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Abstract
Due to the time-consuming transmission of space geodetic observation data and
the complexity of processing procedures, the acquisition of polar motion mea-
surements suffers from time delays, which cannot satisfy application domains
with significant demands for high-precision polar motion predictions. To address
the complex time-varying characteristics of polar motion, a prediction method
based on singular spectrum analysis (SSA) is proposed. First, SSA is employed
to separate and extract the high-frequency and low-frequency components from
the polar motion time series; second, a combined prediction model based on
least squares (LS) extrapolation and autoregressive (AR) models is established
for the high-frequency and low-frequency components of polar motion. The
results demonstrate that the SSA method can accurately separate and extract
the low-frequency and high-frequency components of polar motion, and that the
combined prediction of these components can significantly improve the medium-
and long-term (30–365;d) prediction accuracy of polar motion. Compared with
the polar motion predictions provided in Bulletin A by the International Earth
Rotation and Reference Systems Service (IERS), the SSA method achieves max-
imum improvements in medium- and long-term prediction accuracy of 45.97%
and 62.44% for the PMX component (prime meridian direction) and PMY com-
ponent (west 90∘ meridian direction) of polar motion, respectively. The research
results validate the effectiveness of the SSA method in improving medium- and
long-term polar motion predictions.
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Abstract
Due to time-consuming data transmission and complex processing procedures in
space geodetic observations, polar motion measurements are subject to delays,
which cannot satisfy applications requiring high-precision polar motion predic-
tions. Addressing the complex time-varying characteristics of polar motion,
this paper proposes a prediction method based on singular spectrum analysis
(SSA). First, SSA is employed to separate and extract the high-frequency and
low-frequency components from polar motion time series. Second, a combina-
tion of least squares (LS) extrapolation and autoregressive (AR) models is estab-
lished to predict these components respectively. The results demonstrate that
SSA can accurately separate and extract the low-frequency and high-frequency
components of polar motion. The combined prediction of these components
significantly improves medium- and long-term (30–365 days) prediction accu-
racy. Compared with the polar motion predictions provided in Bulletin A by
the International Earth Rotation and Reference Systems Service (IERS), the
SSA method achieves maximum improvements of 45.97% and 62.44% for the
PMX component (prime meridian direction) and PMY component (west 90°
meridian direction), respectively. These findings validate the effectiveness of
SSA in improving medium- and long-term polar motion predictions.

Keywords: astrometry: reference systems; Earth rotation: polar motion; meth-
ods: data analysis

1 Introduction
Earth Orientation Parameters (EOP) are essential for transforming between
the International Terrestrial Reference System and the International Celestial
Reference System, comprising polar motion, Universal Time (UT1), precession,
and nutation. Space geodetic techniques such as the Global Positioning System
(GPS), Very Long Baseline Interferometry (VLBI), and Doppler Orbitography
and Radio-positioning Integrated by Satellite (DORIS) can measure the com-
plete set of EOP parameters, establishing a direct connection between the In-
ternational Terrestrial Reference Frame and International Celestial Reference
Frame. However, due to data transmission delays and complex data processing
procedures, EOP data are typically available with a latency of 1–7 days. Short-
term EOP predictions are crucial for applications such as deep-space probe
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tracking and precise satellite orbit determination, while medium- and long-term
predictions are important for satellite autonomous navigation and astronomical
geodynamics research. Consequently, accurate short-, medium-, and long-term
EOP predictions are of paramount importance.

Polar motion, defined as the movement of Earth’s instantaneous rotation axis
within the Earth’s body, consists of two components in the terrestrial pole coor-
dinate system: PMX (prime meridian direction) and PMY (west 90° meridian
direction). Modern space geodetic techniques can determine polar motion with
an accuracy of approximately 0.1 mas. Influenced by multiple excitation factors
including the atmosphere, oceans, and terrestrial hydrosphere, polar motion
exhibits irregular variations across different time scales, causing its prediction
accuracy to degrade rapidly with increasing forecast length. The prediction
accuracy is approximately 4 mas for a 10-day forecast and about 20 mas for
a 90-day forecast. These complex time-varying characteristics result in poor
predictability, particularly for medium- and long-term forecasts.

To improve polar motion prediction, researchers have proposed various mod-
els, including least squares (LS) extrapolation, time series analysis models,
neural networks, fuzzy inference systems, autocovariance models, and multi-
parameter polar motion models combined with effective angular momentum
functions. LS extrapolation, autoregressive (AR) models, and autocovariance
models are straightforward and easy to implement. Neural networks and fuzzy
inference systems, as machine learning methods, involve more complex model-
ing and their prediction performance is highly sensitive to model parameters.
Multi-parameter models combined with effective angular momentum demon-
strate good prediction performance but are typically limited to short-term pre-
dictions due to constraints from forecasting surface fluid angular momentum
data.

The first Earth Orientation Parameters Prediction Comparison Campaign (EOP
PCC) evaluated various EOP prediction models, revealing that no single model
achieves optimal prediction accuracy (mean absolute error) for all EOP param-
eters and prediction spans. Among these methods, the combination of LS ex-
trapolation and AR models yields relatively high prediction accuracy for polar
motion and has become a widely applied approach. Currently, the IERS Rapid
Service/Prediction Center uses LS extrapolation combined with AR models to
generate polar motion predictions in Bulletin A.

Atmospheric, oceanic, and terrestrial hydrospheric excitations cause polar mo-
tion to exhibit not only Chandler wobble and annual wobble but also various
irregular short-period variations. Chandler and annual wobbles primarily affect
medium- and long-term predictions, while short-period variations mainly influ-
ence short-term predictions. Therefore, medium- and long-term polar motion
forecasting must prioritize Chandler and annual wobbles. To enhance medium-
and long-term prediction accuracy, some scholars have employed time-frequency
analysis techniques such as wavelet analysis and empirical mode decomposition
to decompose polar motion time series, extracting trend, periodic, and irregu-
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lar components before applying LS extrapolation and AR models for separate
prediction. These studies demonstrate that time series decomposition methods
can improve polar motion prediction.

Singular spectrum analysis (SSA) is a novel nonlinear and non-stationary signal
processing technique capable of extracting useful information from small-sample
observations for periodic identification, trend analysis, denoising, and signal
reconstruction. SSA is an expansion form of empirical orthogonal functions
with the advantage of requiring no parametric model assumptions and being
unrestricted by signal stationarity conditions. It possesses the capability to
identify and enhance periodic oscillation signals, making it suitable for analyzing
signals composed of superimposed periodic oscillations. This paper addresses
the complex time-varying characteristics of polar motion by introducing SSA
to separate and extract high-frequency and low-frequency components, then
applying LS extrapolation and AR models for combined prediction. The results
demonstrate that incorporating SSA significantly reduces the mean absolute
error of medium- and long-term (30–365 days) polar motion predictions.

2.1 Principle of Singular Spectrum Analysis
Let 𝑥1, 𝑥2, ⋯ , 𝑥𝑁 be a one-dimensional observed time series of length 𝑁 . SSA
can decompose the series into data subsequences with different characteristics
such as periodicity, trend, and quasi-periodicity, enabling identification, denois-
ing, and reconstruction of the original signal. The main computational steps of
SSA are as follows:

(1) Construction of the trajectory matrix. If the window length is an
integer 𝑀 (1 < 𝑀 < 𝑁/2), the trajectory matrix X can be expressed as:

X =
⎡
⎢⎢
⎣

𝑥1 𝑥2 ⋯ 𝑥𝑁−𝑀+1
𝑥2 𝑥3 ⋯ 𝑥𝑁−𝑀+2
⋮ ⋮ ⋱ ⋮

𝑥𝑀 𝑥𝑀+1 ⋯ 𝑥𝑁

⎤
⎥⎥
⎦

Each row and column of matrix X represents a subsequence of the original time
series, where X𝑖 = [𝑥𝑖, 𝑥𝑖+1, ⋯ , 𝑥𝑖+𝑀−1]𝑇 for 1 ≤ 𝑖 ≤ 𝑁 − 𝑀 + 1.

(2) Singular value decomposition. Let S = XX𝑇 . Compute the eigenval-
ues of S and sort them in descending order (𝜆1 > 𝜆2 > ⋯ > 𝜆𝑀 > 0),
with corresponding eigenvectors U1, U2, ⋯ , U𝑀 . If 𝑑 = rank(X) and
V𝑘 = X𝑇 U𝑘/√𝜆𝑘 for 𝑘 = 1, 2, ⋯ , 𝑑, then the trajectory matrix X can be
expressed as:

X =
𝑑

∑
𝑘=1

√𝜆𝑘U𝑘V𝑇
𝑘

where √𝜆𝑘 are the singular values of the matrix.
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(3) Diagonal averaging. Each elementary matrix is transformed back into a
new time series of length 𝑁 , called a reconstructed component (RC). The
sum of all RCs equals the original time series. Let Z = X𝑘 and 𝑧𝑖,𝑗 be the
RC obtained through diagonal averaging, where 𝑖 = 1, 2, ⋯ , 𝑀 and 𝑗 =
1, 2, ⋯ , 𝑁 . Let 𝑀∗ = min(𝑀, 𝑁 −𝑀 +1) and 𝐾∗ = max(𝑀, 𝑁 −𝑀 +1). If
𝑀 > 𝐾∗, set 𝑧∗

𝑖,𝑗 = 𝑧𝑖,𝑗; otherwise, set 𝑧∗
𝑖,𝑗 = 𝑧𝑗,𝑖. The diagonal averaging

formula can be expressed as:

̃𝑥𝑖 =
⎧{
⎨{⎩

1
𝑖 ∑𝑖

𝑚=1 𝑧∗
𝑚,𝑖−𝑚+1, 1 ≤ 𝑖 ≤ 𝑀∗

1
𝑀∗ ∑𝑀∗

𝑚=1 𝑧∗
𝑚,𝑖−𝑚+1, 𝑀∗ < 𝑖 ≤ 𝐾∗

1
𝑁−𝑖+1 ∑𝑁−𝐾∗+1

𝑚=𝑖−𝐾∗+1 𝑧∗
𝑚,𝑖−𝑚+1, 𝐾∗ < 𝑖 ≤ 𝑁

Polar motion series contain long-term trend variations, Chandler wobble, annual
wobble signals, and irregular short-period variations. The w-correlation analysis
is used to examine correlations between RCs, grouping those with similar signal
characteristics. If reconstructed components are denoted as Y(𝑖) and Y(𝑗), the
w-correlation between them can be expressed as:

𝜌𝑖,𝑗 = (Y(𝑖), Y(𝑗))
‖Y(𝑖)‖ ⋅ ‖Y(𝑗)‖ , 1 ≤ 𝑖, 𝑗 ≤ 𝑀

where (Y(𝑖), Y(𝑗)) = ∑𝑁
𝑘=1 𝑤𝑘𝑦(𝑖)

𝑘 𝑦(𝑗)
𝑘 , ‖Y(𝑖)‖ = √(Y(𝑖), Y(𝑖)), and 𝑤𝑘 are weight

coefficients defined as 𝑤𝑘 = min(𝑘, 𝑀, 𝑁 − 𝑘), with 𝑘 being the index of recon-
structed component Y(𝑖). The absolute value of 𝜌𝑖,𝑗 approaching 1 indicates
stronger correlation between Y(𝑖) and Y(𝑗), suggesting they should be treated
as the same signal component.

2.2 Analysis Results
The EOP 14 C04 series provided by IERS is derived from joint solutions of
multiple space geodetic observations including DORIS, GPS, and VLBI, offering
extremely high measurement precision. This study analyzes polar motion data
from this series with a sampling interval of 1 day. When applying SSA to time
series analysis, the critical parameter is the window length 𝑀 . Generally, when
1 < 𝑀 < 𝑁/3, the method can effectively identify periodic signals with periods
ranging from 𝑀/5 to 𝑀 . For polar motion time series with known periodic
oscillation frequencies, the Chandler and annual wobbles are prominent and
represent the primary factors affecting prediction accuracy. Therefore, with
the goal of separating and extracting Chandler and annual wobble signals, this
study selects a window length of 𝑀 = 730.

Due to space limitations, this paper presents only the analysis of PMX and
PMY component data from January 1, 2003, to December 31, 2014. The SSA
decomposition yields the first 100 RCs, whose eigenvalue contribution rates
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(logarithm base 10) are plotted in Figure 1 [Figure 1: see original paper]. The
eigenvalue contribution rate is calculated as:

Contribution Rate = 𝜆𝑖
∑𝑀

𝑗=1 𝜆𝑗
× 100%

Figure 1 shows that RCs with larger eigenvalue contributions are concentrated
in the first few orders. To more clearly illustrate the eigenvalue contribution
rates for PMX and PMY components, Table 1 lists the contribution rates of
the first 8 RCs. The first 8 RCs for PMX and PMY components are shown
in Figures 2 [Figure 2: see original paper] and 3 [Figure 3: see original paper],
respectively, and their w-correlation analysis results are presented in Figure 4
[Figure 4: see original paper].

Table 1 and Figures 2–3 reveal that the first-order RC has the largest eigenvalue
contribution rate for both components: 25.43% for PMX and 62.28% for PMY,
corresponding to the polar motion trend signal. The second- and third-order
RCs have the next largest contribution rates, which are relatively close to each
other: 22.79% and 21.02% for PMX, and 12.09% and 11.29% for PMY. Figure 4
shows that the correlation coefficients between the second- and third-order RCs
for both PMX and PMY exceed 0.9.

According to SSA theory, when a periodic signal exists in the series, SSA decom-
poses it into a pair of nearly equal eigenvalues. When the correlation coefficient
between two adjacent RCs exceeds a certain threshold (typically > 0.8), they
are considered to belong to the same periodic signal. Therefore, the second-
and third-order RCs represent the same periodic signal, which can be identi-
fied as the Chandler wobble term based on Figures 2–3. Similarly, the fourth-
and fifth-order RCs of both PMX and PMY components have relatively close
eigenvalue contribution rates and correlation coefficients greater than 0.8, indi-
cating they belong to the same periodic signal representing the annual wobble
term. RCs from the sixth order onward have relatively small contribution rates
(below 2%), with decreasing contributions at higher orders. These RCs exhibit
quasi-periodic oscillations with less regular patterns compared to the first five
orders, representing sub-seasonal quasi-periodic signals. The oscillation charac-
teristics of each RC shown in Figures 2–3 correspond well with the eigenvalue
contribution rates listed in Table 1.

Given that the first five RCs have large eigenvalue contribution rates and be-
long to low-frequency signals, they are linearly superimposed to constitute the
low-frequency component of polar motion, while the remaining RCs are super-
imposed to form the high-frequency component, as shown in Figures 5 [Figure 5:
see original paper] and 6 [Figure 6: see original paper]. The low-frequency com-
ponent constructed from the first five RCs matches the original polar motion se-
ries well, capturing the overall variation trend. The high-frequency component
formed by the sum of remaining RCs exhibits irregular nonlinear variations,
making it suitable for prediction using time series analysis models.
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To detect periodic oscillation signals in both the low-frequency component and
original polar motion series, Fast Fourier Transform (FFT) spectral analysis was
performed. The results, also shown in Figures 5–6, reveal that both the original
series and low-frequency component contain Chandler wobble with a period of
438 days and annual wobble with a period of 365 days, confirming that the main
periodic oscillations in the low-frequency component match those of the original
series. The spectra also show smaller-amplitude interannual signals with periods
around 500 days. These results demonstrate that SSA effectively separates and
extracts low-frequency and high-frequency components from polar motion series.

3 Prediction Model
Unlike direct SSA-based polar motion prediction, this study fully considers the
influence of low-frequency and high-frequency components. By leveraging SSA’s
capability to separate and identify periodic components of complex signals—
particularly its excellent performance in improving the resolution of periodic
components—we construct an LS+AR combined model to predict low-frequency
and high-frequency components separately, thereby further improving polar mo-
tion prediction accuracy. The SSA-based polar motion prediction workflow is
as follows: First, SSA separates and extracts low-frequency components (includ-
ing Chandler wobble, annual wobble, and long-term trend) and high-frequency
components from the polar motion series. Next, an LS extrapolation model
is established for the low-frequency component, where a segment of the low-
frequency component series is used to solve for prior model parameters via least
squares fitting, yielding extrapolated values and LS residuals. Then, an AR
model predicts the sum of high-frequency components and LS residuals. The
final polar motion prediction is the sum of the LS extrapolation and AR predic-
tion values. Figure 7 [Figure 7: see original paper] illustrates this workflow.

3.1 Least Squares Extrapolation Model

For the low-frequency component of polar motion, the LS extrapolation model
includes linear trend, Chandler wobble, and annual wobble terms. The prior
model is mathematically expressed as:

𝑓(𝑡) = 𝑎 + 𝑏𝑡 + 𝑐1 cos(𝜛1𝑡) + 𝑑1 sin(𝜛1𝑡) + 𝑐2 cos(𝜛2𝑡) + 𝑑2 sin(𝜛2𝑡)

where 𝑡 = 1, 2, ⋯ , 𝑁 , 𝑁 represents the length of the polar motion observation
series, 𝜛1 and 𝜛2 denote the angular frequencies of Chandler and annual wob-
bles, respectively; 𝑎 and 𝑏 are trend parameters; 𝑐1 and 𝑑1 are Chandler wobble
parameters; and 𝑐2 and 𝑑2 are annual wobble parameters. These six unknown
parameters are determined through least squares estimation.
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3.2 Autoregressive Model

For a stationary random time series {𝑢𝑡, 𝑡 = 1, 2, ⋯ , 𝑁}, an autoregressive model
describes the linear relationship between the current value and the previous 𝑝
values plus an error term. The 𝑝-order AR model is expressed as:

𝑢𝑡 =
𝑝

∑
𝑖=1

𝜙𝑖𝑢𝑡−𝑖 + 𝜉𝑡

where 𝜉𝑡 represents Gaussian white noise and 𝜙𝑖 are AR model coefficients (𝑖 =
1, 2, ⋯ , 𝑝), determined by solving the Yule-Walker equations in this study.

The order 𝑝 of the AR model affects its generalization capability. This study
employs Akaike’s Information Criterion (AIC) to optimize the selection of the
AR model order:

AIC(𝑝) = ln 𝜎2
𝑝 + 2𝑝

𝑁

where 𝜎𝑝 represents the standard deviation of the AR model fitting residu-
als. The optimal order 𝑝 corresponds to the minimum AIC value across 𝑝 =
1, 2, ⋯ , 𝑁 .

4.1 Accuracy Evaluation Metrics
Prediction accuracy is assessed using absolute error (AE) and mean absolute
error (MAE). The calculation methods are expressed as:

AEℎ,𝑐 = |𝑃𝑐(ℎ) − 𝑂𝑐(ℎ)|

MAEℎ = 1
𝑛

𝑛
∑
𝑐=1

AEℎ,𝑐

where ℎ represents the prediction length, 𝑛 represents the number of prediction
epochs, and 𝑃𝑐(ℎ) and 𝑂𝑐(ℎ) denote the predicted and observed values at epoch
𝑐, respectively.

4.2 Comparison with LS+AR Model
Polar motion data from January 1, 2003, to October 25, 2019, were used for
prediction experiments, with the period from January 1, 2015, to October 25,
2019, serving as the prediction interval. Predictions were made every 7 days
using a 12-year baseline for model construction, with the modeling data updated
after each prediction, totaling 200 prediction epochs.
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To verify the improvement of SSA on the LS+AR combined model, both LS+AR
and SSA+LS+AR models were used for 1–365 day predictions. Figure 8 [Fig-
ure 8: see original paper] shows the prediction AE for both models during
2015–2019. The maximum AE for both methods occurs in 2017, significantly
larger than other years, possibly related to the La Niña event that year. The
LS+AR model’s maximum AE exceeds 60 mas for PMX and 90 mas for PMY,
while SSA+LS+AR reduces these to below 50 mas and 80 mas, respectively.
The AE of LS+AR exhibits periodic effects, indicating that direct LS fitting of
the polar motion series cannot fully capture Chandler and annual wobble charac-
teristics, leaving residual periodic fitting and extrapolation errors. In contrast,
SSA+LS+AR uses different models for low- and high-frequency components,
reducing prediction AE.

To quantitatively analyze the improvement, Table 2 presents MAE for both
models across different prediction lengths. SSA+LS+AR improves accuracy
at all spans, with improvements within 10% for ultra-short-term predictions
(1–10 days). Starting from 30 days, improvements become more pronounced,
reaching maximum improvements of 32.89% and 23.14% for PMX and PMY,
respectively. PMX accuracy improvements remain above 20%, while PMY im-
provements stay above 15%. The more significant improvement in medium-
and long-term predictions confirms that Chandler and annual wobbles primar-
ily affect medium- and long-term forecasts, validating SSA’s effectiveness in
extracting these signals.

4.3 Comparison with IERS Bulletin A
To further validate the SSA model’s improvement, SSA+LS+AR predictions
are compared with IERS Bulletin A predictions from weeks 1–52 of 2019 for
the period January 1, 2019–December 25, 2020. Using IERS EOP 14 C04 se-
ries as reference, MAE values are calculated for both methods, as shown in
Figure 9 [Figure 9: see original paper]. For short-term predictions (1–30 days),
the proposed method’s accuracy is lower than IERS Bulletin A. However, for
medium- and long-term predictions beyond 30 days, IERS Bulletin A errors
increase rapidly with prediction length, while the SSA+LS+AR method main-
tains higher accuracy, significantly outperforming IERS Bulletin A. Maximum
improvements reach 45.97% and 62.44% for PMX and PMY, respectively. The
better performance for PMY is primarily due to stronger regularity in PMY
data, though prediction results also depend on the specific prediction period.

5 Summary and Outlook
Addressing the complex time-varying characteristics of polar motion, this study
introduces SSA to separate and extract low-frequency and high-frequency com-
ponents. The singular spectrum analysis demonstrates that SSA effectively
separates these components. By establishing an LS+AR combined model that
accounts for the distinct influences of low- and high-frequency components, pre-
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diction accuracy is improved, particularly for medium- and long-term forecasts.
Compared with IERS Bulletin A predictions, the proposed method shows lower
accuracy for short-term predictions (1–30 days) but significantly superior perfor-
mance for medium- and long-term predictions beyond 30 days, with maximum
improvements of 45.97% and 62.44% for PMX and PMY components, respec-
tively. These results validate the effectiveness of SSA in improving medium-
and long-term polar motion predictions.
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