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Abstract 

Earth orientation parameters (EOP) are critical for applications in orbit determination, astronomy, space geodesy, and geophysics. 
Accurate predictions of EOP rely on the identification of both deterministic periodic patterns and noise characteristics. This study 
addresses these requirements by analyzing the Polar Motion (PM) and Length Of Day (LOD) time series to determine its stochastic model 
structure, estimated using least squares variance component estimation (LS-VCE). With this model, deterministic periodic patterns were 
extracted through least squares harmonic estimation (LS-HE) and validated against colored noise components to identify significant sig-
nals. Using the IERS 14 C04 data from January 1, 2000, to December 31, 2019, the study identified the noise as power-law with a spectral 
index of −1.5, suggesting non-stationary fractional Brownian characteristics. LS-HE detected dominant frequencies in PM–notably the
Chandler and annual signals–and in LOD, with annual, semiannual, 14-day, and 9-day signals. Building on these findings, short-, mid-
, and long-term prediction model were developed for the PM and LOD time series from September 2021 to December 2022. The predictive
model combines the LS-HE-extracted signals and the noise model to generate forecasts. These predictions were compared with other mod-
els from the Second Earth Orientation Parameter Prediction Comparison Campaign, demonstrating competitive accuracy, particularly for
the initial forecast days. The results validate that combining LS-HE with a realistic noise model provides an effective approach for short-
term of the PM and LOD forecasting, meeting the accuracy goals of geodetic and geophysical applications.
© 2025 COSPAR. Published by Elsevier B.V. All rights are reserved, including those for text and data mining, AI training, and similar 
technologies. 
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1. Introduction 

The Earth undergoes continuous rotation about its axis, 
influenced by both internal and external processes. Under-
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technologies. 
standing variations in this rotation is essential for a range 
of scientific and applied disciplines, including geophysics, 
astronomy, and space geodesy. Earth Orientation Parame-
ters (EOP) represent five angles (x, y, UT1-UTC, dX, and 
dY) that define Earth’s orientation in space, providing a 
critical link between terrestrial and celestial reference 
frames. Polar Motion (PM), described by the x and y coor-
dinates of the celestial intermediate pole (CIP) relative to
ved, including those for text and data mining, AI training, and similar 
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the terrestrial reference frame, captures changes in Earth’s 
orientation due to mass redistribution and dynamic pro-
cesses. Earth’s rotation angle is represented by UT1-UTC 
( UT 1), while changes in rotation rate, or Length of Day
(LOD), reflect variability in Earth’s rotational velocity
(Tapley et al., 1985; Lichten et al., 1992; Schuh and
Schmitz-Hübsch, 2000). Additionally, Celestial Pole 
Motion (CPM), characterized by deviations of the celestial 
pole from its conventional location via dX and dY offsets,
further informs Earth’s dynamic orientation (Belda et al.,
2018; Mathews et al., 2002). High-precision EOP data are 
obtained from space geodetic methods such as very long 
baseline interferometry (VLBI), satellite laser ranging 
(SLR), and global navigation satellite systems (GNSS). 
VLBI uniquely provides access to all EOP components,
yet real-time EOP data availability is limited by processing
complexity, underscoring the need for reliable predictive
methods (Stamatakos, 2017; Modiri et al., 2024).

D 

Analyzing EOP provides insights into Earth’s fluid 
dynamics on a global scale, meeting critical research needs 
across geophysics, meteorology, oceanography, geomag-
netism, and hydrology (Guinot et al., 1980). Key influenc-
ing factors, such as sea level changes, atmospheric and 
oceanic mass redistribution, tidal deformation, an d angular
momentum exchange, significantly affect PM and Earth’s
rotation (Rochester et al., 1984). In recent years, research 
has advanced our understanding of the geophysical drivers 
of PM, highlighting influences from process es such as gla-
cial isostatic adjustment, mantle convection, and climate-
induced mass redistribution Ray and Erofeeva (2014);
Bizouard et al. (2022). Previous studies have documented 
seasonal patterns in EOP. For example, PM time series 
are dominated by the Chandler wobble (approximately 
14 months), an annual signal, and additional semiannual
and quarterly variations. Similarly, LOD exhibits annual,
semiannual, and shorter periodic fluctuations (Iz, 2008; 
Shen and Peng, 2016). Temporal variations in these peri-
odic amplitudes suggest complex excitation mechani sms,
including atmospheric and oceanic interactions (Chen 
and Wilson, 2005; Michalczak et al., 2024). 

The stochastic characteristics of EOP time series–partic-
ularly those associated with long-memory colored noise–re-
main less investigated. In a previous study on PM time
series noise addressed by (Bizouard, 2020), given n solu-
tions pertaining to the pole coordinates derived from a 
specified methodology throughout the temporal intervals 
(2000–2019 for GNSS, 2004–2019 for SLR, and 1990– 
2019 for VLBI), Bizouard constructed n(n–1)/2 paired dif-
ferences. Systematic inaccuracies at a designated period or 
frequency are identified through the discrete Fourier spec-
trum, while the stochastic uncertainty can be evaluated by 
examining the Allan deviation. The findings were articu-
lated with respect to GNSS time series. Bizouard presents
a frequency modulation flicker noise or a pink noise char-
acterized by power spectral density and spectral amplitude,
respectively. Subsequently, this study selected three SLR
solutions. The Allan deviation of the corresponding paired
2595
differences exhibited slopes ranging from 0 to 1.3 com-
mencing from a duration of 10 days, with a noise magni-
tude at least twice that observed for GNSS. Following 
the SLR analysis, they selected five VLBI series over time
spans ranging from 10 days to inter-annual periods. The
Allan deviations of the corresponding paired differences
displayed slopes approaching 1.2 on a log–log scale.

In addition, stochastic models, including autoregressive 
(AR), autoregressive moving average (ARMA), and 
autoregressive integrated moving average (ARIMA) mod-
els, are commonly employed to capture temporal correla-
tions in time series data. In these models, the AR 
component reflects the influence of past values, the moving 
average (MA) component accounts for past errors, and the 
integrated component in ARIMA enables differencing to 
stabilize non-stationary series. W hile these models effec-
tively capture certain types of temporal correlation, they
may fall short of fully characterizing the complex noise
properties inherent to EOP time series. A deeper under-
standing of these noise characteristics could substantially
enhance prediction accuracy and reliability (Hamdan an d
Sung, 1996; Iz, 2008; Guo et al., 2013; Shen et al., 2018;
Wu et al., 2021; Jin et al., 2021b). Recently, methods that 
incorporate derivative information into PM predictions 
have demonstrated improved stability and accuracy in 
short-ter m forecasts by integrating derivative components
specific to EOP dynamics (Michalczak et al., 2024). 

There is a substantial body of literature dedicated to 
studying the prediction of PM and LOD, which warrants 
further analysis and summarization. Various approaches 
have been explored: Single Mathematical Method, Com-
bined Mathematical and Physical Methods, and Int egrated
Mathematical Methods. AR Models (Kosek et al., 1 998), 
Least Squares (LS) collocation (Włodzimierz, 199 0), artifi-
cial neural network (ANN) (Schuh et al., 2002; Kal arus
and Kosek, 20 04) are some examples of Single Mathemati-
cal Method to predict PM and LOD. Combination of the 
methods that take into account the axial component of 
effective angular momentum (Freedman et al., 19 94;
Gross et al., 1998; Johnson et al., 2005; Niedzi elski and
Kosek, 2008; Nastula et al., 2012; Dill et al., 20 19; Modiri
et al., 20 20) are some examples of Combined Mathematical 
and Physical Methods. Some studies, like (Zotov et al .,
2018), have integrated multiple predictive approaches with 
Astronomical Observations. In addition, Machine Learning 
(ML) approaches (Wang and Zhang, 2023; K iani
Shahvandi et al., 2022; Kur et al., 2024; Dh ar et al.,
2024), including physics-informed neural networks 
(PINNs), have incorporated these geophysical constraints 
to enhance predictive accuracy (Kiani Shahvandi et a l.,
2024). Identifying both deterministic periodic patterns and 
stochastic characteristics in EOP is thus crucial for refining 
prediction models and enabling high-precision applications. 
Therefore, the hybrid methods can effectively be used to the 
prediction of EOP. Prediction methods span fr om classical
LS extrapolation and ARmodels (Kosek et al., 1998; K osek
et al., 2007; Xu et al., 2012) to advanced ML models that
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effectively capture the complex patterns in EOP time series, 
particularly in short-term forecasting (Guessoum et al.,
2022; Dhar et al., 2024). In addition, combination of the 
Singular Spectrum Analysis (SSA) with ARMA, Copula,
or Multilayer Perceptron (MLP) (Modiri et al., 2018;
Shen et al., 2018; Jin et al., 2021b ; Jin et al., 2021a; Kong
et al., 2023; Wu et al., 2023) are some example of the Inte-
grated Mathematical Methods. For example, in the studies
applied by Jin et al. (2021a) the MLP is introduced into PM 
prediction. They try for the first time to combine MLP with 
ARMA and SSA for the mid- and long-term prediction of 
PM. The principal components of PM were extracted and
predicted by SSA first. Then, the combined MLP and
ARMA were used to predict the residual term. In addition,
Wu et al. (2023) combined MLP, SSA and ARMA for 
short- and long-term PM prediction. MLP was introduced 
into PM prediction due to its automatic learning character-
istics and its ability to effectively process nonlinear and 
multi-dimensional data. The SSA was used to extract and 
predict the principal components of PM, while the remain-
ing components were predicted using ARMA. In the mean-
time, SSA and ARMA were used to provide training data
and target learning data for the MLP model.

The International Earth Rotation and Reference Sys-
tems Service (IERS) has led two Earth Orientation Param-
eter Prediction Comparison Campaigns (EOP PCC) to 
assess prediction methods. Findings from the first cam-
paign (2005–2009) suggested that no single approach is
optimal across all EOP components and prediction inter-
vals, promoting the development of hybrid prediction
models (Kalarus et al., 2010). The ongoing second cam-
paign (since 2021) has emphasized advancing predictive 
techniques, including machine learning and statistical inno-
vations, such as vector au toregressive (VAR) models,
which model residual processes jointly with primary time
series (Sliwinska-Bronowicz et al., 2024; Michalczak
et al., 2024). 

Given the critical role of the PM and LOD in numerous 
applications, this study addresses the following research 
questions: i) How can the deterministic periodic patterns 
and noise characteristics of the PM and LOD can be effec-
tively modeled and quantified to enhance short-term pre-
diction accuracy? ii) What are the dominant frequencies 
within the PM and LOD time series, and how do they con-
tribute to overall behavior and pred ictability? iii) How
effective is a hybrid model that integrates periodic and
noise components in improving prediction reliability for
real-time applications? To address these questions, we
hypothesize that the PM and LOD time series exhibit a
power-law (PL) noise process, similar to many geophysical
phenomena (Mandelbrot, 1982; Agnew, 1992; Williams,
2003; Williams et al., 2004; Amiri-Simkooei, 2007). By iso-
lating colored noise from true periodic signals, we aim to 
establish a robust functional and stochastic model for 
PM and LOD, estimated through least squares variance
component estimation (LS-VCE) and least squares har-
monic estimation (LS-HE). Our objective is to enhance
2596
the precision of the PM and LOD predictions for real-
time applications in discipline s that depend on accurate
Earth orientation data.

This paper is structured as follows: Section 2 discusses 
the noise characteristics of the PM an d LOD time series.
Section 3 examines deterministic the PM and LOD pat-
terns. Section 4 details LS-HE frequency extra ction. Sec-
tion 5 presents a short-term the PM and LOD forecast 
and compares it to benchmarks from the second EOP
PCC. Finally, Section 6 summarizes findings and concludes 
the study.
2. Noise characteristics of the PM and LOD time series 

Similar to many geophysical time series, it is expected 
that the error sources in the PM an d LOD observations
introduce temporal correlations into the time series
(Agnew, 1992). Accordingly, the frequency-domain behav-
ior of the PM and LOD time series as a stochastic process 
can be described as a power law (PL) process . In a PL pro-

cess, the power spectrum is proportional to the power
of temporal frequency f (Mandelbrot, 1982; Agnew , 1992;
Williams, 2003; Williams et al., 200 4; Amiri-Simkooei,
2007). The spectral ind j usually ranges between 

j 1. A negative spectral index indicates more noise 
power at low frequencies. Among various spectral indices, 

0 j 1, and 2 are commonly referred to as 
well-known power-law noises, repres enting white noise,
flicker noise, and nonstationary random walk noise,
respectively. Spectral indices 1 j 1 confirm the sta-
tionarity of the time series.

jth 

ex 
3 

j j 

The stochastic behavior of an m-dimensional power law 
process with spectral index an also be described by a PL
noise covariance matrix L (Bos et al., 2008): 

j c 
QP 

QPL DT 
j 
2 UT U 1

where 

U 

h0 h1 hN 
0 h0 hN 1 

0  0  h0

2

and 

hi 
j 
2 i 1 

i 
hi 1 h 0 1 3

where is the sampling rate, considered to be D 1 
365 25

years for daily geodetic time series.

DT T 
2.1. Stochastic model identification 

For a time series of m observations y y1 y2 

ym 
T , considering the total noise as a combination of pure

white noise with variance and PL noise with variancer2 
w
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, the covariance matrix Q of observations can be mod-
eled as
r2 
PL 

D y Q r2 
wQw r2 

PLQ PL 4

which represents the stochastic model of the PM and LOD 
time series. This stochastic model can be formulated indi-
vidually for the time series of the x and y coordinates of 
the pole (PM) an d LOD, assuming they are uncorrelated
in pairs. Also, is a matrix with size m m and is defined
by the following equation:

Qw 

Qw diag r2 
1 r

2 
2 r2

m 5

where diag is the operator of matrix diagonalization and 
s are the precision of the observations. In other words, 

in the above matrix, these precisions play the role of weight
because older the PM and LOD observations always have
less accuracy than newer observations. Eq. (5) produces a 
cofactor matrix corresponding to a non-stationary white 
noise model. When considering the two coordinate compo-
nents of PM to be correlated, the same noise structure (PL 
noise) is expected for both components. The multivariate 
stochas tic model can then be formulated for the PM time
series and (time series of the x and y coordinates of
the pole, respectively) as follows:

r2 
i ’

y1 y2 

D vec Y R Q 6

where and are the vectorization and Kronecker pro-
duct operators, respectively, y1 y2 is the observa-

tion matrix, R r2 
1 r12 

r12 r2 
2 

describes the between-series 

correlation with the (co) varia nces r j 1 2, and Q rep-
resents the time correlation in the time series, similar to Eq.
(4). Because the two components of PM share the same 
structure, they are examined using a multivariate frame-
work. As a result, the correlation between PM x and PM
y is represented in the covariance matrix and is assessed
through the multivariate LS-VCE (Amiri-Simkooei, 2007). 
In contrast, the LOD time series present s a more intricate
structure.

vec 
Y 

ij i 

R 

The stochastic model identification of the PM and LOD 
time series can be conducted in two steps. First, the PL 
spectral index needs to be determined. This can be
achieved through methods such as the w-test and Log-
likelihood statistics (Amiri-Simkooei, 20 07), or by estimat-
ing the slope of the power spectra in log–log space
(Nikolaidis, 2002). Due to the non-stationary behavior of 
the PM and LOD time series and variations in periodic pat-
terns that are not fully modeled by the trigonometric terms 
of the functional model, the slope estimation method in 
log–log space provides a more reliable estimate of the spec-
tral index. In this study, the univariate and multivariate
least squares harmonic estimation (LS-HE) power spec-
trum is used for this purpose (see Section 3.1). Second, 
the unknown parameters of the stochastic model need to 
be estimated. The unknown variance 2

w an 2
PL in Eq.

(4) and the between-series (co) varian rij i j 1 2,

j 

s r d r 
ces 
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can be estimated using the univariate or multivariate LS-
VCE.
2.2. Least squares variance component estimation (LS-

VCE) 

2.2.1. Univariate LS-VCE 

Considering the deterministic behaviors to be modeled 
in a linear model of observation equations,

E y Ax 7 

where E is the expectation operator, and A and are the 
design matrix and unknowns of the functional model, 
respectively, the least squares estimate of the unknown
variance components in the stochastic model of Eq. (4), 

s1 s2 
T r2 r2 T 

, can be obtained through

x 

s w PL 

s N 1 l 8

where the entries of the normal matrix N and the vector
are

l 

nkl 
1 
2 
tr Q 1 PAQkQ 

1 P AQl 9

and 

lk 
1 
2 
eT Q 1 QkQ 

1e 10

In the above equations, l 1 2 Q1 Qw and 2 QPL 

are the whi te and PL noise covariance matrices from Eq.

(1), tr is the trace operat and e PA y with 
I A  AT Q 1 A 

1 
AT Q 1 as an orthogonal projector.

Since Q appears in Eqs. (9) and (10), the variance compo-
nents are estimated iteratively, as discussed by Amiri-
Simkooei et al. (2007, 2008). 

k Q 

or, 
PA 

s 

2.2.2. Multivariate LS-VCE 

We now formulate the multivariate functional model for 
the PM time series and asy1 y2 

E vec Y I2 A vec X 11

where is the 2-dimensional identity matrix, and 
x1 x2 is the unknown matrix in the functional 

model. The unknowns in the stochastic model of Eq. (6) 
are estimated in two steps (Amiri-Simkooei, 2009). The 
variance components s1 s2 

T r2 
w r2 

PL 
T
are first

estimated using Eq. (8) by calculating the entries of N
and s

I2 
X 

s 

l a 

nkl 
r 
2 
tr Q 1 PAQkQ 

1 P AQl 12

and 

lk 
m n 
2 

tr ET Q 1 QkQ 
1 E ET Q 1E

1

13

where PAY. The (co) variance matrix is then esti-
mated as

E R
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R 
ETQ 1 E 

m n 
14
3. Deterministic patterns of the PM and LOD time series 

The deterministic variations in the PM and LOD time 
series can be effectively modeled using the Least Squares 
Harmonic Estimation (LS-HE) method. This approach 
formulates the time series within a robust functional model, 
typically including a linea r trend component along with
multiple periodic signals, which employed in many different
time series. LS-HE is applicable in both univariate and
multivariate forms (Amiri-Simkooei, 2007). For analyzing 
the PM represented by the x and y coordinates of the pole, 
a bivariate LS-HE routine provides an appropriate frame-
work (Amiri-Simkooei, 2013). 

3.1. LS-HE methodology 

3.1.1. Univariate LS-HE 
Consider a time series of m observations, 
y1 y2 ym 

T , which consists of a linear trend and q 
seasonal signals with frequenc x k k 1 q. The
functional model for this time series can be expressed as:

y 
ies 

E  y Ax 
q 

k 1 
Akx k 15

where 

A 

1 t1 

1 t2 

1 tm 

Ak 

cos xkt1 sin xkt1 

cos xkt2 sin xkt2 

cos xktm sin xktm

16

In this setup, the vecto x y0 r 
T contains the linear 

regression parameters (intercept and slope), while the vec-
tors ak bk 

T hold the coefficients for the cosine and
sine components of the seasonal signals, from which the
phase and amplitude can be determined.

r 

xk 

The primary objective of LS-HE is to identify the signif-
icant frequencies k 1 q, and to establish the num-
ber q of relevant periodic signals. LS-HE identifies these 
frequencies through a numerical procedure that evaluates

the LS-HE power xj for a discrete set of candidate fre-

quencies j 1 2 , where:

xk 

P 
xj 

P xj eT Q 1 Aj A
T 
j Q 

1 PAAj 

1 
AT 
j Q 

1e 17

with PA y and A I A  AT Q 1 A 
1 
AT Q 1 . Here, Q 

denotes the covariance matrix of observations, as intro-
duced in Section 2.1. Frequencies are explored from the 
Nyquist frequency up to the total span of the time series, 
with progressively refined resolution. Peaks in the LS-HE
power spectrum, corresponding to dominant frequencies

e P 
2598
, indicate statistically significant signals at a confidence 
level o 1 a P xk v2a 2 0 (Amiri-Simkooei, 
2007). 

xk 

f if 

3.1.2. Multivariate LS-HE 

1 a 2 sFor paired m-length time series y nd y ampled simul-
taneously (e.g., x and y coordinates of PM), the multivar i-
ate or bivariate functional model, in alignment with Eq.
(15), is represen ted as:

E vec Y I2 A vec X 
q 

k 1 
I2 A k vec X k 18

where y1 y2 X x1 x2 ,  an  Xk x1k x2k , with 
1 q, represent the matrices of time series observa-

tions, linear regression unknowns, an d trigonometric
unknowns, respectively. The LS-HE power spectrum for
the multivariate case is given by:

Y d  
k 

P xj tr ET Q 1 Aj A
T 
j Q 

1 PAAj 

1 
AT 
j Q 

1 ER 1 19

where PA Y , and and Q are derived through multi-
variate LS-VCE as discussed in Section 2.2. Identified sig-
nals appear as power spectrum peaks and are statistically 
significant if xk v2a 4 0 (Amiri-Simkooei, 2013). 

E R 

P 

4. Results and discussion 

The results and discussion are organized into four sub-
sections, presenting the analysis of both stochastic and 
deterministic variations in the PM components (x and y) 
and the LOD time series. The widely used IERS EOP 14
C04 data, which is available since January 1, 1962
Bizouard et al. (2019), was utilized in this study. For brev-
ity, we refer to the IERS EOP 14 C04 time series as PM 
time series, LOD time series, or colle ctively as EOP time
series. Before processing, periodic corrections were applied
based on the 2010 IERS conventions (Petit and Luzum,
2010). These corrections account for tidal rigidity and 
oceanic tidal effects in the LOD time seri es, which were
removed to yield the corrected LOD series, termed LODR.
Fig. 1 displays the LOD time series with and without these 
effects. The time series span from Jan uary 1, 1998 to
December 31, 2019, with a length of 24 years.

To evaluate the accuracy of this modeling in represent-
ing solid Earth and ocean tides in the LOD time series, 
we analyzed the amplitude of these signals in the LOD time 
series, the solid Earth plus ocean tide mod eling time series,
and the LODR time series. Table 1 shows the amplitude 
sizes of some of these signals. According to this table, it 
is clear that there are still effects of tidal signals of land 
and ocean rigidity in the LODR time series. These effects 
should be detected by the LS-HE method in the next steps, 
as expected. The correlation between these three time series 
was a lso calculated to assess the accuracy of the tidal signal
modeling. Table 2 shows the results.
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Fig. 1. LOD time series (top), the solid Earth plus ocean tide terms (middle), and the corrected LODR time series (bottom).

Table 1 
The amplitude of some solid Earth tide signals in the LOD, the solid Earth plus ocean tide modeling, and LODR time series.

No. Signal (days) LOD (ms/day) the solid Earth plus ocean tide (ms) LODR (ms/day )

1 5.64 0.1163 0.1014 0.0125 
2 9.54 0.1132 0.9584 0.0276 
3 13.66 0.0513 0.0327 0.0157 
4 27.44 0.0172 0.0094 0.0006 

Table 2 
The correlation between the solid Earth plus ocean tide time series with
LOD, and LODR

Time series LOD LODR 

The solid Earth plus ocean tide 0.5831 0.1207 

 

4.1. Stochastic model identification 

Similar to many geodetic time series, we consider the 
stochastic characteristics of the PM and LOD time series 
as a combination of pure white noise and PL noise with
a spectral index of (Eq. 4). The optimal spectral index 
were determined using the LS-HE power spectra. The 
power spectra were calculated with the following three con-
siderations. 1) the PM time series (x and y) were regarded 
as multivariate time series with identical characteristic s.
The multivariate and univariate LS-HE power spectra were
thus calculated for PM and LOD series, respectively. 2)
The power spectra were calculated considering white noise

j 
2599
as the underlying noise (i.e., in Eqs. (17) and (19)).  3)
Various power spectra were calculated for multiple win-
dows of 10 year data. They were then averaged to obtain 
the smoothed spectrum for the PM and LOD series. This 
smoothing facilitates the observation of the power spec-
trum slope in the log–log space, and hence to identify the 
appropriate noise structure. The first window spanned
from January 1, 1962 to December 31, 1973 and then they
were slid forward by a two-year step. The last window
spanned from January 1, 2008 to December 31, 2019,
and therefore resulting in 24 power spectra.

Qw 

The power spectra are illustrated in Fig. 2. The spectral 
values are plotted in log–log space against the period. The 
left frame shows the multivariate power spectrum of PM 
time series, and the right frame shows the LOD time series 
power spectrum. The spectra display distinct peaks that 
have corresponding underlying signals which we will 
explain later. However if we try to fit a line that can best 
approximate the power spectra (ignoring the seasonal sig-
nals), the one that goes through the power spectrum at high
and low frequencies should be selected. It is observed, in
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Fig. 2. Average power spectrum from 10-year windows for PM (left) and LOD time series (right), with log–log spectral values against the period. The best-
fit line with a spectral index 1 5 is shown in solid black.j 
both frames, that the line with the slope of 1.5 is best fitted 
(using least squares) to the power spectra. It is however 
noted that the ’linear fit’ underestimates the spectral index 
at high frequency, but likely overestimates it at (very) low 
frequency, indicating that the spectral index is frequency 
dependent. This 1 5 has also been confirmed when 
a line was fitted using the least squares method, excluding
the peaks as being outliers in the fits. The PM and LOD
time series are thus concluded to be optimally described
with a combination of white noise and PL noise with a
spectral index of 1 5.

j 

j 
In a previous study conducted by (Bizouard, 2020), he 

obtained different slopes for each of the PM observations 
from different techniques. These slopes ranged from 0 to 
1.3. Although the differences in methods cause differences 
in the results, it is noteworthy that in this study the process-
ing was performed on the C04 time series of the PM and 
LOD, which is the result of combining different techniques. 
However, what both studies have in common is the pres-
ence of colored noise in the PM and LOD observations.
This indicates that the noise in the PM and LOD time ser-
ies is not stationary, especially at high and medium fre-
quencies. This indicates that the long-term prediction can
be a challenging task for this application. The above noise
characteristics will be estimated and used for further
analysis in this contribution.
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4.2. Implementation of LS-HE 

The LS-HE algorithm was applied to the PM and LOD 
time series in order to extract their periodic patterns. The 
24-year data of the PM and LOD time series, from January 
1, 1998 to December 31, 2019, where analyzed for this pur-
pose. The multivariate and univariate LS-HE spectra were,
once again, calculated for PM and LOD time series, con-
sidering the pre-identified structure of noise, with the PL
spectral index 1 5 in Eqs. (17) and (19)). The com-
mon signals were thus identified for the two components 
(x and y) of the PM time series. The extracted signals using
LS-HE are listed in Table 3 with their amplitudes. The 
peaks in the LS-HE power spectra were evidence to find 
these signals. The statistical significance test will then be
applied to test the validity of the detected signals (see
Section 4.3). 

j 

In addition, as the time series are equally spaced, the 
Fast Fourier Transform (FFT) was applied to the time 
series to validate LS-HE results (Table 3). According to 
this table, the results of LS-HE and FFT are similar, 
with slight differences arising from the inherent characteris-
tics of each method. For example, LS-HE allows analysis 
at user-specified frequencies, whereas FFT is limited to a 
fixed set of frequencies when computing the power
spectrum.
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Table 3 
Extracted signals from the PM and LOD time series using LS-HE and FFT with unit days. The signals are manually identified from spectral peaks.

PM Time Series (x and y) LODR Time Series

No. LS-HE FFT x Amplitude (mas) y Amplitude (mas) LS-HE FFT Amplitude (ms/day )

1 433.61 433.60 79.74 79.82 364.63 365.25 0.32 
2 366.51 365.25 112.43 102.43 182.72 182.50 0.22 
3 231.91 233.50 2.92 15.75 121.81 121.75 0.04 
4 183.62 183.50 2.81 20.37 27.51 27.60 0.03 
5 123.91 121.75 1.07 6.23 13.66 13.60 0.21 
6 13.66 13.60 0.12 3.82 9.13 9.20 0.04 
In addition to these primary signals, high-frequency 
variations in the LODR series were observed. Additional ly,
some of these frequencies have well-established geophysical
causes. Table 4 outlines the cause for the extracted frequen-
cies. For example, in PM time series, the annual frequency 
is due to seasonal air and water mass redistributions and 
the Chandler frequency is due to the ocean-bottom pres-
sure changes and fluctuations in the atmospheric pressure. 
In LODR time series, the causes for annual and semi-
annual frequency are solar tides and ocean currents. It is 
important to note that the LS-HE does not account for 
changes in amplitude and phase, which likely contributes 
to discrepancies between the extracted signals and their 
nominal values. For instance, the deviation of the detected 
period from the tropical year’s period is largely due to lim-
itations in the analysis and methodology, such as the length
of the time series, the sampling frequency used in spectrum
calculations, or the difficulty in distinguishing between clo-
sely spaced frequencies. Regarding the Chandler wobble
amplitude, this value has been decreasing over time. How-
ever, in the presented methodology, as with most paramet-
ric methods, signal amplitudes are assumed to remain
constant. This represents a limitation of the LS-HE
approach compared to nonparametric methods. Future
research could explore amplitude modulation using the
modulated LS-HE technique (Amiri-Simkooei and 
Asgari, 20 12). 

According to Fig. 2, the Chandler Wobble (CW) and the 
Annual Wobble (AW) were both in the spotlight. The CW 
is an excited resonance of the Earth’s rotation, but since the
Earth is a viscous-elastic body, it would decay freely to a
Table 4 
Known geophysical causes for extracted frequencies in the PM and LOD

NO Periods of 
PM (days)

Cause (Iz, 2008)

1 366.50 Seasonal air and water mass redistributions

2 433.61 Ocean-bottom pressure changes, and fluctuations
in atmospheric pressure

3 183.66 Seasonal air and water mass redistributions

4 231.96 Lateral heterogeneities, bifurcation solution
5 123.93 Dynamics of the atmosphere and the oceans
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minimum energy state of rotation around the figure axis 
over a period of approximately 68 years without any exci-
tation (Gross, 2000; Gross et al., 2003; Lambeck, 2005;
Wang et al., 2016). Although CW has been studied for over 
a century, its excitability mechanism remains elusive
(Lenhardt and Groten, 1985; King and Agnew, 1991;
Höpfner, 2004; Malkin and Miller, 2010). Various 
hypotheses for CW excitation have been proposed, e .g.
atmospheric and oceanic processes (Brzeziński et al.,
2002), variations in surface and wind pressure (Wahr, 
1988), groundwater pressures, snow cover changes, interac-
tions between core and mantle, and earthquakes (Dahlen, 
1971; Höpfner, 20 04). 

The hydrologic contributions to the AW were exam ined
by (Chao and O’Connor, 1 988), who discovered that when 
the rainfall and snow load contributions from satellite data 
are combined, the land water contribution is significa ntly
lower. According to Kuehne and Wilson (1991) analysis 
of the groundwater contribution using their global model 
compelled by monthly mean precipitation estimates, its 
amplitude in the prograde AW is only roughly 10 percent 
of the atmospheric contribution. Changes in atmospheric 
angular momentum (AAM) are a major contributor to 
the Earth’s AW, according to some authors who calculated 
the atmospheric excitation of the AW using meteorological 
d ata available at various time spans and the PM excitation
function (Munk and Mohamed Hassan, 1961; Wils on and
Haubrich, 1976; Wahr, 1 988). Also , Zhong et al. (20 03)
used a coupled ocean–atmosphere general circulation 
model to investigate the contributions of atmospheric, 
hydrologic, and ocean currents to seasonal PM. The results
Periods of 
LOD (days)

Cause 

364.68 Solar tides and ocean currents (Rosen, 1993; 
Höpfner, 1996) 

Solar tides and ocean currents (Shen and Peng,
2016) 

182.75 

121.86 Dynamics of the atmosphere and the oceans
(Rosen, 1993; Höpfner, 1996) 

27.55 Lunar tides (Wahr, 1988) 
13.66 Lunar tides (Wahr, 1988) 
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validated the significance of hydrology as a sou rce of the
AW. In addition, Gross et al. (2003) found that the effects 
of winds and currents on exciting the annual wobble have 
nearly the same retrograde amplitude and a prograde 
amplitude that differs by about 30 percent. They also found
that the effect of currents on exciting the annual wobble is
roughly two-thirds of the effect of bottom pressure
variations.

The spectrum of the LOD time series can be categorized 
into three distinct components: low-frequency harmonic 
oscillations, oscillations associated with zonal solar (6 
and 12 months) and lunar (27.54 days and its harmonics) 
tidal forces, and irregular variations occurring over time-
scales ranging from a few days to severa l decades. The
low-frequency variations are predominantly attributed to
the exchange of angular momentum between Earth’s man-
tle and core, as the atmosphere lacks a sufficiently large
angular momentum sink to account for these changes
(Hide, 1977). For lunar influences, tidal zonal contribu-
tions are expected at the lunar month period (27.54 days) 
and its harmonics (13.77, 9.18, ). Similarly, the solar syn-
odic rotation period (27.27 days) and its harmonics (13.63, 
9.09, ) are anticipated to be present in the spectrum. In 
addition to elastic responses, the effects of mantle anelastic-
ity and dynamic ocean tides further modulate the LOD
variations. These effects manifest across a range of periods,
from the 18.6-year lunar nodal tide to shorter periods such
as 365.25 days, 182.62 days, 27.55 days, 13.66 days,
9.13 days, and 4.7 days. This comprehensive framework
Fig. 3. Power spectrum of the LOD time series with a realistic no
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highlights the complex interplay of geophysical processes 
influencing Earth’s rotational dynamics (Mouël et al.,
2019). 

4.3. Statistical significance test of detected signals 

Although Table 3 provides a comprehensive list, some 
signals may not be significant in terms of their contribu-
tions to the PM and LOD series. For example, while the 
Chandler and annual signals are known to be significant 
(PM), some others signals provided in this table cannot 
likely contribute much. Their contribution is expected to 
be masked behind the colored noise level of the series.
Therefore, after identification of all hand-picked signals
by LS-HE, their corresponding statistical tests are con-
ducted to find the significant signals in the presence of col-
ored noise.

Fig. 3 shows the LS-HE spectrum for the LOD time ser-
ies, adjusted for realistic noise using a model of white and 
PL noise 1 5). It is observed that the slope of the
power spectrum reduces significantly compared to the right
frame of Fig. 2. This happens due to the proper considera-
tion of the noise model (see (Amiri-Simkooei, 2013)). The 
amplitudes of white noise and PL noise components, esti-
mated by LS-VCE, in each of the PM and LOD time series,
are listed in Table 5. The non-negative LS-VCE is used 
here not to estimate negative variance components. The 
white noise variance component is estimated to be zero
for the three time series, which is likely due to the high level

(j
ise model. Significant signals are marked by red dashed lines.



S. Shirafkan et al. Advances in Space Research 76 (2025) 2594–2607

Table 5 
Amplitude of noise components in the PM and LOD time series estimated 
using LS-VCE. The PL noise standard deviations are in mas/year3/8 and
(ms/day)/year3/8 (see the structure of the power-law cofactor matrix in Eq.
(1)) 

PM Time Series (x and y)

x y LODR Time Series

White noise 0.002 0.001 0.0004 
PL noise 18.29 17.16 0.82 

Table 6 
Significant periods (days) of the signals extracted from the PM and LOD
time series using LS-HE.

LODR PM (x and y)

364.68 433.61 
182.75 366.50 
13.66 – 
9.13 – 

Table 7 
Details of prediction methods and the number of submissions by
campaign groups.

Number of 
Submissi ons

ID Prediction Method 

100 LS + AR 70 
LS + AR with piecewise parameter

optimization
101 55 

105 LS + AR 68 
108 LS + MAR 66 
113 LS + AR 43 
114 LS 43 
115 ANN 43 
117 SSA + Copula 58 
121 NTFT 67 
123 unknown 43 
141 LS + Kriging 38 
156 LS + ARIMA 31
of colored noise. For more information we refer to (Amiri-
Simkooei, 2016). The functional model, used for estimating 
the variance components, is formed by a linear trend plus 
annual and Chandler signals for PM time series and linear
trend plus annual and semi-annual signals for LODR (Xu 
et al., 2012). In the LS-VCE method, trends and harmonics 
are incorporated directly into the functional model. This is 
effectively equivalent to detrending the data and removing
the signals from the time series. Comparing these noise
amplitudes with the signal amplitudes presented in Table 3 
it can be expected that some of the listed signals can be 
likely masked with colored noise. These signals are not rec-
ognized to be significant in the LS-HE statistical tests.
Accordingly, the list of the identified signals would be
much shorter. Table 6 presents the significant signals 
extracted from LS-HE. According to this table, the 
433.61 (Chandler), and 366.50 (annual) days signals were 
identified as the significant signals in the PM time series. 
The deviation of the detected annual period (366.5 days) 
from the tropical year (365.25 days) is primarily attributed 
to limitations in the analysis method and can be seen as a 
misfit. This difference may result from factors such as the 
limited length of the time series (windowing of the data),
the presence of colored noise, the resolution of the fre-
quency spectrum, and the difficulty in separating adjacent
frequencies. In LODR time series, the annual and semi-
annual signals and also signals with periods of 13.66 and
9.13 are significant. It is noteworthy that according to the
LS-HE results, tidal effects are still seen in the LODR time
series.

5. Prediction of the PM and LOD 

In this section, we present a prediction model for the 
PM and LOD based on the extracted signals in Table 6 
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using the functional model described in Eq. (14). The Cho-
lesky decomposition was applied to the covariance matrix 
of the PL noise with a spectral index of j 1 5, allowing 
us to simulate the obs ervation noise vector for the data.
For a comprehensive understanding of this analysis, please
refer to the study by (Khazraei and Amiri-Simkooei, 2019). 

The prediction process utilized the functional model in 
conjunction with the observation noise vector to the short, 
mid, and long-term prediction interval of the PM and LOD 
time series, spanning from September 1, 2021, to the end of 
December 2022. This forecast interval was rolled forward 
weekly, resulting in a total of 70 prediction intervals. The 
chosen time span was selected to facilitate a fair compar-
ison with the results of the Seco nd EOP PCC. To ensure
a fair comparison of this study’s results with the EOP
PCC, it is important to note that the data from the last
day is unavailable for real-time predictions (due to the inte-
gration of C04 data with Bulletins). Consequently, we have
designated this day as the day zero for our predictions.

In the EOP PCC, each prediction group is assigned a 
unique identifier (ID) and required to submit weekly fore-
casts. Table 7 provides further details on the prediction 
methods used by these groups and the number of submis-
sions. Fig. 4 illustrate the results of our prediction model 
compared to those from the campaign.

As shown in Fig. 4, the results indicate that the pro-
posed LS-HE + Power Law model demonstrates accuracy 
comparable to that of other prediction methods. Our 
model performs particularly well in the initial days of the 
forecast interval, showcasing its robustness in short-term 
predictions. This outcome highlights the potential of the 
LS-HE + Power Law model as a highly effective approach 
for predicting the PM and LOD time series. In med ium-
term forecasting, the accuracies for x and y demonstrate
strong performance relative to other methods; however,
this performance has decreased for LOD. In long-term
forecasting, the proposed method continues to exhibit
superior performance for both x and y, while the accuracy
for LOD has improved significantly.
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Fig. 4. Results of the proposed prediction method and other methods in EOP PCC in three stages including short, mid, and long term consideration. The
first, second, and third columns belong to x, y, and LOD, respectively.
6. Summary and conclusions 

This study provides an in-depth analysis of the PM and 
LOD time series, encompassing both deterministic and 
stochastic behaviors. This investigation yields critical 
insights into Earth’s internal and external dynamics, sup-
porting a range of geodetic and geophysical applications. 
Proper identification of the deterministic and stochastic 
components in the PM and LOD is essential for enhancing 
prediction accuracy, meeting the high-precision objectives
set by the Global Geodetic Observing System (GGOS) of
the International Association of Geodesy (IAG), which
aims for 1 mm accuracy and 0.1 mm/year stability on glo-
bal scales in the International Terrestrial Reference Frame
(ITRF) defining parameters (Plag and Pearlman, 2009). 

In this research, the PM components (x and y) and LOD 
time series from the IERS EOP 14 C04 data set were exam-
ined. The stochastic characteristics of the PM and LOD 
time series were modeled by a power-law (PL) noise pro-
cess, with the optimal noise model being a combination 
of white noise and PL noise with a spectral index of −1.5
for all three time series analyzed. Additionally, effects from
solid Earth and ocean tides in the LOD time series were
modeled and removed in accordance with the IERS Con-
vention 2010, enhancing the accuracy of further analysis.
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Periodic patterns within the PM and LOD were extracted 
using the least squares harmonic estimation (LS-HE) 
method. The extracted signals were examined for their 
potential geophysical causes, statistical significance against 
colored noise, and their amplitude. The most significant 
signals identified were the 433.61-day (Chandler) and 
366.50-day (annual) signals in the PM time series, as well
as the annual, semi-annual, 9-day, and 13-day signals in
the LOD time series. These signals, contributing notably
to the variations in the PM and LOD, were statistically
robust even in the presence of underlying colored noise.

Finally, by integrating the LS-HE method with the iden-
tified colored noise model, we successfully projected short, 
mid, and long-term predictions of the PM and LOD time 
series. Our results indicate that this combined approach 
is an effective method for short-term prediction of the 
PM and LOD time series. The mid- and long-term fore-
casts of PM time series have high accuracy compared to 
others, but this accuracy is not as high for LOD time series 
as for PM. However, we providing short-term accuracy 
that holds promise for future geodetic and geophysical 
applications. Apart from that, future work will be to 
explore the propagation of orbital errors caused by using
the proposed the PM and LOD prediction algorithm by
using different LEO (Low earth orbit), GEO (Geostation-



S. Shirafkan et al. Advances in Space Research 76 (2025) 2594–2607
ary earth orbit) and MEO (medium earth orbit) GPS satel-
lites blocks. This analysis will be crucial to understand the
real impact in the final products observed by the space.
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