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S U M M A R Y 

Understanding the geophysical drivers of seasonal geocentre motion (GCM) variations remains
challenging due to the complexity of Earth system interactions, limited data on individual mass
redistribution components and model uncertainties. This study presents a comprehensive in-
vestigation of seasonal GCM signals from April 2002 to January 2024 using the Fingerprint
Approach (FPA), which enables direct quantification of contributions from distinct Earth sys-
tem components. Additionally, Multichannel Singular Spectrum Analysis (MSSA) is applied
to quantify the influence of terrestrial water storage (TWS), atmosphere (ATM) and ocean
(OCN) variability on seasonal GCM fluctuations. Correlation and lag analyses are employed
to explore their temporal relationships and underlying geophysical linkages. The results reveal
that TWS, ATM and OCN jointly explain 97.9 per cent, 98.1 per cent and 90.8 per cent of
the seasonal variance in the X, Y and Z components of GCM, respectively. TWS exerts as the
dominant contributor in the Y (66.4 per cent) and Z (67.9 per cent) components, while ATM
and OCN each contribute less than 49 per cent to all components. Further analysis indicates
that ATM, OCN and TWS exhibit varying lag relationships with GCM in the X and Z compo-
nents, while TWS demonstrates a notably stronger correlation with GCM in the Y component.
Importantly, an approximately 120-d periodic signal identified in GCM is, for the first time,
linked to global precipitation variability, providing a novel geophysical interpretation. These
findings enhance our understanding of climate-driven geophysical mass redistribution and
offer new insights into the processes governing seasonal GCM variations. 

Key words: Global change from geodesy; Reference systems; Satellite geodesy; Satellite
gravity; Time variable gravity; Time-series analysis. 

 I N T RO D U C T I O N  

arth’s surface mass undergoes continuous spatiotemporal variations driven by both exter nal and inter nal geophysical processes (Wu et al.
006 ; Tapley et al. 2019 ; Nie et al. 2025 ). On seasonal timescales, these variations reflect dynamic interactions among three key components:
errestrial water storage (TWS), the atmosphere (ATM) and the oceans (OCN), significantly influencing Earth’s mass distribution (Bouillé
t al. 2000 ; Crétaux et al. 2002 ; Liu et al. 2024 ). These mass redistributions not only alter Earth’s gravity field but also have profound
mplications for global climate change (Chen et al. 2019 ; Tapley et al. 2019 ). Geocentre motion (GCM) is typically defined as the relative

ovement of the Earth’s centre of mass (CM) with respect to the centre of figure (CF) of the solid Earth (Dong et al. 2003 ; Guo et al.
008 ; Wu et al. 2012 ; Zannat & Tregoning 2017 ; Yu et al ., 2025a ), reflecting the complex processes of mass redistribution within the
arth system. Neglecting GCM in mass balance estimates can lead to significant errors, particularly in large-scale ocean mass variation
ssessments (Chambers et al. 2004 ; Bury et al. 2025 ). Moreover, seasonal variations in GCM play a crucial role in the terrestrial reference
rame realization (Haines et al. 2024 ; Rebischung et al. 2024 ), polar motion observations (Zajdel et al. 2019 ) and geodynamic studies
Kuang et al. 2015 ). 

Global mass changes arise from a combination of factors, including precipitation distribution, atmospheric circulation and ocean currents.
hen et al. ( 1996 ) first identified a ∼120-d periodic signal in global precipitation variability, providing a crucial reference for validating and
C© The Author(s) 2025. Published by Oxford University Press on behalf of The Royal Astronomical Society. This is an Open Access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited 1
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improving hydrological models. As a fundamental driver of the hydrological cycle (Eltahir & Bras 1996 ; Trenberth et al. 2003 ; Fallah et al.
2020 ), precipitation plays a significant role in sub-seasonal to seasonal variations in TWS (Guo et al. 2018 ). Nastula et al. ( 2011 ) further
established a strong correlation between the 120-d signal and shor t-ter m polar motion excitation, primarily driven by global mass redistribution
associated with atmospheric angular momentum and ocean currents. In the mid-latitude regions of the Nor ther n Hemisphere, seasonal climate
variations on this timescale are mainly influenced by atmospheric circulation and sea surface temperature anomalies, particularly during 
winter, leading to the emergence of a 120-d mid-latitude seasonal oscillation (Stan & Krishnamurthy 2019 ; Manthos et al. 2022 ; Stan 2022 ).
While these studies provide valuable insights into the origin of the 120-d periodic signal, its underlying geophysical causes in relation to
GCM variations remain inadequate and require further investigation. 

The GRACE satellite mission revolutionized the study of time-variable gravity fields, significantly improving the accuracy and resolution 
of mass change assessments (Tapley et al. 2004 ; Yu et al. 2025b ). However, GRACE-derived gravity field models exclude first-degree terms,
which correspond to GCM variations. To address this limitation, Swenson et al. ( 2008 ) combined GRACE gravity solutions with ocean
bottom pressure (OBP) models to estimate first-degree spherical harmonic (SH) coefficients. Despite its innovation, this method failed to 
fully account for issues such as land-ocean signal leakage and self-attraction and loading (SAL) effects (Tamisiea et al. 2010 ), leading to
an underestimation of GCM amplitudes in the X and Z components. Importantly, the SAL effects have a significant influence on the annual
variation of GCM (Clarke et al. 2005 ; Sun et al. 2023 ). To overcome these limitations, Sun et al. ( 2016 ) developed an optimized method
that enables the simultaneous estimation of both first-degree SH coefficients and the C20 coefficient, thereby improving GCM assessments. 
Additionally, the Earth’s first-degree SH coefficients can also be derived using satellite laser ranging (SLR) techniques, including the network
translation method (Sośnica et al. 2015 ; Yu et al. 2021 ) and the dynamic method (Ries 2016 ; Cheng 2024 ). However, these methods do not
directly isolate the contributions of individual geophysical components to GCM, limiting further analysis of the driving factors behind its
seasonal variations. 

The Fingerprint Approach (FPA) provides an effective solution to this challenge (Rietbroek et al. 2012 , 2016 ; Sun et al. 2019 ) by
modelling global mass redistribution through pre-defined regional mass variation patterns (‘fingerprints’). In the CF reference frame, the 
Earth’s surface is divided into regions, with fingerprints calculated based on the sea level equation (Tamisiea et al. 2010 ). By superimposing
regional mass variations, the FPA constructs a global mass variation model that effectively estimates the first-deg ree SH ter ms caused by mass
redistribution. Additionally, the FPA accounts for self-attraction and loading (SAL) effects while simultaneously quantifying the contributions 
of various geophysical components to the GCM. Before solving GRACE gravity field models, the AOD-1B product is commonly used
as a background model to filter out high-frequency signals associated with atmospheric and oceanic mass changes (Dobslaw et al. 2017 ).
While this reduces aliasing effects in gravity field solutions, it excludes atmospheric and oceanic (AO) contributions from the FPA-derived
GCM components. To fully analyse the drivers of seasonal GCM signals, AO contributions must be incorporated into the FPA-derived GCM
components to produce a complete GCM time-series. Specifically, the ATM, OCN and TWS variations affect seasonal GCM differently across
the X, Y and Z components (Dong et al. 1997 ; Chen et al. 1999 ; Zhang & Sun 2018 ). Understanding these contributions comprehensively is
essential for identifying the seasonal drivers of GCM. 

This study systematically explores the contributions of the TWS, ATM and OCN components to seasonal GCM signals using the FPA.
We conducted a comparative analysis of GCM, ATM, OCN and TWS time-series to examine their correlations and lag relationships. To
enhance signal extraction and investigate the seasonal interactions among the X, Y and Z components of GCM, we employed Multichannel
Singular Spectrum Analysis (MSSA), a powerful method for analysing multivariate geophysical time-series (Shen et al. 2021 ; Ji et al. 2023 ;
Aliabad et al. 2024 ). MSSA was also used to analyse the seasonal amplitude and phase relationships of the GCM, ATM, OCN and TWS
series, uncovering strong consistency, particularly in the ∼120-d periodic signal, and supporting its potential geophysical origin. The study 
further evaluates the contributions of ATM, OCN and TWS to FPA-derived GCM, confirming their roles as key drivers of seasonal GCM
signals. These findings provide valuable insights into the geophysical drivers of seasonal GCM variations and lay a strong foundation for
future research in this area. 

2  M E T H O D O L O G Y  A N D  DATA  S E T S  

2.1 Fingerprint approach 

The FPA (Sun et al. 2019 ) defines the global mass redistribution pattern resulting from regional mass changes as a fingerprint f M . By
superimposing the mass changes caused by migration in each region, the global mass redistribution g M can be expressed as follows: 

g M 

n ×1 
= F 

M 

n ×w 
a 

w×1 
, (1) 

where F 

M is a set of fingerprints f M , the superscript M denotes variables associated with the fingerprint, w is the number of fingerprints,
n is the number of SH coefficients and a is the fingerprint coefficient vector. 

The mass coefficients can be derived by converting the Stokes coefficient from the GRACE gravity field model as follows: { 

g M 

f M 

} 

= αρ(2 l + 1) 

3(1 + kl ) 

{ 

g 
f 

} 

, (2) 
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where α is the Earth’s mean radius, ρ is the Earth’s mean density, l is the degree and kl is the load Love number. Then eq. ( 1 ) can be
ransformed into: 

g 
n ×1 

= F 

n ×w 
a 

w×1 
, (3) 

where F is a set of fingerprints f , and it is obtained by the transformation of f M in each region. g is provided by the GRACE gravity
eld SH coefficients starting from C21 . However, the degree-1 SH coefficients are missing and the C20 coefficient is not accurate in GRACE
olutions. Therefore, the above equation should be written as: 

g 
( n −4) ×1 

= T 

( n −4) ×n 
F 

n ×w 
a 

w×1 
(4) 

T =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

0 0 0 0 1 0 · · · · · · 0 

0 0 0 0 0 1 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 

. . . 
. . . 1 0 

0 0 0 0 0 · · · . . . 0 1 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, (5) 

where T represents a truncation matrix used to eliminate the degree-1 coefficients and C20 from F , ensuring consistency with the
oefficients in g . 

The specific form of eq. ( 4 ) can be further expanded as: 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

C21 

S21 

C22 

. . . 
Clm 

Slm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

︸ ︷︷ ︸ 
g 

=

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

C f 1 

21 C f 2 

21 C f 3 

21 · · · C f w 

21 

S f 1 

21 S f 2 

21 S f 3 

21 · · · S f w 

21 

C f 1 

22 C f 2 

22 C f 3 

22 · · · C f w 

22 

. . . 
. . . 

. . . 
. . . 

. . . 

C f 1 

lm 

C f 2 

lm 

C f 3 

lm 

· · · C f w 

lm 

S f 1 

lm 

S f 2 

lm 

S f 3 

lm 

· · · S f w 

lm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

︸ ︷︷ ︸ 
T F 

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

a f 1 

a f 2 

a f 3 

. . . 

a f w 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

︸ ︷︷ ︸ 
a 

, (6) 

where the fingerprints in T F can be calculated from the sea level equation (Tamisiea et al. 2010 ). To facilitate the understanding of eq.
 6 ), we have added a specific example in the Supplementar y Infor mation , illustrating the application of the fingerprint approach in jointly
olving for degree-1 terms and the C20 coefficient. 

The vector a is estimated by the least-squares method as: 

a = (F 

T T 

T P T F ) 
−1 

F 

T T 

T P g , (7) 

where P is the weight matrix, with its elements inversely proportional to the variance of the calibration errors in the GRACE SH
oefficients (Sun et al. 2019 ). 

In this study, we define five types of fingerprints of Earth’s mass redistribution, including the Antarctic (ANT) and Greenland (GRE)
ce sheets, continental glaciers (GLA), TWS and glacial isostatic adjustment (GIA). Eq. ( 6 ) can be explicitly expressed as: 

g = [ U 1 , U 2 , U 3 , U 4 , U 5 ] ︸ ︷︷ ︸ 
T F 

[ a 1 , a 2 , a 3 , a 4 , a 5 ] 
T (8) 

g =
[ 

C21 S21 C22 · · · Clm 

Slm 

] T 
(9) 

https://academic.oup.com/gji/article-lookup/doi/10.1093/gji/ggaf310#supplementary-data
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U 1 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

C AN T 1 

21 C AN T 2 

21 · · · C AN T p 

21 

S AN T 1 

21 S AN T 2 

21 · · · S AN T p 

21 

C AN T 1 

22 C AN T 2 

22 · · · C AN T p 

22 

. . . 
. . . 

. . . 
. . . 

C AN T 1 

lm 

C AN T 2 

lm 

· · · C AN T p 

lm 

S AN T 1 

lm 

S AN T 2 

lm 

· · · S AN T p 

lm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, U 2 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CG RE1 

21 CG RE2 

21 · · · CG REq 

21 

SG RE1 

21 SG RE2 

21 · · · SG REq 

21 

CG RE1 

22 CG RE2 

22 · · · CG REq 

22 

. . . 
. . . 

. . . 
. . . 

CG RE1 

lm 

CG RE2 

lm 

· · · CG REq 

lm 

SG RE1 

lm 

SG RE2 

lm 

· · · SG REq 

lm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, 

U 3 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CGL A1 

21 CGL A2 

21 · · · CGL Ar 

21 

SGL A1 

21 SGL A2 

21 · · · SGL Ar 

21 

CGL A1 

22 CGL A2 

22 · · · CGL Ar 

22 

. . . 
. . . 

. . . 
. . . 

CGL A1 

lm 

CGL A2 

lm 

· · · CGL Ar 

lm 

SGL A1 

lm 

SGL A2 

lm 

· · · SGL Ar 

lm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, U 4 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CT W S1 

21 CT W S2 

21 · · · CT W Ss 

21 

ST W S1 

21 ST W S2 

21 · · · ST W Ss 

21 

CT W S1 

22 CT W S2 

22 · · · CT W Ss 

22 

. . . 
. . . 

. . . 
. . . 

CT W S1 

lm 

CT W S2 

lm 

· · · CT W Ss 

lm 

ST W S1 

lm 

ST W S2 

lm 

· · · ST W Ss 

lm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, 

U 5 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CG I A1 

21 CG I A2 

21 · · · CG I At 

21 

SG I A1 

21 SG I A2 

21 · · · SG I At 

21 

CG I A1 

22 CG I A2 

22 · · · CG I At 

22 

. . . 
. . . 

. . . 
. . . 

CG I A1 

lm 

CG I A2 

lm 

· · · CG I At 

lm 

SG I A1 

lm 

SG I A2 

lm 

· · · SG I At 

lm 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

(10) 

a 1 =
[ 

a AN T 1 
a AN T 2 · · · a AN T P 

] 
, a 2 =

[ 
aG RE1 

aG RE2 · · · aG REq 
] 
, 

a 3 =
[ 

aGL A1 
aGL A2 · · · aGL Ar 

] 
, a 4 =

[ 
aT W S1 

aT W S2 · · · aT W Ss 
] 
, 

a 5 =
[ 

aG I A1 
aG I A2 · · · aG I At 

] (11) 

where U 1 , U 2 , U 3 , U 4 and U 5 denote the fingerprint gravity field contributions derived by solving the sea level equation (SLE) for each
of the five categories (ANT, GRE, GLA, TWS, GIA). p, q , r , s and t represent the number of each of the five categories. a 1 , a 2 , a 3 , a 4 and
a 5 represent the fingerprint coefficient vectors corresponding to the ANT, GRE, GLA, TWS and GIA, respectively. 

After estimating the fingerprint coefficient vector a , C10 , C11 , S11 and C20 can be further solved by: ⎡ 

⎢ ⎢ ⎢ ⎣ 

C10 

C11 

S11 

C20 

⎤ 

⎥ ⎥ ⎥ ⎦ 

= [ V 1 , V 2 , V 3 , V 4 , V 5 ] [ a 1 , a 2 , a 3 , a 4 , a 5 ] 
T (12) 

V 1 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

C AN T 1 

10 C AN T 2 

10 · · · C AN T P 

10 

C AN T 1 

11 C AN T 2 

11 · · · C AN T P 

11 

S AN T 1 

11 S AN T 2 

11 · · · S AN T P 

11 

C AN T 1 

20 C AN T 2 

20 · · · C AN T P 

20 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, V 2 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CG RE1 

10 CG RE2 

10 · · · CG REq 

10 

CG RE1 

11 CG RE2 

11 · · · CG REq 

11 

SG RE1 

11 SG RE2 

11 · · · SG REq 

11 

CG RE1 

20 CG RE2 

20 · · · CG REq 

20 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, 

V 3 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CGL A1 

10 CGL A2 

10 · · · CGL Ar 

10 

CGL A1 

11 CGL A2 

11 · · · CGL Ar 

11 

SGL A1 

11 SGL A2 

11 · · · SGL Ar 

11 

CGL A1 

20 CGL A2 

20 · · · CGL Ar 

20 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, V 4 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CT W S1 

10 CT W S2 

10 · · · CT W Ss 

10 

CT W S1 

11 CT W S2 

11 · · · CT W Ss 

11 

ST W S1 

11 ST W S2 

11 · · · ST W Ss 

11 

CT W S1 

20 CT W S2 

20 · · · CT W Ss 

20 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, 

V 5 =

⎡ 

⎢ ⎢ ⎢ ⎢ ⎢ ⎣ 

CG I A1 

10 CG I A2 

10 · · · CG I At 

10 

CG I A1 

11 CG I A2 

11 · · · CG I At 

11 

SG I A1 

11 SG I A2 

11 · · · SG I At 

11 

CG I A1 

20 CG I A2 

20 · · · CG I At 

20 

⎤ 

⎥ ⎥ ⎥ ⎥ ⎥ ⎦ 

, 

(13) 

where V 1 , V 2 , V 3 , V 4 and V 5 denote the set of coefficients corresponding to the degree-1 terms ( C1 0 , C1 1 , S1 1 ) and the degree-2 zonal
term ( C2 0 ) for the five types of fingerprints of ANT, GRE, GLA, TWS and GIA. 
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SSA is a robust technique for extracting trends, oscillatory components and noise from multiple correlated time-series while also capturing
heir coupling relationships and spatiotemporal evolution. The method involves constructing multichannel time-lagged trajectory matrices,
hich are then combined into a joint matrix for singular value decomposition. The resulting principal components and associated eigenvectors

re used to reconstruct the original signals (Zhang et al. 2021 ; Ji et al. 2023 ; Aliabad et al. 2024 ). In this study, MSSA is employed to jointly
nalyse GCM and the corresponding ATM, OCN and TWS time-series in the X, Y and Z components. This allows for the effective extraction
nd separation of dominant periodic signals specific to each contributing source. 

.3 Data set and data processing 

his study utilizes GRACE/GRACE-FO Level-2 RL06.2 data, released by the Center for Space Research (CSR), covering the period from
pril 2002 to January 2024. The data set includes SH coefficients truncated at degree 60, with 33 missing monthly solutions. To remove

he long-term solid Earth signal, the GIA model proposed by Peltier et al . ( 2018 ) is applied. Additionally, the monthly averaged AOD-1B
roduct, which represents ATM and OCN mass variations, is embedded within the GAA and GAB components of the GRACE Level-2
roduct. By incorporating the first-degree terms from the GAA and GAB product, the atmospheric and oceanic signal component of GCM
an be effectively extracted. Leveraging the de-aliasing correction method in GRACE gravity field data processing (Dobslaw et al. 2017 ), the
rst-deg ree ter ms are reintroduced into the GCM solutions derived from the FPA, restoring the atmospheric and oceanic mass variations that
ere removed during GRACE data processing. This procedure further enables a quantitative assessment of ATM and OCN contributions to

easonal GCM variability ( https://icgem.gfz-potsdam.de/sl/temporal ). 
Recognizing precipitation as a key driver of seasonal and sub-seasonal variability in TWS, the study further analyses total precipitation

ata from two independent data sets: the European Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 atmospheric reanalysis
nd the Global Precipitation Climatology Centre (GPCC). Both data sets cover the period from April 2002 to December 2023, providing a
obust basis for evaluating precipitation-driven hydrological mass redistribution. 

 S E A S O NA L  C H A R A C T E R I S T I C S  O F  G E O C E N T R E  M O T I O N  

.1 Seasonal variation analysis 

his study investigates the impact of ATM and OCN contributions on GCM by comparing FPA-derived GCM time-series before and after
ncorporating the ATM and OCN components. As illustrated in Fig. 1 , the red curves represent the FPA-resolved GCM time-series in the X,
 and Z components, while the blue curves show the results after restoring the ATM and OCN effects, which are included in all subsequent
PA-based analyses. The results indicate notable seasonal variations in the GCM time-series, characterized by distinct trends that differ by
omponent. The X component shows a relatively stable trend, whereas the Y component exhibits a positive trend, with notable upward shifts in
010 and 2018. In contrast, the Z component displays a pronounced negative trend, primarily driven by the asymmetric glacier melt between
he Nor ther n and Souther n Hemispheres, polar ice cap mass loss and the effects of GIA, while ocean coverage has a relatively minor influence
igure 1. The GCM time-series resolved using the FPA. 

 guest on 15 Septem
ber 2025

https://icgem.gfz-potsdam.de/sl/temporal
art/ggaf310_f1.eps
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Figure 2. The various contributing components of the Earth system to the FPA-derived GCM. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/article/243/1/ggaf310/8237452 by guest on 15 Septem

ber 2025
on the trend (Zhang & Sun, 2018 ). Restoring the ATM and OCN components influences the seasonal fluctuations in all three components to
var ying deg rees, but it does not alter their overall trends. 

Fig. 2 illustrates the contributions of various geophysical components of the Earth system to GCM as resolved using the FPA. Given the
limitations of the FPA in separating vertically superimposed signals, the ATM and OCN components used in this study are derived directly
from the AOD-1B model to avoid potential uncertainties associated with FPA-derived estimates. Additionally, the ocean component in AOD- 
1B incorporates dynamic ocean variability, enhancing the comprehensiveness of the GCM driver analysis. The analysis reveals that seasonal 
variations in GCM are predominantly driven by TWS, ATM and OCN components, while in the Z component, contributions from GLA
and GRE are also significant, though less than those from TWS, ATM and OCN components. The long-term trend component is primarily
influenced by polar ice sheet loss, with the Z component exhibiting more pronounced changes compared to the X and Y components. Notably,
apart from the Y component, the mass redistribution from the GRE and ANT exerts opposing effects on the GCM trend, with GRE having a
significantly stronger impact than ANT. This discrepancy is primarily attributed to the greater mass loss of the GRE relative to the ANT (Sun
et al. 2019 ). Fur ther more, mass variations in ANT exhibit pronounced regional heterogeneity. While West Antarctica experiences substantial
mass loss, some regions of East Antarctica are gaining mass due to increased snowfall. In contrast, the mass loss in GRE is more spatially
concentrated, leading to a stronger influence on GCM (Otosaka et al. 2022 ; Pan et al. 2025 ). Although GIA contributes to the long-term GCM
trend, the FPA-derived GCM solutions account for this effect by removing modelled GIA signals (Peltier et al ., 2018), resulting in only minor
residual contributions to the GCM estimates. However, previous studies have noted instabilities in FPA-derived GIA estimates (Rietbroek 
2014 ), underscoring the need for further methodological refinements. Given these limitations, this study primarily focuses on analysing the
seasonal drivers of GCM rather than its long-term evolution. 

The discontinuity of the GCM time-series presents challenges for seasonal signal analysis. To further explore the seasonal relationships 
among the ATM, OCN, TWS and GCM time-series, this study applies an iterative interpolation method combined with SSA to fill in missing
data points (Kondrashov & Ghil 2006 ; Golyandina & Osipov 2007 ). All four time-series are detrended, and the results are shown in Fig. 3 . The
comparative analysis reveals that the detrended TWS series exhibits strong coherence with FPA-derived GCM across all three components 
(X, Y and Z), whereas ATM and OCN show relatively weaker consistency. Specifically, ATM demonstrates stronger correlations with GCM
in the Y and Z components, while OCN exhibits better agreement in the X component. This directional asymmetry likely reflects the spatial
sensitivity of GCM. The X component is primarily associated with ocean-covered regions, where oceanic mass variations exert a stronger
influence. In contrast, the Y and Z components are more sensitive to atmospheric pressure loading over continental areas, amplifying the
contribution of ATM in those components. Overall, the ATM, OCN and TWS signals exhibit notable agreement with the detrended GCM
(denoted as FPA + ATM + OCN-Detrend in Fig. 3 ). To further validate this correlation, Fig. 3 also illustrates the superimposed time-series
of ATM, OCN and TWS (i.e. ATM + OCN + TWS, represented by the yellow line). The comparison reveals that this combined signal shows
a strong match with GCM in the X and Y components but a relatively weaker agreement in the Z component. 

Two potential factors likely contribute to the discrepancies observed in the Z component. First, the seasonal contributions of glacial
mass changes, particularly from GLA and GRE to GCM, exert a non-negligible influence on the Z-component variations, as indicated in
Fig. 2 . This is consistent with earlier findings (e.g. Zhang & Sun 2018 ), which highlighted the role of GRE in influencing Z-component
seasonal variations. These findings indicate that the combined ATM + OCN + TWS time-series alone may not fully capture the detrended
seasonal variations of GCM in this component. Secondly, clear phase offsets are present among ATM, OCN and TWS in the Z component,
as evidenced in Fig. 3 , where their respective peaks and troughs do not align temporally. 
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Figure 3. Comparison of detrended time-series of GCM with the contribution of various geophysical constituents. 

Figure 4. The correlation coefficients and lag times among ATM, OCN, TWS and FPA-based GCM after incorporating the ATM and OCN components. 
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.2 Correlation and lag analysis 

he observed misalignment among the ATM, OCN and TWS time-series provides an opportunity to further assess their individual and
ombined impacts on GCM (FPA + ATM + OCN-detrended in Fig. 3 ). To quantify these interactions, this study examines the correlation
nd lag relationships between GCM and each component (ATM, OCN and TWS), with detailed results summarized in Fig. 4 and Table 1 . 
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Table 1. The correlation coefficients and lag times among ATM, OCN, TWS, AOT and FPA-based 
GCM after incorporating the ATM and OCN components (AOT = ATM + OCN + TWS). 

Maximum positive 
Correlation coefficient 

Maximum negative 
Correlation coefficient 

Component Time-series Lag (month) 
Correlation 
coefficient Lag (month) 

Correlation 
coefficient 

X GCM & ATM + 2 0.494 −4 −0.643 
GCM & OCN 0 0.716 −4 −0.462 
GCM & TWS −1 0.821 + 5 −0.723 
GCM & AOT 0 0.984 −6 −0.610 
ATM & TWS −4 0.616 + 3 −0.664 
OCN & TWS −3 0.604 + 3 −0.560 
ATM & OCN −1 0.403 −7 −0.512 

Y GCM & ATM −1 0.855 + 5 −0.776 
GCM & OCN 0 0.477 + 6 −0.186 
GCM & TWS + 1 0.902 + 7 −0.675 
GCM & AOT 0 0.991 −6 −0.725 
ATM & TWS + 2 0.826 −4 −0.723 
OCN & TWS + 1 0.237 + 7 −0.214 
ATM & OCN + 1 0.226 + 7 −0.305 

Z GCM & ATM + 2 0.574 −3 −0.610 
GCM & OCN 0 0.434 −5 −0.225 
GCM & TWS 0 0.856 + 5 −0.740 
GCM & AOT 0 0.966 -6 −0.665 
ATM & TWS −3 0.601 + 2 −0.654 
OCN & TWS −1 0.159 + 4 −0.237 
ATM & OCN −2 0.262 + 5 −0.181 
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The analysis reveals strong positive correlations between GCM and both ATM and TWS, accompanied by notable lags. Specifically, 
GCM lags ATM by approximately 1–2 month in all three components, with a peak correlation of 85.5 per cent at a 1-month lag in the Y
component. GCM also lags TWS by up to 1 month, with positive correlation coefficients exceeding 82 per cent in all components, confirming
the strong seasonal influence of TWS on GCM. In contrast, no clear lag is detected between GCM and OCN, although the highest correlation
is found in the X component, underscoring the dominant role of oceanic mass variability in this component. Additionally, negative correlations
between GCM and TWS are evident, peaking at approximately + 5, + 7 and + 5 month in the X, Y and Z components, respectively, suggesting
a delayed negative relationship. Further lag analysis reveals that ATM and OCN both lead TWS by 1–4 month in the X and Z components.
This likely reflects the faster response of the ocean–atmosphere system to pressure and circulation anomalies, while TWS reflects slower land
hydrology processes that influence GCM with a delay. The phase offsets among ATM, OCN and TWS are particularly evident in the X and Z
components in Fig. 3 . 

Notably, the combined ATM + OCN + TWS series aligns more closely with GCM in the X component than in Z, highlighting the
additional seasonal contributions of GRE and GLA to GCM in the Z component. As shown in Table 1 , the combined ATM + OCN + TWS
series achieves maximum correlations exceeding 96 per cent with GCM in all components, with no significant lag, demonstrating that this
combined signal robustly captures the dominant seasonal variations of GCM. 

Having identified ATM, OCN and TWS as the primary contributors to seasonal GCM variability and established their respective lag
relationships, this study further investigates their amplitude and phase characteristics to provide deeper insights into the mass redistribution 
processes underlying seasonal GCM variations. 

4  R E S U LT S  A N D  S E A S O NA L  S I G NA L  D R I V I N G  FA C T O R S  

4.1 MSSA analysis of seasonal GCM variability 

In signal analysis, MSSA is a powerful method for processing multivariate data, enhancing signal extraction and resolving complex interactions
among system components. In this study, MSSA is employed to explore the interrelationships among the X, Y and Z components of GCM,
providing a more comprehensive understanding of their seasonal variations and underlying geophysical drivers. Despite extensive research 
on seasonal signals in GCM, significant discrepancies in seasonal amplitude estimates remain, largely due to differences in computational 
and analytical methods (Kuang et al. 2019 ). To address this issue, this study applies MSSA with a window length of 9–10 yr to reconstruct
the GCM, ATM, OCN and TWS, followed by spectral analysis using the Fast Fourier Transform (FFT). While MSSA may not always isolate
purely single-frequency components, the dominant periodicities identified here demonstrate notable robustness and reliability, as evidenced 
by their agreement with prior studies (Kuang et al. 2019 ; Rebischung et al. 2024 ), results from spectral analysis, sensitivity tests on window
length and evaluations of W-correlation. 

Fig. 5 depicts a spectral comparison of seasonal signals derived from the GCM, ATM, OCN, TWS and combined ATM + OCN + TWS
time-series. All time-series exhibit prominent annual and semi-annual signals, with the annual amplitude significantly exceeding that of the 
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Figure 5. Annual and semi-annual spectrum analysis. The first row represents the X, Y and Z components of GCM (FPA + ATM + OCN-detrended); the 
second row corresponds to ATM; the third row depicts OCN; the fourth row illustrates TWS and the fifth row illustrates ATM + OCN + TWS. Values in 
parentheses indicate the frequency and amplitude. 
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Table 2. Annual and semi-annual amplitudes and phases, FPA + ATM + OCN-Detrend shows FPA-based GCM after incorporating the ATM and 
OCN component. 

Component Solutions Annual Semi-annual 
Amplitude (mm) Phase (◦) Amplitude (mm) Phase (◦) 

X FPA + ATM + OCN-Detrend 1.95 ± 0.08 58.7 ± 2.3 0.42 ± 0.08 295.3 ± 10.5 
ATM 0.50 ± 0.03 353.3 ± 3.1 0.20 ± 0.03 343.0 ± 7.0 
OCN 0.83 ± 0.06 13.4 ± 4.4 0.31 ± 0.06 269.2 ± 12.0 
TWS 1.55 ± 0.04 98.4 ± 1.3 0.06 ± 0.04 201.6 ± 34.1 

ATM + OCN + TWS 1.99 ± 0.08 59.0 ± 2.1 0.39 ± 0.09 292.7 ± 10.4 

Y FPA + ATM + OCN-Detrend 2.81 ± 0.08 321.7 ± 1.5 0.46 ± 0.08 160.4 ± 10.9 
ATM 1.50 ± 0.03 356.6 ± 1.2 0.31 ± 0.03 248.4 ± 5.4 
OCN 0.24 ± 0.05 326.7 ± 11.9 0.12 ± 0.05 72.8 ± 31.0 
TWS 1.57 ± 0.06 296.7 ± 2.0 0.47 ± 0.06 132.8 ± 10.7 

ATM + OCN + TWS 2.90 ± 0.08 325.4 ± 1.5 0.45 ± 0.08 164.0 ± 11.2 

Z FPA + ATM + OCN-Detrend 3.10 ± 0.10 63.3 ± 1.9 0.71 ± 0.10 251.8 ± 8.5 
ATM 1.04 ± 0.07 341.5 ± 3.8 0.40 ± 0.07 196.1 ± 9.8 
OCN 0.20 ± 0.05 26.6 ± 16.2 0.19 ± 0.05 298.5 ± 15.0 
TWS 2.03 ± 0.04 80.8 ± 1.2 0.27 ± 0.04 274.8 ± 9.1 

ATM + OCN + TWS 2.34 ± 0.10 51.3 ± 2.7 0.63 ± 0.10 243.3 ± 9.4 

Figure 6. Annual and semi-annual amplitudes and phases of GCM. 
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semi-annual signal (Dong et al. 1997 ; Altamimi et al. 2023 ). Moreover, our analysis confirms that the amplitude of the FPA + ATM + OCN-
detrended time-series is generally in good agreement with GCM estimates derived from CSR’s SLR-based solutions, confirming the reliability 
of the FPA approach. 

In the GCM spectra (first row), the Z component displays the largest annual amplitude among all three components, reflecting the
significant redistribution of Earth’s mass between the Nor ther n and Southern Hemispheres along the Z-axis. In the ATM spectra (second
row), the Y and Z components exhibit higher annual amplitudes than the X component, highlighting the dominant influence of atmospheric
variations on GCM in these components. The OCN spectra (third row) show a pronounced annual peak in the X component, emphasizing
the dominant role of ocean variation on GCM in this component. Similarly, the TWS spectra (fourth row) reveal a higher annual amplitude
in the Z component compared to the X and Y components, reflecting the significant impact of global terrestrial hydrological processes on
GCM along the Z-axis. In the combined ATM + OCN + TWS spectra (fifth row), the annual amplitudes in the X and Y components align
closely with those of the GCM. However, a notable discrepancy is observed in the Z component, where the annual amplitude of GCM reaches
3.1024 mm, while ATM + OCN + TWS accounts for only 2.3431 mm. This difference is primarily attributed to the additional seasonal
contributions from the GLA and GRE components, as discussed in Section 3.2 . To quantify these effects, we detrended the Z-component
time-series of GLA, GRE and FPA + ATM + OCN, and quantitatively evaluated their respective seasonal variance contributions. The results
indicate that GLA and GRE contribute 24.7 per cent and 9.4 per cent, respectively, to the seasonal variance of the Z component, highlighting
their notable roles in modulating GCM. 

Table 2 provides a detailed comparison of the annual and semi-annual signals, along with an analysis of the seasonal characteristics of
five time-series, as illustrated in Fig. 6 . In the X and Y components, the annual amplitudes of GCM (red bars) closely align with those of

art/ggaf310_f6.eps
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Figure 7. Phase and amplitude diagram of the annual (red dashed box) and semi-annual (blue dashed circles) signals in the five time-series. 

Figure 8. Contribution relationship of ATM, OCN, TWS and ATM + OCN + TWS to GCM. 
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TM + OCN + TWS (yellow bars), whereas a slightly larger discrepancy is observed in the Z component. Regarding the annual signal phase,
TM and TWS exhibit closer alignment in the Y component, while more significant phase offsets are evident in the X and Z components.
otably, GCM and ATM + OCN + TWS demonstrate consistent phase behaviour across all three components. The semi-annual amplitude

nd phase patterns follow similar trends. The uncertainties in this study are estimated by fitting a rate-annual-semiannual model to the
ime-series, which may underestimate the actual errors. Future research should incorporate more robust error analysis methods to improve
he seasonal signal accuracy. 

To further illustrate these relationships, Fig. 7 presents a phase-amplitude distribution diagram. The results reveal strong clustering
etween GCM and ATM + OCN + TWS, reflecting their high consistency in seasonal signal patterns. In contrast, ATM, OCN and TWS
xhibit more dispersed phase-amplitude distributions, with OCN showing greater variability than TWS. 

.2 Quantifying ATM, OCN and TWS contributions to seasonal GCM variability 

iven the dominant roles of ATM, OCN and TWS as seasonal drivers of GCM, this study quantifies their individual and combined contributions
o the total variance of FPA-derived GCM within the Earth’s system components. As shown in Fig. 8 , TWS is the largest contributor to
easonal GCM variations, accounting for 66.4 per cent and 67.9 per cent of the seasonal variance in the Y and Z components, respectively,
nd 47.9 per cent in the X component. In contrast, ATM and OCN contribute only 10.9 per cent and 14.5 per cent to the Z component,
espectively, consistent with their relatively weak correlations with GCM in this component (57.4 per cent and 43.4 per cent; see Table 1 ). This
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lower contribution in the Z component stems from the high-frequency signal interference in ATM, OCN and significant seasonal variations
from GLA and GRE, which cannot be ignored. In the X and Y components, the combined contribution of ATM and OCN is comparable to,
and slightly greater than, that of TWS. In contrast, TWS remains the dominant contributor to variance in the Z component. These results are
broadly consistent with those reported by Zhang & Sun ( 2018 ), although their study found that ATM and OCN exerted a greater influence
than TWS in the X and Y components. This discrepancy likely stems from their use of the GLDAS model, which excludes groundwater
components, potentially underestimating total TWS contributions. In contrast, the FPA, which partitions Earth’s surface and incorporates 
sea level equations, enables more accurate identification and quantification of TWS mass variations, particularly in capturing groundwater 
contributions. 

Despite these differences, this study agrees that the combined ATM and OCN contributions to GCM variance are greater in the X and
Y components than in the Z component. The combined ATM + OCN + TWS contributions account for 97.9 per cent, 98.1 per cent and
90.8 per cent of GCM variance in the X, Y and Z components, respectively. Notably, in the three components, the total variance explained by
the individual contributions of ATM, OCN and TWS exceeds that of their combined signal (ATM + OCN + TWS). This discrepancy can
be attributed to the intercomponent correlations and lag relationships, as summarized in Table 1 . Specifically, ATM, OCN and TWS exhibit
mutual lags of 1–4 month, and their phase misalignments can lead to partial signal cancellation when combined, thereby reducing the total
variance. 

In the Y component, both the variance explained by the combined ATM + OCN + TWS signal and the sum of their individual
contributions exceed those in the X and Z components. This discrepancy may be attributed to the dominance of continental regions in the
Y component and oceanic regions in the X component (Chen et al. 1999 ). TWS exerts a stronger influence on GCM than oceanic mass
variations, and atmospheric loading is generally more pronounced over continents than oceans, both contributing to the greater variance 
observed in the Y component. In contrast, the relatively lower variance in the Z component may reflect the absence of contributions from the
GLA and GRE components, which are known to significantly impact seasonal signals along the Z-axis, resulting in an underestimation of
variance in this component. 

In summary, seasonal oscillations in GCM are primarily influenced by mass redistribution associated with ATM, OCN and TWS
processes. 

4.3 Detection and interpretation of other periodic signals 

To better isolate and identify periodic signals beyond the dominant annual and semi-annual components, this study applied MSSA to the FPA,
ATM, OCN and TWS time-series, with the trends, annual and semi-annual signals removed. Fig. 9 presents the periodic signals detected by
MSSA in the X, Y and Z components. 

The analysis revealed periodic signals of approximately 3–5 yr and shorter period signals near 270 d across all four time-series. These
signals are likely linked to distinct geophysical processes, although their specific origins require further investigation. Additionally, a ∼140-d 
periodic signal was detected in all three components of the ATM time-series. This signal is suspected to be an artefact arising from high-
frequency atmospheric noise and was therefore not considered geophysically meaningful. Notably, a ∼160-d periodic signal was consistently 
observed in all three components of the FPA and TWS time-series. Further analysis of additional FPA-resolved components revealed weak
∼160-d signals in the GLA and GRE time-series. Previous studies (Chen et al. 2009 ; Cheng & Ries 2017 ; Yu et al. 2025a ) have reported
significant ∼160-d periodic signals in GRACE SH coefficients of degree and order no less than 2, attributing this signal to half of the nodal
period of GRACE and GRACE-FO satellite orbits rather than a true geophysical phenomenon. As illustrated in eq. ( 6 ), FPA derives fingerprint
coefficient vectors from high-degree GRACE SH coefficients, making it likely that this ∼160-d aliasing signal is inadvertently propagated 
into the TWS, GLA and GRE fingerprints. Recognizing this signal as a satellite-induced artefact, GRACE-based studies typically remove it
to prevent contamination of geophysical interpretations in GCM analysis. 

4.4 Significance of the ∼120-d periodic signal 

Among the detected periodic signals, the ∼120-d periodic signal is particularly noteworthy, as it appears consistently in the GCM, ATM,
OCN and TWS time-series (Fig. 9 ). This signal aligns with a growing body of literature reporting sub-seasonal periodicities in precipitation,
TWS and snow water equivalent (Vishwakarma et al. 2021 ; Xue & Lau 2024 ; Zhu et al. 2025 ), all of which reflect surface mass redistribution
processes. Given that precipitation is a key driver of both seasonal and subseasonal variations in TWS, this study further analyses precipitation
data sets from ECMWF and GPCC. These data sets were converted into SH coefficients, from which degree-1 terms were extracted and
transformed into GCM-equivalent components along the X, Y and Z axes (Fig. 10 ). The analysis reveals that precipitation fluctuations in the
GPCC data set are consistently greater than those in the ECMWF data set across all three components. While the X and Y components of the
two data sets display lower consistency, the Z component exhibits clear annual variability. MSSA analysis applied to both precipitation data
sets confirms the presence of a ∼120-d periodic signal (Fig. 11 ). In Fig. 11 , the spectral content of the GPCC total precipitation is shown in
the bottom left panel, whereas the bottom right panel displays the corresponding spectrum from the ECMWF data set. Notably, although the
∼120-d signal is present in both data sets, the amplitude of this signal is consistently higher in GPCC than in ECMWF data. This discrepancy
may be attributed to potential biases in ECMWF reanalysis products in regions with sparse observations, despite their global coverage. In
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Figure 9. Periodic signals detected by MSSA in GCM components, excluding annual and semi-annual signals. Red indicates a period of 3–5 yr, grey denotes 
2.5–2.8 yr, blue corresponds to 1.4–1.5 yr, green represents approximately 250–300 d, purple indicates about 220 d, orange corresponds to about 160 d, light 
blue represents approximately 140 d and black denotes approximately 120 d. 
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Figure 10. Impact of global precipitation on GCM. 

0 1 2 3 4
Frequency [l/Year]

0

0.1

0.2

0.3

0.4

0.5

A
m
pl
itu
de
[m
m
] (3.0438, 0.484)

(3.0438, 0.395)

(3.0438, 0.222)

Y
X
Z

0 1 2 3 4
Frequency [l/Year]

0

0.1

0.2

0.3

0.4

0.5

A
m
pl
itu
de
[m
m
]

(3.044, 0.186)

(3.044, 0.101)
(3.044, 0.043)

Y
X
Z

Figure 11. Global amplitude distribution of 120-d signal in ERA5 data (Top) and 120-d periodic signals in precipitation data sets (Bottom left: GPCC, Bottom 

right: ECMWF). 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/gji/article/243/1/ggaf310/8237452 by guest on 15 Septem

ber 2025
contrast, the GPCC data set, although based on direct gauge measurements, lacks oceanic coverage and is subject to local topographic effects
in data-sparse areas (Schamm et al. 2014 ; Hassler & Lauer 2021 ; Lavers et al. 2022 ). Further investigation is needed to fully elucidate the
causes of these differences. 

Both data sets indicate that the amplitude of the ∼120-d signal is largest in the Y component and smallest in the Z component. This
suggests a potential connection between ∼120-d precipitation fluctuations and GCM. The stronger ∼120-d signals in the GPCC data compared
to ECMWF likely reflect its higher sensitivity in capturing regional precipitation variability, with amplitudes of [0.395, 0.484, 0.222] mm
for the X, Y and Z components, respectively, compared to ECMWF’s [0.101, 0.186, 0.043] mm. The relatively small amplitude in the Z
component indicates that while precipitation fluctuations contribute to GCM variability, other geophysical factors, such as polar ice cap 
mass changes, likely modulate GCM variations along the Z-axis. To further illustrate the spatial characteristics of the ∼120-d precipitation
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ariations, we present a global amplitude map based on ECMWF data. The results highlight stronger signals along the Y axis associated
ith land-based hydrological accumulation, weaker signals along the ocean-dominated X axis and minimal signals in the Z component due

o limited high-latitude precipitation fluctuations. 
These findings underscore the potential role of ∼120-d periodic precipitation variations in modulating GCM dynamics, offering new

nsights into sub-seasonal mass redistribution processes in global climate variability and hydrological cycles. Additionally, the ∼120-d
eriodic signal has also been detected in variations of atmospheric circulation (Stan & Krishnamurthy 2019 ; Stan 2022 ), atmospheric angular
omentum (Manthos et al. 2022 ) and oceanic angular momentum (Nastula et al. 2011 ). Given that these processes are driven by global mass

edistribution, their influence on GCM is evident. These results emphasize the complexity of Earth’s mass balance dynamics, highlighting
he need for further research to disentangle climate-induced and non-climatic influences on GCM variability. 

Fur ther more, ENSO has been shown to be closely associated with regional climate variability at subseasonal timescales (Jung & Kirtman
016 ; Martineau et al. 2021 ; Park et al. 2023 ; Park & Son 2024 ), potentially modulating the GCM through its influence on precipitation
atter ns. Never theless, the specific linkage between the ∼120-d signal identified in this study and ENSO remains to be systematically
xamined and confirmed in future research. 

 D I S C U S S I O N  A N D  C O N C LU S I O N  

his study explores the dominant factors influencing seasonal GCM signals using the FPA, with a particular focus on the roles of ATM, OCN
nd TWS. To address the absence of atmospheric and oceanic contributions in the FPA-derived GCM, the ATM and OCN components were
ncorporated. Given ongoing uncertainties in glacier mass balance modelling, this study primarily focuses on the major drivers of seasonal
ariations. Correlations and lag analyses among ATM, OCN, TWS and GCM reveal var ying deg rees of phase lag among the four series. In
oth the X and Z components, ATM and OCN lag behind TWS. Notably, TWS exhibits a delayed negative correlation with GCM, peaking
t lags of 5–7 month, further reflecting the delayed response of TWS in modulating GCM. However, these lag relationships alone do not
ully explain the observed seasonal amplitudes of GCM, particularly in the Z component, where glacier mass changes (GLA and GRE) also
ontribute substantially. 

To further examine amplitude and phase behaviour, MSSA was applied to GCM, ATM, OCN, TWS and their combined time-series. The
esults reveal strong annual and semi-annual signals across all series, with the annual signal amplitudes significantly exceeding the semi-annual
mplitudes. Amplitude differences among components reflect the varying contributions of each driver to seasonal GCM variations. Notably,
he GCM and ATM + OCN + TWS series demonstrate high consistency in both amplitude and phase for the annual and semi-annual signals,
s reflected by their clear clustering patterns. In contrast, the ATM, OCN and TWS signals are more dispersed, particularly OCN, which
hows greater variability. Quantitative variance analysis reveals that TWS is the primary contributor to seasonal GCM variations in the Y and
 components, explaining 66.4 per cent and 67.9 per cent of the variance, respectively. Although the combined contributions of ATM and
CN in the X and Y components are comparable to or exceed those of TWS, they remain significantly lower than TWS in the Z component.
he combined ATM + OCN + TWS explains up to 97.9 per cent, 98.1 per cent and 90.8 per cent of the GCM variance in the X, Y and Z
omponents, respectively, confir ming their dominant roles as the primar y seasonal GCM drivers. 

After removing trends, annual and semi-annual signals, MSSA identified additional periodic signals. The analysis detected a spurious
140-d signal in the ATM time-series, attributed to high-frequency noise. Meanwhile, ∼160-d periodic signals were detected across all
CM and TWS components, corresponding to half the nodal period of GRACE and GRACE-FO satellites and likely an aliasing artifact.
dditionally, ∼120-d periodic signals were discovered in the GCM, ATM, OCN and TWS time-series, indicating the widespread presence
f this period in different data sets. To validate the origin of the ∼120-d signal, global precipitation data were analysed using MSSA.
he results suggest that this signal contributes to GCM variations in the X, Y and Z components, with the largest amplitude observed in

he Y component, likely tied to the spatial distribution of precipitation. In contrast, the smallest amplitude in the Z component indicates
hat other geophysical factors, such as polar ice cap mass changes, may dominate GCM along this axis. The pervasiveness of the ∼120-
 signal highlights how global precipitation patterns redistribute Earth’s mass, offering new insights into climate-induced geophysical
ariations. 

While MSSA effectively captures seasonal components, it has limitations in detecting signals beyond this timescale. Kiani Shahvandi
t al . ( 2024 ) demonstrated that core dynamics exert a nonlinear influence on TWS, ice sheet melting and global glacier variations, con-
ributing to approximately 90 per cent of interannual and decadal-scale changes. Given the nonlinearity and complex interactions among
ultiple geophysical processes, MSSA may not fully capture the overall characteristics of these signals in GCM time-series. To enhance

ts applicability in Earth system dynamics, future research should focus on refining MSSA for improved detection of interannual and
ecadal variations. However, this limitation does not affect the study’s focus on seasonal variations, which remain the primary scope of this
nalysis. 

In conclusion, this study elucidates the dominant roles of TWS, ATM and OCN as the primary contributors to seasonal GCM variations,
ith varying influence across components. Notably, the consistent detection of a ∼120-d periodic signal, likely associated with precipitation
atterns, underscores the significance of climate-driven mass redistribution in modulating seasonal GCM signals. These results offer a solid
oundation for advancing our understanding of Earth’s time-variable mass distribution and its geophysical drivers. 
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