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Short- and long-term prediction of length ==

of day time series using a combination
of MCSSA and ARMA

Shayan Shirafkan', Mohammad Ali Sharifi'”, Sadegh Modiri?, Santiago Belda®, Seyed Mohsen Khazraei* and
Alireza Amiri-Simkooei®

Abstract

Accurately predicting Earth's rotation rate, as represented by Length of Day (LOD) variations, is essential for applica-
tions such as satellite navigation, climate studies, geophysical research, and disaster prevention. However, predict-

ing LOD is challenging due to its sensitivity to various geophysical and meteorological factors. Current methods,
including statistical approaches, often struggle with short-term forecasting accuracy. In this study, we use Monte
Carlo Singular Spectrum Analysis (MCSSA) to distinguish between deterministic and non-deterministic components
within the LOD time series. The deterministic components are extended using the SSA prediction algorithm. To
enhance robustness, we refine Allen and Smith's methodology (testing significance of eigenmodes against an autore-
gressive (AR) (1) noise null hypothesis) by integrating an autoregressive moving average (ARMA) model to account
for noise, providing valuable insights into the non-deterministic behaviors present in the series. We comprehensively
evaluate our methodology through a comparative analysis. For long-term prediction (365 days), we compare our
method against the combined LS and autoregressive (AR) method. For short-term prediction (next 10 days), we
compare it against the results of the second Earth Orientation Parameters Prediction Comparison Campaign (second
EOP PCQ). Using the IERS 20 C04 time series, our hybrid model demonstrates a superior long-term prediction accuracy
with a mean absolute error (MAE) of 0.201 ms/day on the 365th day. Additionally, the short-term prediction perfor-
mance is comparable to the second EOP PCC results. These results illustrate that the proposed method efficiently
predicts LOD, showing significant improvement in long-term accuracy and robustness in short-term forecasting.

Keywords Prediction, Length of day, Singular spectrum analysis, Monte Carlo, ARMA, Least square

*Correspondence:

Mohammad Ali Sharifi

sharifi@utac.ir

Full list of author information is available at the end of the article

. ©The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
@ SPrlnger O pe n permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the
— original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.


http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40623-025-02166-0&domain=pdf

Shirafkan et al. Earth, Planets and Space (2025) 77:35

Page 2 of 15

Graphical abstract

== This Study
= Kalman filter
= SSA+Copula
= NTFT
WLS+ARIMA
==L S+Kriging
0.1} =e=LS+ARIMA
===DMD

'/— -______.;—-w-f‘—

_— -

Mean absolute error [ms/day]

Days in future

1 Introduction

Earth Orientation Parameters (EOP) characterize the
movement of Earth within space and relate points
between terrestrial and celestial reference systems. The
variation of the celestial intermediate pole concerning
the terrestrial frame is referred to as polar motion, while
its displacement concerning the celestial frame is termed
celestial pole motion (Seitz and Schuh 2010). Addition-
ally, UT1-UTC (denoted as dUT1) represents the inter-
pretation of Earth’s rotational angle (Aoki et al. 1982).
Alongside the five EOP, the Length of Day (LOD) serves
to delineate variations in Earth’s rotational rate (Freed-
man et al. 1994).

EOP serve as foundational components in various
fields, including astronomy, geodesy, geophysics, meteor-
ology, and space navigation (Barnes et al. 1983; Mathews
et al. 1991; Chen and Wilson 2005; Gross 2007; Belda

et al. 2018; Modiri et al. 2021; Malkin et al. 2022; Raut
et al. 2022). They play crucial roles in establishing accu-
rate astronomical and geodetic reference frames, con-
ducting geophysical and meteorological research, and
facilitating precise space navigation systems (Altamimi
et al. 2023; Hellmers et al. 2022). The determination of
EOP values is achieved through diverse space geodetic
techniques such as the Global Navigation Satellite System
(GNSS), Doppler Orbitography and Radiopositioning
Integrated by Satellite (DORIS), Satellite Laser Ranging
(SLR), and Very Long Baseline Interferometry (VLBI)
(Coulot et al. 2010; Angermann et al. 2010). Notably,
VLBI stands out as the sole technique capable of moni-
toring the complete set of EOP (Schuh and Behrend
2012). These observations are consolidated by the Inter-
national Earth Rotation and Reference Systems Service
(IERS), which subsequently disseminates EOP data to
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users (Dick and Richter 2004). However, due to delays in
data availability, particularly when observations require
rigorous processing and validation, the prediction of EOP
becomes necessary.

The IERS conducted two Earth Orientation Parameter
Prediction Comparison Campaigns (EOP PCC) to evalu-
ate various prediction techniques across different time
intervals. The first campaign, which took place between
2005 and 2009, involved active participation from sev-
eral groups. This initiative revealed that no single pre-
diction method excels for all EOP or prediction intervals
(Kalarus et al. 2010). Instead, hybrid models were rec-
ommended as a favorable approach. Due to the high
demand for accurate EOP prediction, the second EOP
PCC commenced on September 1, 2021, and extended
until December 31, 2022, though it remains open to
receiving EOP predictions from participants (Sliwifiska-
Bronowicz et al. 2024). During this campaign, different
groups participated to explore novel prediction methods
and enhance existing approaches.

Among EOP, LOD is the most challenging parameter
to predict, as variations in LOD stem from gravitational
influences exerted by external celestial bodies, such as the
Moon and Sun, as well as geophysical processes within
Earth’s layers and meteorological factors. Effective Angu-
lar Momentum (EAM), which encapsulates contributions
from atmospheric, oceanic, and hydrological angular
momentum, has been shown to significantly improve
EOP prediction accuracy (Sliwiniska-Bronowicz et al.
2024). Consequently, analyzing the LOD time series can
enhance our comprehension of various geophysical and
meteorological phenomena within the Earth system. One
such factor is the El Nifno-Southern Oscillation (ENSO),
a climate pattern characterized by anomalous warming
of surface waters in the eastern tropical Pacific Ocean
(Chao 1989; Modiri et al. 2020; Raut et al. 2022). Many
other studies have demonstrated the impact of this cli-
matic index on LOD signals (Holton and Dmowska 1989;
Gross et al. 1996; Agnew 2024; Shahvandi et al. 2024).

Several methodologies have been developed to improve
the accuracy of LOD predictions. Based on findings
from the first EOP PCC, prediction algorithms can be
categorized into single and hybrid methods, leveraging
past LOD data to forecast values for short-, medium-,
and long-term intervals. In the single technique cat-
egory, various approaches have been explored, includ-
ing auto-covariance (AC) analysis (Kosek 2002), wavelet
decomposition (Akyilmaz and Kutterer 2004), and neu-
ral networks (Schuh et al. 2002). These methods were
examined and utilized during the campaign. Additionally,
non-parametric techniques have been integrated into
hybrid models. Examples of hybrid models include com-
binations of least squares (LS) and auto-regressive (AR)

Page 3 of 15

methods (Kosek et al. 2004; Kosek et al. 2007; Xu and
Zhou 2015; Wu et al. 2021), LS extrapolation combined
with ARIMA (Guo et al. 2013), and combinations of least
squares, AR model, and Kalman filter.

In addition to the categorization observed in the first
EOP PCC, insights from the second EOP PCC have fur-
ther classified prediction methods into four main groups.
Group 1 utilizes a combination of least squares (LS)
and auto-regressive (AR) techniques. Group 2, which
incorporates EAM as input alongside least squares (LS)
and auto-regressive (AR) methods, has demonstrated
the benefits of leveraging EAM for EOP predictions
(Sliwiriska-Bronowicz et al. 2024). Group 3 employs
machine learning (ML) approaches for prediction tasks
(Guessoum et al. 2022; Kiani Shahvandi et al. 2023; Gou
et al. 2023). Finally, Group 4 encompasses miscellane-
ous methods, including those not fitting into the afore-
mentioned categories. In Group 4, recent advancements
have seen the application of hybrid methods incorpo-
rating singular spectrum analysis (SSA) and autoregres-
sive moving average (ARMA), or Copula techniques
for predicting EOP time series (Modiri et al. 2018;
Shen et al. 2018; Modiri et al. 2021; Jin et al. 2021). For
instance, Modiri et al. (2020) introduced a novel tech-
nique aimed at enhancing the short-term prediction
accuracy of LOD time series. This approach leveraged
Copula-based analysis to model dependencies between
effective angular momentum (EAM) and LOD, resulting
in improved predictive capabilities. Our study contrib-
utes to Group 4, focusing on alternative methodologies
that explore deterministic and stochastic components of
the LOD signal independently. This study employs SSA,
a non-parametric method capable of capturing arbitrary
statistical processes, to characterize the deterministic
behavior of dominant frequencies in LOD time series.
By applying SSA, we extract deterministic components
after removing the tidal effects using IERS models. The
residual, exhibiting random behavior, is subsequently
modeled using autoregressive moving average (ARMA)
techniques. SSA offers versatility in time series analy-
sis, accommodating variations in signal amplitude and
phase dynamics. SSA has found wide-ranging applica-
tions across disciplines, including oceanography (Kon-
drashov and Berloff 2015), climatology (Rial et al. 2013),
and geodesy (Yi and Sneeuw 2021). Unlike parametric
methods, SSA is not confined to predefined basis func-
tions like sines and cosines, though discerning between
deterministic and stochastic behaviors remains challeng-
ing within non-parametric frameworks. To address this,
Allen and Smith (1996) introduced the Monte Carlo SSA
(MCSSA) method, specifically designed to statistically
differentiate signals from first-order autoregressive noise
(AR(1)). Subsequently, Khazraei and Amiri-Simkooei
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(2019) extended this concept to accommodate various
noise models. MCSSA employs significance testing on
detected signals, safeguarding against misinterpretation
of random fluctuations as deterministic signals. Khazraei
and Amiri-Simkooei (2019) demonstrated the efficacy
of MCSSA in extracting annual and semiannual sig-
nals from GNSS position time series contaminated with
flicker and white noise. In our investigation, we propose
to leverage the MCSSA methodology to enhance the
accuracy of LOD prediction. To assess the capability of
the proposed method, we consider the same conditions
as the second EOP PCC to demonstrate the effective-
ness of the presented method for short-term (10 days)
and long-term (365 days) prediction. We compare the
prediction results with those of existing techniques, spe-
cifically the second EOP PCC and LS+AR, for short-term
and long-term prediction, respectively. While EAM is
not integrated into our current framework, the results
demonstrate that the proposed approach can efficiently
predict LOD. Future studies may combine our approach
with EAM to further enhance predictive accuracy.

2 Methods

The Length of Day (LOD) prediction algorithm presented
in this study integrates deterministic and stochastic
approaches. We utilize MCSSA as a deterministic tool to
investigate oscillations within LOD signals. Subsequently,
the discrepancy between the original LOD time series
and the reconstructed time series obtained through
MCSSA is modeled using Autoregressive Moving Aver-
age (ARMA) techniques. Singular Spectrum Analysis
(SSA), introduced by Broomhead and King (1986), is a
non-parametric method that leverages the time domain
of data to extract information from short time series
containing noise, without requiring prior knowledge of
the dynamics affecting the time series. This technique
decomposes the time-delayed embedding of a time series
into a set of data-adaptive orthogonal components, which
can be categorized into trends, oscillation patterns, and
noise. In the subsequent sections, we provide a detailed
overview of the theoretical framework supporting our
proposed methodology.

2.1 SSA algorithm

For a time series of m
y = [y(1),5(2), ... y(m)] T sampled at #1, £, ..., £, the SSA
algorithm can be implemented through the following
steps:

observations

+ The lag-covariance matrix can be formed using the
formulations proposed by (Broomhead and King
1986) and (Vautard and Ghil 1989). Their corre-
sponding lag-covariance matrices are denoted by Cpx
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and Cyg, respectively. To form Cpg, one needs to first
construct an m’ x M trajectory matrix, sliding an M
-length window across the time series and placing
the constructed sub-vectors in consecutive rows. m’
and the window length M are the SSA parameters,
wherel <M <mandm' =m — M+ 1.

y(1) y2 e yM)
¥(2) y3) - yM+1)
Y= : : : (1)
ym' —1) ym') - y(m—1)
ym'y ym +1) -+ y(m)

The matrix Cpg can then be formed using the fol-
lowing equation:

1
Cpr = —/YTY (2)
m

The matrix Cyg can also be formed using the well-
known unbiased covariance estimator. Accordingly,
the entry in the ith row and jth column of Cyg
(i,j = 1,.., M) is given by:
1 m—T
Cve)ij = = — k)y(k
(Cve)ij = e(r) = ——— ;y( ik +1) (3)

where T = [i —j| is the time lag. This formulation
leads to a Toeplitz lag-covariance matrix. For more
information on Cgx and Cyg, refer to (Allen and
Smith 1996) and (Ghil and Taricco 1997).

The second step is to obtain the eigenvalues and
eigenvectors of the log-covariance matrix C using
eigenvalue decomposition:

A=E'CE (4)

where A is a diagonal matrix of M eigenvalues A
(k=1,..,M) and E is an M x M matrix with the
corresponding eigenvectors e; (k =1,..,M) as its
columns. The eigenpairs (4, ex) are sorted according
to the variance /; in the direction of the orthogonal
eigenvectors eg.
The third step involves computing the reconstructed
components (RCs) corresponding to each kth eigen-
mode (k = 1, ..., M). The entries of the kth principal
component (PC) are calculated using the following
equation:

M

ar(i)=>_ yi+j—De(), 1<i<m (5)
j=1

The entries of the kth RC then read:
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re(t) = — ar(t—j+Der(j), 1<i<m
1 (0) Mtz Kt —j+Dex(), 1<i<
j=Lt
(6)
where M;, L;, and U; are defined as:
t 1,1), 1<t<M-1
(Mt,L[, ut) = (MJ I;M)r M <t=< w'
m—t+1L,t—m+MM), m<t<m
(7)

As demonstrated by the preceding equations, the choice
of window length (M) is crucial to the SSA algorithm. In
this article, the proposed method by (Modiri et al. 2020)
is used to determine the window’s length.

2.2 Monte-Carlo SSA (MCSSA) via ARMA model

MCSSA is recognized as a method to assess the signifi-
cance of SSA results. In SSA, the set of eigenvectors and
eigenvalues are usually arranged in descending order of
eigenvalues. However, this informal classification is not
necessarily equivalent to the meaningful order of the
components. Only by performing a statistical test against
a null hypothesis can the significant deterministic behav-
ior be detected. In the Monte Carlo test proposed by
Allen and Smith (1996) for SSA, the variance absorbed by
the eigenvalues of the data is compared with the variance
of a set of surrogate data realized on the assumption of
AR(1) noise. The MCSSA process consists of three steps:
estimating the noise model parameters, generating sur-
rogate data, and constructing confidence intervals (Allen
and Smith 1996).

+ The first step is to estimate the unknown parameters
of the ARMA noise model. The ARMA model can be
written as follows:

14 q
y@O) =p+e@®)+ Y Byi—0+ Y bieli—1)

i=1 i=1
(8)
where B; are the Autoregressive (AR) coefficients, 6;
are the Moving Average (MA) coefficients, u is the
constant term, and e(t) is the white noise series.

« The second step is to generate surrogate data simu-
lating noise using the estimated parameters from the
previous step and the ARMA model. These simulated
realizations are called surrogate data and are denoted
by (¥ga4), where (d = 1, ...,D), and (D) is the number
of surrogate datasets.

+ The third step involves forming confidence intervals.
Allen and Smith (1996) proposed various approaches
for constructing confidence intervals for data using a
set of surrogated covariance matrices. One of these
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possible ways is to project each of the matrices Cpy,
d =1,..,D, onto the original data’s eigenvectors E
using the decomposition of the log-covariance matrix
as in equation 9:

E
Ay =E' CrqE (9)

where ﬂvg)d), k=1,...,M, represent the diago-
nal entries of AEIE&) for each surrogate realization
between d = 1 and d = D. The statistical distribu-
tion obtained from a set of Monte Carlo simulations
results in confidence intervals. If for each successive

realization at d = 1,...,D, we denote the elements
of the principal diagonal of each of the matrices
Agzi) by ),Effl),k =1,...,M, assuming zero for the

kth component, a different eigenvalue is obtained
from different surrogate data. If the number of sur-
rogate realizations is large enough (large D), confi-
dence intervals can be effectively established. These
confidence intervals are based on the experimental
distribution of surrogate data. The eigenvalues of
the data are considered significant with a confidence
level of ((1 —«)) if each eigenvalue is outside the
(1 — @)) middle eigenvalues corresponding to the
successive realizations. In other words, the accept-
ance range of the null hypothesis for each eigenvalue
will be the interval between ((«/2)) and ((1 — «/2))
of the corresponding eigenvalues. This means that
the eigenvalues of the data do not differ significantly
from the pure color noise simulated in the surrogate
realizations under the null hypothesis. For example,
the range of 2.5% above and below the eigenvalues
of the surrogate values, for each component ((k)th
component), specifies the rejection area of the null
hypothesis for that component at the 95% confidence
level. In fact, if the eigenvalue (k) of the data ((/g))
is outside the range containing 95% of the noise, it
can be assumed that this eigenvalue of the data is sig-
nificantly different from the null hypothesis. This is
because the noise model considers the nature of this
component. Otherwise, that particular component
cannot be considered significantly different from the
assumed zero noise.

2.3 Error analysis

In this study, the mean absolute error (MAE) is utilized
to evaluate the accuracy of EOP predictions. The formula
is given by

1 N
MAE;:NZ

i=1

Pl -0

(10)
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where Pf represents the predicted value of the ith predic-
tion day, Of denotes the corresponding observed value,
N stands for the number of samples in the test set, and /
indicates the prediction span.

3 Data and implementation details

3.1 Data description

This research utilized LOD data from the following
sources:

(1) CO04 14 time series available at https://hpiers.obspm.
fr/iers/eop/eopc04_14/eopc04_IAU2000.62-now.

(2) finals.daily file provided by IERS Rapid Service/Pre-
diction Center (RS/PC) at U.S. Naval Observatory.
This series is available at https://maia.usno.navy.
mil/ser7/finals.daily.extended.

To be consistent with the 2nd EOP PCC, we have com-
bine the C04 14 and final.daily to create LOD time series
to be used as input for the prediction model as follows:

LODgate = {C04datefm C04datefn+17 -+ +» C04date—30,
final.daily .99, - - -, final.dailyg, }

where ‘date’ represents the starting epoch of prediction
(shown in Fig. 1). The LOD encompasses various fac-
tors, such as the influence of solid Earth tides, which have
periods ranging from 5 days to 18.6 years. These tides are
effectively modeled, and we utilize the solid tide model
recommended by the IERS Conventions 2010 to remove
them (Petit and Luzum 2010). The resulting LOD time
series without these effects was referred to as the LODR
time series.

LOD
IERS C04 —) IERS Tidal model
IERS finals.daily

/ mcssa
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Figure 2 illustrates the time series of LOD (black
curve), solid Earth plus ocean tide terms (red curve), and
the LODR (blue curve).

3.2 MCSSA analysis of LOD time series

MCSSA proposes an analysis routine to discriminate
deterministic and non-deterministic variations in the
LODR time series. Non-deterministic variations, as pro-
posed in the current investigation, can be modeled using
the ARMA model. First, the linear trend and well-known
periodic patterns in the LODR data, including signals
with annual and semi-annual, and seasonal terms, are
subtracted from the LODR time series and it considered
as noise behavior (Wu et al. 2021). The Akaike Informa-
tion Criterion (AIC) model was applied to identify the
optimal order of ARMA noise, with orders p =1 and
q = 6 determined to be optimal (Fig. 3). The unknown
parameters of the ARMA model are estimated using the
maximum likelihood method.

The next step of MCSSA involves conducting singular
spectrum analysis on the LODR time series and identify-
ing dominant eigenvalues that statistically differ from the
estimated ARMA model. This study has been conducted
for both long-term and short-term prediction.

3.3 Long-term prediction

The window length of the SSA is set to 365 days, as the
annual signal dominates the LODR time series (Modiri
et al. 2020). A significance hypothesis test for eigenvalues
is then performed, forming 95% confidence intervals with
an ensemble of 1000 surrogate data as different realiza-
tions of the estimated ARMA model. Figure 4 illustrates
the results of this step.

LOD Predicted

7 Extrapolated
Deterministic Terms

using MCSSA

—

{ After reduction

from SSA

Predicted

stochastic terms

reconstructed
(Stochastic Terms)

using ARMA

Fig. 1 Flowchartillustrating the LOD prediction process employed in this study
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generated as realizations of the estimated ARMA model

According to Fig. 4, the first seven reconstructed com-
ponents is significant against ARMA noise. This indi-
cates that the non-linear trend, annual, semi-annual, and
13-day frequencies have the highest contribution to the
SSA prediction algorithm. Additionally, by reducing the
reconstructed components of the LODR time series and
calculating the root mean square (RMS) of the time series
after removing each of these components, the results
show that the first seven components contribute the most
to the formation of the LODR time series (see Fig. 5).

3.3.1 Combination of SSA with ARMA for LOD time series
prediction

The combination of SSA with ARMA consists of six

steps:

(1) Assuming the length of the prediction interval is #,
a zero vector with dimensions # is added to the end
of the LODR time series.

(2) Applying the SSA algorithm to the time series
obtained in the previous step. After reconstructing
the components, this process continues until the

values of RC; converge. The convergence condi-
tion is satisfied when the RMS between the values
of R of two consecutive repetitions is less than 0.01
ms. This threshold is derived empirically, based on
experimental tuning for prediction convergence.

In the third step, the prediction algorithm is also
given the RC, values. To achieve this, the second
step algorithm iterates until the RCy + RC; values
converge.

The process continues until the first seven com-
ponents (identified by the proposed Monte Carlo
method) are included.

ARMA models are fitted to the residual time series,
which consists of the eighth-to-last SSA compo-
nents.

The values obtained from the SSA and ARMA pre-
diction models are combined.

3)

(4)

(5)

(6)

After performing the statistical test associated with the
Monte Carlo method, it was determined that nonlinear
trends and annual, semi-annual, and 13-day frequencies
are statistically significant against ARMA noise. The SSA
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performance of these components. Additionally, an
ARMA model was used to predict the behavior of the
residuals. After combining the SSA and ARMA predic-
tion models, tidal effects subtracted from the LOD time
series were added for the predicted days. In other words,
all days of 2020 were predicted during this step. In subse-
quent intervals, with a 1-day shift on the first day of fore-
casting, the number of forecasts reached 751. The most
recent interval was considered to be between January 21,
2021, and January 19, 2022.

In addition, the efficacy of the proposed method was
compared with that of an LS+AR hybrid method. Fig-
ure 7 depicts the MAE of LS+AR (red curve) and our

Table 1 MAE results for MCSSA+ARMA and LS+AR
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Lead day This study (ms/ LS with AR(ms/  Percentage
day) day)

1 0.022 0.025 12

5 0.050 0.061 18

10 0.076 0.101 24.7

30 0.115 0.184 375

90 0.167 0.330 493

180 0.153 0.322 524

365 0.201 0.294 31.6
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proposed method (black curve). The results demonstrate
that MCSSA+ARMA significantly improves LOD pre-
diction for short-, medium-, and long-term intervals.
According to Table 1, the MAE values for the 10th, 90th,
180th, 270th, and 365th days using the MCSSA+ARMA
hybrid method are 0.076, 0.167, 0.153, 0.188, and 0.201
ms/day, respectively. In addition, the MAE of LS+AR
methods for the same days is 0.101, 0.330, 0.322, 0.198,
and 0.294 ms/day. Table 1 reveals that while our pro-
posed method improved prediction accuracy (MAE) by
as much as 60 percent, particularly for medium-term
forecasts, some days (such as the 300th day) show no
improvement for LOD forecasts. As indicated by (Malkin
et al. 2022), Fig. 8 depicts various features, and certain
patterns exhibit high errors from the beginning of March
2020 to June 2020, which may be caused by the El Nino
effect or certain prospective geomagnetic jerk events.

3.4 Short-term prediction

Participants at the second EOP PCC primarily exam-
ined short-term prediction horizons due to their practi-
cal application for evaluating and benchmarking LOD
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prediction models. Using insights from the second EOP
PCC, this subsection compares the performance of LOD
prediction models based on short-term data. In this
study, we used IERS Bulletin A (final.daily) and C04 data,
following Dill et al. (2019), to enhance signal relevance
for short-term predictions. Our methodology involved
merging C04 and final.daily time series data and apply-
ing predictions from September 1, 2021, to December
31, 2022. This mirrors the conditions of the second EOP
PCC.

In the first step, we used Monte Carlo test to deter-
mine the optimal number of eigenvalues for SSA recon-
structions. Using 4 years of data, as described by Dill
et al. (2019), the number of eigenvalues is 26, as shown
in Fig. 9. As a result, SSA-extrapolated residuals for LOD
and ARMA -predicted stochastic behaviors were incorpo-
rated into extended IERS tide models for the following 10
days.

In this study, we evaluate the efficacy of the proposed
MCSSA+ARMA model in predicting the Length of Day
(LOD) by comparing its Mean Absolute Error (MAE)
against established methods from the fourth cluster of
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Fig. 9 MCSSA algorithm results for the first 30 reconstructed components by SSA. The data eigenvalues (red dots) and their 95% corresponding
confidence intervals (blue error bars) are plotted in their rank order. Confidence intervals are constructed from an ensemble of 1000 surrogate data

generated as realizations of the estimated ARMA model
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the EOP PCC benchmark. The MCSSA+ARMA model
demonstrates competitive performance, with an MAE
of approximately 0.01 ms/day on day 1, and up to day
6 the MAE remains below 0.01 ms/day, surpassing the
majority of competing models within the cluster. These
models include SSA+Copula (ID = 117), Normal Time-
Frequency Transform (NTFT) (ID = 121), Weighted
Least Squares (WLS) + ARIMA (ID = 122), LS + Krig-
ing (ID = 141), and LS + ARIMA (ID = 156). While the
Kalman filter (ID = 104) and Dynamic Mode Decomposi-
sion (DMD) (ID = 157) achieve a slightly lower MAE, the
MCSSA+ARMA model represents a viable alternative,
offering comparable accuracy and potentially enhanced
interpretability due to its ARMA component (Fig. 10).
Among these models, ID=104 and ID=117 have been
integrated as input data to bolster prediction accuracy
and stability.

It is pertinent to acknowledge that the MCSSA+ARMA
model does possess certain limitations compared to the
Kalman filter. While the MCSSA+ARMA model demon-
strates comparable accuracy, the Kalman filter enjoys the
advantage of being a recursive algorithm capable of real-
time prediction updates, rendering it better suited for
dynamic systems and leveraging additional input data-
sets. The MCSSA+ARMA model, notwithstanding its
limitations, stands out for its competitive performance
and accuracy relative to the Kalman filter. Furthermore,
the incorporation of the ARMA component in the
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MCSSA+ARMA model offers the potential for improved
interpretability. Nonetheless, it remains imperative to
recognize that the Kalman filter’s recursive nature, facili-
tating real-time updates, grants it a distinct advantage,
particularly in dynamic system contexts.

To isolate the potential influence of EAM on predic-
tion accuracy, particularly for models like SSA+Copula
(ID = 117) and the Kalman filter (ID = 104), we removed
an offset and centered the mean absolute error (MAE) at
zero. The MCSSA+ARMA model remained competitive,
achieving an MAE of 0.1 ms/day up to day 8 and 0.12
ms/day for day 10, outperforming most other methods.
However, the Kalman filter (ID = 104) still exhibited a
slight advantage with a marginally lower centered MAE
(Fig. 11). Interestingly, after offset removal, SSA+Copula
(ID = 117) showed a greater improvement in centered
MAE compared to the MCSSA+ARMA model, suggest-
ing it may benefit more from the inclusion of EAM.

4 Discussion

The presented methodology, which integrates Monte
Carlo Singular Spectrum Analysis (MCSSA) with an
autoregressive moving average (ARMA) model, demon-
strates significant improvements in the prediction accu-
racy of the Length of Day (LOD) for both short-term and
long-term intervals. By extracting deterministic compo-
nents using SSA and modeling the residuals with ARMA,
the proposed method effectively addresses the complex

MAE LOD prediction
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Fig. 10 MAE comparison of the MCSSA+ARMA model proposed in this study with black line against other prediction models, including Kalman
filter (ID=104 with light green line, with 69 submissions), SSA+Copula (ID=117 with blue line, with 57 submissions), Normal Time-Frequency
Transform (NTFT) (ID=121 with pink line, with 67 submissions), Weighted Least Squares (WLS) + ARIMA (ID=122 with yellow line, with 61
submissions), LS + Kriging (ID=141 with crimson line, with 38 submissions), LS + ARIMA (ID=156 with brown line, with 31 submissions),

and Dynamic Mode Decomposition (DMD) (ID=157 with green line, with 7 submissions)
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nature of LOD variations driven by geophysical and
astronomical factors.

For long-term predictions, the results indicate that
the MCSSA+ARMA approach significantly outper-
forms traditional methods, such as the least squares
and autoregressive (LS+AR) hybrid model. The inclu-
sion of non-linear trends and statistically significant
frequencies, such as annual, semi-annual, and 13-day
periods, enhances the predictive capability of the SSA
component. The iterative approach to convergence,
coupled with the ARMA model for residuals, results in
reduced prediction errors over extended periods. This
is evident in the mean absolute error (MAE) values,
which show substantial improvements at various fore-
cast intervals compared to the LS+AR model. Specifi-
cally, the MCSSA+ARMA method achieves up to a 60%
reduction in MAE for medium-term forecasts, demon-
strating its robustness and effectiveness.

The short-term prediction results further validate
the efficacy of the MCSSA+ARMA method. Com-
pared to other models from the second EOP PCC,
such as the Kalman filter, SSA+Copula, and various
combinations of least squares and ARIMA methods,
the MCSSA+ARMA approach exhibits competitive
performance with an MAE around 0.12 ms/day. This
performance is on par with the Kalman filter, which is
renowned for its real-time updating capability. How-
ever, it is important to note that the typical 2-day delay
in LOD rapid products was not considered in this study,
which could influence the accuracy assessment when

comparing to operational predictions. This limitation
should be addressed in future work to ensure a more
realistic comparison with operational frameworks. The
MCSSA+ARMA method’s ability to achieve similar
accuracy without relying on recursive updates high-
lights its potential for practical applications in short-
term LOD forecasting.

The improved accuracy of LOD predictions has sig-
nificant implications for various fields reliant on precise
Earth orientation parameters, such as astronomy, geod-
esy, and space navigation. The enhanced predictability of
LOD variations can lead to better alignment of terrestrial
and celestial reference frames, improving the accuracy
of satellite positioning and navigation systems. Addi-
tionally, understanding the deterministic components of
LOD variations can provide insights into underlying geo-
physical processes, aiding in the study of Earth’s internal
dynamics and external gravitational influences.

While the MCSSA+ARMA method shows promising
results, it is essential to acknowledge its limitations. The
method relies on historical LOD data and the assumption
that past patterns will continue into the future, which
may not always hold true in the presence of unexpected
geophysical events or significant changes in external
gravitational forces. Moreover, the computational com-
plexity of SSA and the need for extensive data processing
may limit its real-time applicability compared to more
dynamic approaches like the Kalman filter.

Future work could explore hybrid models that integrate
the real-time updating capabilities of the Kalman filter
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with the robustness of the MCSSA+ARMA approach.
Additionally, incorporating more comprehensive data-
sets, such as effective angular momentum (EAM) data,
could further enhance prediction accuracy and stability.
Continued participation in initiatives like the EOP PCC
will provide valuable benchmarks and opportunities to
refine and validate prediction models.

5 Conclusion

This study focuses on evaluating the effectiveness of pre-
diction methods for the Length of Day (LOD) and dem-
onstrates that the proposed MCSSA+ARMA algorithm
can significantly improve predictive accuracy for both
short-term and long-term intervals. Although the impor-
tance of input data in improving prediction accuracy is
acknowledged, this study emphasizes the performance
of the prediction framework independently of input
variations. EAM data, which include contributions from
atmospheric, oceanic, and hydrological processes, have
been shown in previous studies to enhance LOD predic-
tions. Future research will aim to integrate EAM data and
other EOP time series into the framework to develop a
more comprehensive and reliable prediction approach.
While this study has some limitations, its findings pro-
vide a foundation for further research to refine prediction
models and explore hybrid approaches that combine the
strengths of different methods. The ongoing development
and validation of these models, along with the integration
of improved input datasets such as EAM data, will be
essential for advancing the understanding and prediction
of Earth’s orientation parameters.

Abbreviations

EOP Earth orientation parameters

LOD Length of day

LODR The time series obtained after removing these tides is denoted as
LODR

UT1-UTC  Universal time

dx,dy Precession—nutation corrections

EAM Effective angular momentum

IERS International Earth Rotation and Reference Systems Service

LS Least squares

AR Autoregressive models

AC Auto-covariance models

ARMA Auto-regressive moving average models

RC Reconstructed component

KF Kalman filtering

NNs Neural networks

SSA Singular Spectrum Analysis

EOPPCC  EOP Prediction Comparison Campaigns

ARIMA Autoregressive integrated moving average models
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