig. 4. First, based on the information
of known leap-second events, the corresponding cumulative leap-second values
(Fig. 4(b)) are removed from the original UT1−UTC series (Fig. 4(a)), yielding
a continuous UT1−TAI series (Fig. 4(c)); then, according to the IERS 2010
conventions, the tidal correction series (Fig. 4(d)) is computed, and the tidal
correction term is subtracted from the UT1−TAI series, finally obtaining the
UT1R (Residual UT1)−TAI series after leap-second removal and tidal correction
(Fig. 4(e)).

Fig. 3 Analysis of ETH EAMz forecast errors and pseudo-prediction data sim-
ulation process. (a) EAMz forecast absolute-error heatmap: the horizontal
axis represents the 𝑖-th predicted day, and the vertical axis represents the 𝑘-th
step predicted on the 𝑖-th day. Red indicates large errors, while blue indicates
small errors, where large-error data in the heatmap containing outliers are rare;
(b) 14-step EAMz forecast absolute-error variation diagram; (c) EAMz compo-
nent absolute-error heatmap after outlier removal. It can be observed that the
heatmap distribution is normal after outlier removal, and errors increase with
the number of prediction steps; (d) 14-step EAMz forecast absolute-error varia-
tion diagram after outlier removal; (e) EAMz simulated-data error after adding
white noise at the original error level of ETH EAMz; (f) EAMz simulated-data
error after adding white noise slightly higher than the original error level of
ETH EAMz.

To make the UT1R-TAI series satisfy the stationarity assumption of time-series
forecasting models, differencing is applied to enhance the stationarity of the
series. From the ADF and KPSS test results shown in Table 2, it can be seen
that the test conclusions for the original series are consistent, confirming it as
a nonstationary series; for the first-order differenced series, the ADF test indi-
cates that the series is already stationary, but the KPSS test still rejects the
null hypothesis of mean stationarity. This contradiction indicates that although
first-order differencing eliminates the unit root of the series, it does not fully
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Fig. 4 Process of skip-second removal and tidal correction. (a) Original
UT1−UTC sequence; (b) cumulative skip-second information; (c) UT1−TAI
sequence obtained by subtracting skip seconds from the UT1−UTC sequence;
(d) Earth’s solid tide correction time series; (e) UT1R−TAI sequence after

removing skip-second information and applying tidal correction.

Figure 4: Fig. 4 Process of skip-second removal and tidal correction. (a) Origi-
nal UT1−UTC sequence; (b) cumulative skip-second information; (c) UT1−TAI
sequence obtained by subtracting skip seconds from the UT1−UTC sequence;
(d) Earth’s solid tide correction time series; (e) UT1R−TAI sequence after re-
moving skip-second information and applying tidal correction.

satisfy the requirement of mean stationarity, and some nonstationary fluctua-
tions may still remain. Therefore, in this study, second-order differencing is
performed on UT1R-TAI (denoted as Δ2UT1R-TAI), ultimately making the
conclusions of the ADF and KPSS tests consistent and jointly determining that
the processed series satisfies the stationarity requirement. Based on the physical
association between UT1R-TAI and EAMz, first-order differencing is performed
on the EAMz series (denoted as ΔEAMz); its ADF and KPSS test results are
shown in Table 3.

On this basis, for the Δ2UT1R-TAI series and the ΔEAMz series (Fig. 5(a) and
(b)), LS fitting is performed respectively, and the periodic and trend terms in
the series are removed (Fig. 5(c) and (d)), providing more informative residual
series for subsequent forecasting (Fig. 5(e) and (f)).

Fig. 4 Process of skip-second removal and tidal correction. (a) Original
UT1−UTC sequence; (b) cumulative skip-second information; (c) UT1−TAI
sequence obtained by subtracting skip seconds from the UT1−UTC sequence;
(d) Earth’s solid-tide correction time series; (e) UT1R−TAI sequence after
removing skip-second information and applying tidal correction.

Table 2 Stationarity test of UT1R-TAI sequence

Sequence
ADF
Test

ADF
Test

ADF
Test

KPSS
Test

KPSS
Test

KPSS
Test Conclusion

Sequence p-value Statistic Result p-value Statistic Result Conclusion
Original 0.605236 −1.3516 NS 0.01 14.9749 NS NS
First-
Order

0.000008 −5.2242 S 0.01 1.6583 NS I

Second-
Order

0.000000 −15.0869 S 0.1 0.0276 S S

Notes: 95% significance level: ADF test (p-value < 0.05 and statistic <
−2.8620); KPSS test (p-value ≥ 0.05 or statistic < 0.4630); S=Stationary,
NS=Non-stationary, I=Inconsistent.
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4.2 Results and Analysis
Comparison of Results with the 2nd EOP PCC

To verify the effectiveness of the proposed method, the LS+XGBoost model in-
corporating the ΔEAMz physical excitation, the baseline model relying only on
the UT1−UTC historical sequence, and the participating methods in the 2nd
EOP PCC[^34] were compared. The prediction results and comparison data are
shown in Table 4, and the trend of MAE with prediction lead time is shown in
Fig. 6. The main conclusions are as follows: (1) LS+XGBoost (ΔEAMz), by in-
corporating the physical excitation information of ΔEAMz, achieves an average
mean absolute error (MAE [1–10]) of 0.1896 ms over the 10 d prediction period,
which is 29.6% lower than that of the baseline model LS+XGBoost (0.2694 ms),
verifying the improvement effect of ΔEAMz on UT1−UTC prediction accuracy.
(2) LS+XGBoost (ΔEAMz) shows particularly outstanding prediction accuracy
at lead times of 1, 3, and 4 d, ranking among the best of all comparison methods.

gradient boosting. Specifically: the MAE on day 1 is 0.0190 ms, slightly better
than the participating methods such as 𝐶105 (0.0193 ms) and 𝐶136 (0.0219 ms);
the MAE on day 2 is 0.0408 ms, slightly lower than 𝐶105 (0.0385 ms); the
MAE on day 3 is 0.0637 ms, which is 7.4% lower than the 𝐶105 method (0.0688
ms), showing an obvious accuracy advantage; the MAE on day 4 is 0.0931 ms,
likewise better than 𝐶105 (0.0950 ms), and still maintains the optimal gradient
boosting level; (3) as the forecast horizon increases, the prediction accuracy of
LS+XGBoost (ΔEAMz) gradually decreases. On forecast day 5 and thereafter,
it is slightly inferior to some of the best-performing participating methods. As
can be seen from the MAE curves in Fig. 6, after forecast day 5 the curves of
participating methods such as 𝐶105 show a more moderate growth rate in MAE
and better long-term stability.

Table 3 Stationarity test of EAMz sequence

Sequence

ADF
Test 𝑝-
value

ADF
Test

Statis-
tic

ADF
Test

Result

KPSS
Test 𝑝-
value

KPSS
Test

Statis-
tic

KPSS
Test

Result Conclusion
Original0.000000 −8.4377 S 0.1 0.0378 S S
First-
Order

0.000000 −42.4459 S 0.1 0.0092 S S

Notes: 95% significance level: ADF test (𝑝-value < 0.05 and statistic
< −2.8620); KPSS test (𝑝-value ≥ 0.05 or statistic < 0.4630); S=Stationary,
NS=Non-stationary, I=Inconsistent.

Fig. 5 Process of removing trend terms and periodic terms from Δ2UT1R−TAI
and ΔEAMz sequences via LS fitting, (a) Δ2UT1R−TAI sequence; (b) ΔEAMz
sequence; (c), (d) LS fitting results of the Δ2UT1R−TAI sequence and the
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Fig. 5 Process of removing trend terms and periodic terms from
Δ2UT1R−TAI and ΔEAMz sequences via LS fitting.

Figure 5: Fig. 5 Process of removing trend terms and periodic terms from
Δ2UT1R−TAI and ΔEAMz sequences via LS fitting.

ΔEAMz sequence, respectively; (e), (f) residuals of the Δ2UT1R−TAI sequence
and the ΔEAMz sequence after removing trend terms and periodic terms, re-
spectively.

Table 4 Comparison of daily prediction accuracy between the LS-XGBoost
method (LS-XG1 uses ΔEAMz, while LS-XG2 only uses the UT1−UTC histori-
cal sequence) and the top 10 models in terms of MAE [1–10] from the 2nd EOP
PCC (unit: ms)

Day LS+XG1LS+XG2C105 C136 C200 C146 C116 C147 C104 C149 C103 C130

1 0.01900.02130.01930.02190.03020.02540.04600.02550.02340.06090.03240.0314
2 0.04080.04940.03850.04200.05960.05200.10340.05150.04620.07600.07010.0687
3 0.06370.09240.06880.06990.08710.09730.13950.09800.07940.12840.12310.1132
4 0.09310.14440.09500.09780.11790.14770.16420.14730.12890.16910.18230.1784
5 0.13480.20590.11660.12190.14060.18020.18670.17980.18590.19780.22400.2386
6 0.18530.27690.14340.15070.17330.21610.21690.21800.24820.24800.26270.3047
7 0.24020.34140.18010.18270.20920.25480.25550.26180.31760.28690.32220.3800
8 0.29920.41860.22370.21890.24950.31990.29920.32800.38730.34630.38930.4757
9 0.37080.51650.27100.26160.29670.38090.34760.38760.46130.45170.45310.5731

10 0.44910.62810.32750.31800.35190.48500.40920.49500.53630.55470.51040.6935
1–
10

0.18960.26940.14830.14850.17160.21590.21680.21920.24140.25190.25690.3057

Fig. 6 MAE variation curve of daily prediction accuracy between the LS-
XGBoost method (LS-XG1 (red) uses ΔEAMz, while LS-XG2 (purple) only
uses the UT1−UTC historical sequence) and all participating models in the
2nd EOP PCC.

Analysis of the Role of ΔEAMz Auxiliary Information and Changes
in Prediction Error

As shown in Fig. 7, after introducing the historical data and forecast data of
ΔEAMz into the LS+XGBoost model, the fit between the residual sequence
output by LS+XGBoost (ΔEAMz) and the true UT1−UTC residual curve is
significantly improved: both the small-amplitude high-frequency fluctuations
of the residuals and the local peaks and troughs can be characterized more
accurately. This phenomenon directly demonstrates the gain effect of ΔEAMz
auxiliary information on the prediction accuracy of residual terms.
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Further analysis of the temporal evolution characteristics of the prediction er-
ror shows that, as the prediction span increases, the growth rate of the model
MAE accelerates and the prediction accuracy shows a downward trend. This
phenomenon is mainly caused jointly by the following four factors: (1) the
iterative accumulation effect of rolling prediction: the model adopts a multi-
step rolling prediction strategy, in which the prediction of the next step must
take the prediction result of the previous step as the input basis, causing the
prediction error at each step to be propagated to subsequent steps and accumu-
lated progressively, ultimately leading to a significant amplification of the bias
in long-term prediction; (2) LS extrapolation error: the LS method has rela-
tively high fitting accuracy in the time-series interpolation scenario, but when
the prediction span exceeds the temporal coverage of the training data, its
ability to fit unknown trends beyond the range decreases significantly, making
extrapolation bias likely, and this bias continues to intensify as the prediction
duration increases; (3) inherent errors of second-order differencing: the second-
order differencing operation is sensitive to the measurement noise in the original
UT1−UTC observational data, and its theoretical assumption of “improving
sequence stationarity through differencing”has certain deviations from the com-
plex characteristics of actual non-tidal perturbations of Earth rotation. The
errors caused by these two factors are gradually amplified as the prediction
duration increases; (4) error propagation of EAMz forecast data: as shown in
Fig. 3(a) and (b), the EAMz future forecast data used to assist prediction
are affected by factors such as the accuracy limitations of the forecast model
itself and contain inherent forecast errors. Such errors are transmitted to the
UT1−UTC prediction model in the form of“error sources,”further intensifying
the prediction bias of UT1−UTC.

Analysis of the Influence of Differencing Strategies on Prediction Ac-
curacy

Differencing preprocessing is a core step for ensuring the modeling reliability of
the UT1R-TAI and EAMz sequences and improving prediction accuracy. From
the analyses in Table 2 and Table 5, it can be seen that the original UT1R-TAI
sequence exhibits nonstationary characteristics, making its embedded trend or
periodic fluctuations difficult for the model to capture effectively. When mod-
eled directly, the MAE [1–10] reaches 0.662665 ms. After first-order differencing,
the stationarity of the sequence is improved, and the prediction accuracy in-
creases by three orders of magnitude, with the corresponding MAE [1–10] being
0.001696 ms. After second-order differencing, the sequence becomes completely
stationary, the conclusions of the ADF and KPSS tests are consistent, and the
modeling reliability is significantly enhanced; the MAE [1–10] further decreases
to 0.000218 ms. However, third-order differencing excessively loses effective in-
formation in the data and amplifies noise, causing the prediction accuracy to
rebound; its minimum MAE [1–10] is 0.000637 ms, significantly lower than the
accuracy level of second-order differencing.
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Fig. 7

Figure 6: Fig. 7

Fig. 7 Comparison of prediction results for UT1−UTC stochastic terms with
and without ΔEAMz auxiliary information: (a) prediction results using only
the UT1R-TAI sequence as input; (b) prediction results incorporating ΔEAMz
auxiliary information (including historical and forecast data).

The combination of second-order differencing for UT1R-TAI and first-order dif-
ferencing for EAMz is the optimal preprocessing scheme. This conclusion stems
from the compatibility of the physical connection between the two and the syner-
gistic optimization of sequence stationarity. From the perspective of the physical
mechanism, the physical meanings of UT1R-TAI second-order differencing and
EAMz first-order differencing form an accurate correspondence, enabling the
auxiliary information and the prediction target to be highly coupled in their
intrinsic mechanism. In addition, from the perspective of sequence stationar-
ity, under this combination the UT1R-TAI and EAMz sequences both satisfy
the stationarity requirements needed for modeling. Therefore, compared with
other differencing combinations, this combination can more fully exploit the
gain effect of EAMz auxiliary information and ultimately achieve the optimal
improvement in prediction accuracy.

Contribution Analysis of the Prediction Performance of the XGBoost
Model

To evaluate the relative advantages of the XGBoost nonlinear machine-learning
model, the MAR model

35
was selected as the comparison method, while the other processing steps and
methods were kept consistent. The MAR model realizes prediction by capturing
the linear dependence relationships among multiple time-series variables, and it
has been widely applied in the field of EOP prediction.

The experiments used the mean absolute error (MAE [1 − 𝑁]) as the evaluation
metric for model prediction performance, and compared the prediction results
of the XGBoost model and the MAR model under different prediction horizons
(1–3 steps, 1–5 steps, and 1–10 steps). As can be seen from the data in Table
6, under all prediction horizons, the MAE values of the XGBoost model are
lower than those of the MAR model, indicating better overall performance in the
UT1–UTC time-series prediction task. Further analysis of the improvement rate
shows that, as the prediction horizon increases, the performance improvement of
XGBoost relative to MAR exhibits a significant upward trend: the improvement
rate is 10.86% for 1–3-step prediction; it rises to 21.34% for 1–5-step prediction;
and further increases to 24.60% for 1–10-step prediction. This indicates that,
compared with MAR, the growth rate of prediction error for XGBoost becomes
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slower as the prediction duration increases.

Table 5 Comparison of prediction errors under different combination
schemes of difference orders (MAE [1–10], unit: s), the bold value is
the optimal scheme.

UT1R-TAI EAMz EAMz EAMz
UT1R-TAI 0 1 2

0 0.662665 0.611752 0.620083
1 0.001696 0.001528 0.001363
2 0.000218 0.000190 0.000260
3 0.001295 0.000827 0.000637

Table 6 Comparison of prediction performance between XGBoost and
MAR models with different prediction horizons under the same data
preprocessing (MAE [1-N], unit: s)

Prediction Horizon XGBoost MAR Upgrade Rate
MAE [1–3] 0.000041 0.000046 10.86%
MAE [1–5] 0.000070 0.000089 21.34%
MAE [1–10] 0.000190 0.000252 24.60%

5 Conclusions and Prospects
This study proposes an ultra-short-term UT1–UTC prediction method that inte-
grates physical excitation information (the effective angular momentum 𝑧 com-
ponent, EAMz) with machine-learning models (eXtreme Gradient Boosting, XG-
Boost). This method first performs leap-second removal and tidal correction on
the UT1–UTC series, adaptively determines the difference order through ADF
and KPSS tests (ultimately selecting second-order differencing), and introduces
the first-order differenced EAMz series, which has a physical association with it,
as an external physical excitation factor. Subsequently, the least-squares (LS)
model is used to separately separate and remove the trend term and periodic
term, obtaining a residual series with better stationarity. Finally, the XGBoost
model is used to construct the nonlinear mapping relationship between UT1–
UTC and the EAMz residual series, thereby achieving an accurate characteriza-
tion of the variation pattern of the random component of UT1–UTC, and the
multivariate autoregressive (MAR) model is used to verify the advantages of
the nonlinear method.

The experimental results show that, within a 10 d prediction period, the overall
performance of this method (LS-XGBoost (EAMz)) is superior to that of the LS-
XGBoost benchmark model relying only on the historical UT1–UTC series, with
the mean absolute error (MAE) reduced by about 29.6%. In particular, in the 1–
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4 d prediction interval, its accuracy is outstanding, achieving prediction results
comparable to or even better than those of the best participating models in the
2nd Earth Orientation Parameter Prediction Comparison Campaign (2nd EOP
PCC). However, it should be noted that, as the prediction duration increases,
the accumulation of errors in rolling prediction, the inherent bias from LS ex-
trapolation, the error propagation in second-order differencing, and the gradual
increase in the uncertainty of EAMz prediction data lead to some weakening of
the model’s accuracy advantage at day 5 and beyond. Overall, through the
deep integration of physical excitation information and machine-learning meth-
ods, this study provides a feasible new technical approach for ultra-short-term
UT1–UTC prediction, and verifies the effectiveness of the“physical mechanism
+ data-driven”integrated modeling idea in Earth rotation parameter prediction.

Future research can be carried out in three aspects. First, multi-step prediction
strategies suitable for the nonlinear time-series characteristics of UT1–UTC can
be explored to improve the model’s ability to capture long-period variations.
Second, a time-series progressive decomposition mechanism can be introduced
into the model framework to realize adaptive dynamic separation of the trend
term, periodic term, and random term in the UT1–UTC series, thereby avoiding
the error accumulation caused by traditional static decomposition. Third, a
collaborative optimization mechanism of “decomposition–prediction–feedback”
can be constructed, in which the decompos-

The dynamic adjustment of the solution process is combined with error feedback
from the prediction results, effectively reducing extrapolation bias in medium-
and long-term prediction, thereby extending the applicability of this method to
medium- and long-term UT1−UTC prediction scenarios.
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Research on Ultra-Short-Term Prediction Method
of UT1–UTC Integrating Effective Angular Mo-
mentum Function and Extreme Gradient Boost-
ing Model
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(2 School of Astronomy and Space Science, University of Chinese Academy of
Sciences, Beijing 100049)
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of Sciences, Nanjing 210023)

Abstract Accurate ultra-short-term prediction of UT1–UTC is of critical im-
portance for geodesy, satellite navigation, and space geophysics. This study
presents a novel forecasting approach that integrates Effective Angular Momen-
tum functions (EAM) with the Extreme Gradient Boosting (XGBoost) model.
The method first preprocesses the UT1–UTC series by removing skip seconds,
correcting tidal effects, and applying second-order differencing. Trend and pe-
riodic components are then separated using a Least Squares (LS) model to ob-
tain stationary residuals. Historical and predicted EAM data are incorporated
as external excitation factors to capture the influence of non-tidal geophysical
processes. The residual sequence is subsequently modeled using XGBoost to
capture nonlinear dependencies, enabling multi-step rolling forecasts. Exper-
iments conducted on the EOP 14 C04 dataset from the International Earth
Rotation and Reference Systems Service (IERS) show that, within a 10-day
prediction horizon, the EAMz-assisted LS+XGBoost method reduces the mean
absolute error by approximately 29.6% compared with models relying solely on
the UT1–UTC historical series. Compared with methods from the Second EOP
Prediction Comparison Campaign, the proposed approach achieves the highest
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accuracy on Days 1, 3, and 4. These results demonstrate that integrating phys-
ical excitation information with machine learning substantially enhances the
ultra-short-term prediction capability of UT1–UTC.

Key words astrometry: reference systems, earth rotation: UT1–UTC, methods:
data analysis

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv. Machine translation. Verify with the original.
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