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ARTICLE INFO ABSTRACT
Keywords: This study employs Dynamic Mode Decomposition (DMD) to derive a global-scale linear model for the
GRACE data

temporal evolution of Total Water Storage Anomaly (TWSA) measured by GRACE satellite missions, with the
goal of extracting and analyzing the dominant spatiotemporal structures governing TWSA variability. Our
analysis differentiates modes associated with a periodic dynamic - linked to precipitation-driven seasonal
cycles and multi-year variations — from those incorporating trend effects indicating, on average, a progressive
TWSA decline. Focusing on the latter, we examine patterns associated with extreme TWSA values and their
intensification over time. In regions experiencing significant TWSA changes over the past decade, DMD
effectively distinguishes natural variability from trends, aligning with previous findings that identify climate
change and human impact effects in the same regions. This study underscores DMD’s potential in capturing
essential hydrological dynamics in data, thus supporting the interpretation of these dynamics at the scale of

Dynamic mode decomposition
Reduced-order model
Hydrology

Dynamic process

Time series

the analysis.

1. Introduction

Satellite missions yield environmental data with ever improving
spatial coverage and temporal resolution, which is critical for study-
ing large-scale hydrological process dynamics. The Gravity Recovery
and Climate Experiment (GRACE) satellite mission and its succes-
sor, the GRACE follow-on (GRACE-FO) (Tapley et al., 2004; Landerer
et al., 2020), measure Earth’s gravity field variations to detect total
water storage anomalies (TWSA) on the planet. GRACE data enable
one to identify clear trends in freshwater depletion across diverse
regions (Rodell et al., 2018; Stampoulis et al., 2019; Frappart et al.,
2019; Scanlon et al., 2023) and draw an integrated view on the complex
interaction between human activities and hydrological systems, which
is critical to design sustainable water management practices (Tapley
et al., 2019; Rodell and Reager, 2023).

The vulnerability of water resources to depletion is evident in
regions affected by intensive irrigation and in areas impacted by severe
droughts (Famiglietti et al., 2011; Castle et al., 2014). These alterations
in hydrological systems, and consequent freshwater losses and shifts in
water availability, disrupt the balance of freshwater systems by decreas-
ing groundwater reserves and connected surface water flows and affect
ecosystems and food security by jeopardizing biodiversity and critical
ecosystem services (de Graaf et al.,, 2019). Analyzing spatiotemporal
patterns in global hydrological data that affect water resource avail-
ability is essential to identify the underlying mechanisms driving these
changes and design effective mitigation strategies (Huggins et al., 2022;
Scanlon et al., 2023).
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Decoding the wealth of information contained in the GRACE dataset
to extract meaningful spatiotemporal patterns requires the use of ro-
bust, data-driven tools grounded in solid mathematical principles. Dy-
namic Mode Decomposition (DMD) is a powerful and versatile data-
driven technique for analyzing dynamical systems based on the singular
value decomposition (SVD) (Kutz et al., 2016). Originally developed
within the fields of applied mathematics and fluid dynamics (Schmid,
2010), DMD has also gained popularity since it has shown its connec-
tion with the Koopman operator (Rowley et al., 2009; Mezi¢, 2013).
DMD has since found applications across diverse scientific disciplines,
including physics, engineering, and biology (Tu et al., 2014; Kutz
et al.,, 2016; Lu and Tartakovsky, 2020, 2021; Libero et al., 2024c).
The method decomposes high-dimensional, time-dependent datasets
into spatial modes paired with corresponding temporal dynamics, fa-
cilitating the identification of coherent structures and intrinsic dy-
namic behaviors within complex datasets. Ultimately, it enables recon-
structing an optimal linear model mimicking the dynamic from these
structures (Kutz et al., 2016).

As in Principal Component Analysis (PCA) and Empirical Orthogo-
nal Functions (EOF)—which are mathematically equivalent techniques
—DMD is a method for analyzing high-dimensional data, but it differs
fundamentally in focus. PCA and EOF identify spatial patterns that
capture the most variance in the data, producing orthogonal modes
that are optimal for compression and noise reduction, but they do not
account for time dynamics. In contrast, DMD captures the underlying
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temporal behavior by identifying modes associated with specific fre-
quencies and growth or decay rates, making it well-suited for analyzing
and forecasting dynamical systems (Kutz et al., 2016).

In Libero et al. (2024b), we investigate the capability of DMD to
reproduce the dynamics of global-scale GRACE data, i.e., we use the
method as a predictive tool. In particular, we focus on deriving the
optimal linear operator within the DMD framework, which provides
a linear approximation for advancing system states over time. We
compare two different DMD algorithms and evaluate their performance
in representation and extrapolation. The results reported in this study
demonstrate that DMD facilitates data compression and enables ex-
trapolation from a reduced set of spatially correlated structures with
their associated dynamic. Moreover, we show that DMD maintains
high predictive accuracy for global system dynamics while effectively
reconstructing local time series.

Here, we do not use the method to make predictions, but we employ
DMD to extract and analyze the dominant spatiotemporal structures in
GRACE data. The objective is to leverage all available data during the
training phase, focusing on identifying and interpreting key periodic
and trend-dominated modes characteristic of the whole observation pe-
riod. The approach reveals distinct patterns of water storage variability
driven by these modes across different regions. By distinguishing the
contributions in TWSA between natural cyclical fluctuations and long-
term trends, we uncover the accelerating depletion of water resources
in several critical areas. Our results highlight the increasing influence
of trend-dominated modes over the observation period, particularly
in regions affected by water depletion and climate-driven changes.
This study demonstrates the capability of DMD to provide valuable in-
sights into the global dynamics of water storage, offering a data-driven
framework for monitoring and interpreting large-scale hydrological
changes.

The paper is organized as follows. Section 2 is devoted to the
presentation of both our methodological framework and Section 3 to
the data used in the study. Section 4 reports the discussion of the
results. Section 5 provides final remarks.

2. Materials and methods

We arrange the sequence of TWSA snapshots into column vectors,
X, = X(t;,) with dim(x;) = N, 1, = kAt and k = 1,..., M, i.e., M is the
number of time points, while N denotes the number of spatial elements
in the grid used for discretizing the snapshots. We do so to build two
matrices, X, X’ € RV*M with M < N, so that for each column x, in X,
the corresponding column in X’ is one timestep 4Ar ahead in the future.

The DMD seeks to derive a linear approximation of the flow map of
the nonlinear dynamic system as follows

X~ AX/, A =argmin|| X’ — AX||r = X'XT, ¢h)
A

where ||.|| is the Frobenius norm and A € RV*V. To reduce the com-
putational cost of (1), the rank-r SVD - singular value decomposition
— approximation X ~ UEVT, with U € RN¥, & € R, V € RM*" js
adopted. Then, one can obtain a low-dimensional linear model on POD
coordinates as follows

A=UTAU=UTXVZ, (2)

where A € R™. An approximation of the leading spectral decomposi-
tion of the original operator A is given by

AW = WA, 3)

where the eigenvalues, 4,..., 4,, stored in the diagonal matrix A €
R™" correspond to the eigenvalues of A, while the eigenvectors, ¢, ...,
¢,, of A, stored in the columns of & € RVX", are computed as ® =
X'VE-!'W (Kutz et al., 2016).

The eigenvectors of A are commonly named DMD modes and rep-
resent space-correlated structures, i.e., spatial patterns, that evolve
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in time according to the dynamic characteristics embedded in the
eigenvalues. As such, each mode ¢, is a vector with the same dimension
as the vectorized snapshots and provides information about the cells in
the domain where the mode is active. Specifically, each element in ® is
usually a complex value, and the angle between the real and imaginary
components represents the oscillation phase of that element relative
to the others, i.e., a spatial shift. Furthermore, the absolute value of
each matrix element corresponds to the magnitude, which is the spatial
location’s participation in that mode, with the same unit as the original
data (Kutz et al., 2016).

The eigenvalues of A, 4, with i = 1,...,r, describe the dynamic be-
havior of the spatial patterns represented by the corresponding modes.
Specifically, for each mode, a time dynamic can be determined as

7, = exp(w;1), @

where w; = In(4;)/4t is the continuous-time counterpart of the eigen-
value 4;. The DMD decomposition allows reconstruction of the system
state evolution or even projection in the future as follows

.

()~ Y ¢;7,b; = BT(A)b. (5)
i=1

where T is the matrix containing the time dynamics z,, and b = ®'x,

is the matrix of the corresponding amplitudes b; that denote how much

each mode contributes to the overall signal at the initial time (Kutz

et al., 2016).

As discussed in the literature, the standard DMD framework (1) is
affected by sensitivity to measurement noise, which may induce bias
in the eigenvalue distribution and consequently affects the forecasting
and reconstruction ability (Bagheri, 2014; Dawson et al., 2016; Hemati
et al., 2017; Duke et al., 2011). Here, among the DMD algorithms that
pursue the computation of the modes and time dynamics, we adopt the
optimized DMD (optDMD) (Askham and Kutz, 2018) which is based
on a variable projection method for nonlinear least squares to ease
the decomposition of unevenly timed samples (Sashidhar and Kutz,
2022). Specifically, this algorithm is based on the direct solution of an
exponential fitting problem as follows

argmin||X — ST(A)b|| . (6)
A, ®.b

This formulation effectively suppresses bias and handles snapshots col-
lected at arbitrary times, yielding modes and eigenvalues that are less
sensitive to noise than those computed with standard DMD. However,
these advantages come at the cost of solving a nonlinear, nonconvex
optimization problem, which may fail to converge as the problem size
increases. To mitigate this, the optDMD algorithm can be combined
with statistical bagging methods to enhance robustness by stabilizing
and cross-validating the DMD model through ensembling (Sashidhar
and Kutz, 2022).

In the following, we define with TWSA, the GRACE data at a give
time ¢, while TWSA,‘ is the correspondent prediction given by the
linear model obtained with the optDMD algorithm truncated at r =
10 according to a criteria of data compression and based on error
analysis (Libero et al., 2024a). The mode and time dynamics derived
from GRACE data discussed in this paper include the periodic and trend
components present in the dataset. However, our analysis is not unique
since it depends on the algorithm choices and is referred to the selected
time frame.

We evaluate the performance of the method by comparing observed
and simulated system states. The difference between the state of the
system predicted by the DMD model and the real snapshot at time 7 is
defined as

df = TWSAL — TWSA,. %)
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3. Data

This analysis is based on the time series of monthly TWSA maps
provided by the GRACE satellite mission (Tapley et al., 2004; Watkins
et al.,, 2015), operational from April 2002 to October 2017, and its
successor, GRACE-FO (Landerer et al., 2020), launched in 2018 and
currently active. We employed the most recent GRACE mascon product
(RL06.1Mv03) from the Jet Propulsion Laboratory archive (NASA/JPL,
2023), along with a 0.5-degree scaling factor map designed to reduce
signal attenuation during sampling and post-processing (Wiese et al.,
2016). This scaling enhances the native resolution of 3 degrees in both
latitude and longitude. Since these scaling factors, optimized for reduc-
ing leakage errors in continental hydrology applications (Wiese et al.,
2016), are not computed for ice-covered regions such as Greenland and
Antarctica, these regions are excluded from our study.

The dataset includes M = 232 monthly global matrices of anomalies
in centimeters of equivalent water thickness derived from satellite
gravity field measurements, referenced to a baseline mean calculated
from January 2004 to December 2009. The TWSA snapshot series spans
from April 2002 (r = 1) to April 2024 (r = 265), with some short-term
gaps and a major interruption during the transition between the two
missions. Our analysis focuses on the evolution of TWSA across N =
58908 grid elements located in land areas. As explained in Section 2,
in the data matrix, the columns represent different time points of
TWSA data, and for each time point, the correspondent snapshot is
flattened into a vector in a latitude-first order. This choice does not
impact the results discussed later. Also, the presence of gaps is not an
issue because, in the DMD framework, the data does not have to be
sequential or uniformly sampled in time. DMD can be used to analyze
the dynamics of a generic — not necessarily sequential — time series. The
method requires the columns of X and X’ to be related by the dynamics
of interest. This means that only the pairwise correspondence between
the columns of X and X’ is relevant (Tu et al., 2014).

Although the analysis was conducted over 232 months of data, we
have chosen to present the results as functions of 7, where ¢ represents
time in months and ranges from 1 to 265, and to connect the results
linearly across any gaps in the data.

4. Results and discussion

We apply DMD to derive a linear model for the temporal evolution
of TWSA using the time series of snapshots provided by the GRACE
satellite mission (see Sections 2, and 3). This linear model enables
the identification of dominant spatiotemporal structures within the
data. Specifically, DMD extracts a reduced set of modes that represent
spatially correlated structures along with their temporal dynamics, as
shown in Appendix A.

As denoted by the correspondent time dynamics, the first two
extracted modes (Fig. A.5) exhibit a 12-month periodicity (panels c,f).
Thus suggesting their association with precipitation patterns charac-
terized by one annual minimum and maximum. Indeed, by observing
the magnitude (panels a,d), it is possible to note that these modes are
predominantly influential in regions with a tropical climate, featuring
distinct wet and dry seasons where water variability is largely driven
by precipitation. Also, the phases show the seasonally aligned regions
participating to these modes (panels b,e). In DMD, some modes natu-
rally appear as complex conjugate pairs due to applying the method to
real-valued data, which leads to a real-valued linear operator. This op-
erator captures oscillatory behavior through complex eigenvalues, with
paired modes representing components of real-valued oscillations (Kutz
et al., 2016). Modes 1 and 2 illustrate this well, as they encode the
dominant oscillatory dynamics of the system. While these conjugate
modes share the same magnitude and growth or decay rate, their phases
differ—rotating in opposite directions in the complex plane—resulting
in real-valued oscillations when combined.
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Fig. 1. (a) GRACE data at 1 = 168 (March 2016), TWSA,4g, (b) correspondent model
prediction, TWSAIL'GS, and (c) contribution to the prediction given by a subset of modes
TWSA]LL,;‘8 with a = (1,2,7,8,10). In (d) is the PDF of the differences df between (b) and
(a), while in (e) is the PDF of the differences df" between (c) and (a). (f)-(j) are the
same of (a)—(e) for 1 =265 (April 2024).

The third and fourth modes (Fig. A.6) capture seasonal effects with a
4-year periodicity, marked by an increasing and decreasing amplitude,
respectively, over the observation period. These are reasonably linked
to complex ocean-atmosphere interactions determining natural climate
patterns such as, e.g., El Nifio and La Nifna. The fifth and sixth modes
(Fig. A.7) include an initial state of the system, which rapidly declines
to zero after the baseline period. The seventh and eighth modes (Fig.
A.8) encapsulate the trend effects in the data, with the latter con-
tributing from approximately the midpoint of the observation period,
while the former maintains a consistent influence throughout. These
modes exhibit global contributions. Lastly, the ninth and tenth modes
(Fig. A.9) denote a constant behavior and a periodic dynamic with a
progressively increasing amplitude, characterized by two peaks and one
minimum across the observation period, respectively.

We argue that specific spatiotemporal structures within the data
are essential for defining the dynamics of TWSA. We show that by
analyzing the spatial error distribution at two distinct time points,
t = 168, which corresponds to March 2016, and r = 265 to April
2024. Specifically, we first demonstrate that the TWSA data (Fig. 1a,f)
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are reproduced accurately by the complete DMD model obtained by
considering the contribution of all modes. Hereinafter, we refer to this
DMD model as TWSA® (Fig. 1b,g). Secondly, we show that comparable
accuracy is achieved through DMD when we sum only the contribution
of selected modes, i.e., TWSAX« with a = (1,2,7,8, 10) indicating the
subset of modes considered for the prediction, resulting in only minor
discrepancies in data reproduction (Fig. 1c,h).

To quantify the error associated with the model predictions in both
cases, we compute the vectors df and df" as defined in Eq. (7). As
such, for + = 168 and ¢t = 265, we get two vectors of differences
containing N = 58908 values each, one for each cell’s grid located on a
land area in the map. The probability distribution of these differences
is described by the histograms for the two representation scenarios,
i.e., reconstructions using all modes and those using only the most
contributing modes (Fig. 1d,e, and i,j, respectively). The histograms are
sensibly symmetric around zero, and the probability quickly decays to
nearly zero for |df| > 10, indicating an appreciable degree of accuracy
of the model.

After demonstrating the dominant influence of a selected subset of
DMD spatiotemporal structures at two different time points, we expand
on these initial findings by analyzing the average spatial contribution
of each mode to the predicted TWSA over time, i.e. ( TWSAf“ ), where
a = 1,2,...,10 indicates the mode (Fig. 2a). This analysis reveals that
modes 1, 2, and 10 exhibit periodic contributions ranging from —2 cm
to +2 cm. In contrast, modes 7 and 8 show a marked decline over
time, with mode 8 decreasing more rapidly, reaching approximately
—6 cm. The contributions of the remaining modes are characterized by
an average spatial contribution of around zero.

To analyze the mode spatial influence beyond the averages and to
explore, in particular, regions experiencing the most extreme values,
we consider the contribution to the predicted TWSA of each mode
separately and quantify the percentage of cells where this contribution
is above and below +10 cm over time (Fig. 2b—e). Fig. 2b—c highlights
that the percentage of cells with values below —10 cm is significant for
modes 7 and 8, with mode 8 becoming predominant in the last three
years. This means that modes 7 and 8 reflect a diffuse global pattern
intensifying over time, with an annual increase rate in the percentage
of cells with values below —10 cm exceeding 3% for mode 8 and
approximately 1% for mode 7 during the final years of the observation
period (Fig. 2b). Similarly, Fig. 2d—e shows the percentage of cells with
TWSA values exceeding +10 cm, which also becomes significant for
modes 7 and 8. In this case, mode 8 shows an annual increase rate in
the percentage of cells exceeding 2.5%, while mode 7 exhibits a rate
of approximately 1% in the final years of the observation period. Mode
8’s contribution becomes dominant in the last year (Fig. 2d).

To analyze the intensifying global pattern in the last years asso-
ciated with trend-dominated modes, in Fig. 3, we indicate the areas
exhibiting a contribution of mode 7 (panels a—c) and mode 8 (panels
d—f) to the predicted TWSA values above and below +10 cm, at time
points t = 217, 241, and 265, corresponding to April in 2020, 2022,
and 2024, respectively. Our analysis reveals where the progressive
expansion of regions exceeding the specified thresholds occurs.

We observe that both modes 7 and 8 contribute to these patterns,
often with opposing signs, with mode 8 becoming increasingly dom-
inant over time, as corroborated by the results in Fig. 2b—c. This is
particularly pronounced in regions such as northern Venezuela, central
Argentina, Brazil, California, western Colombia and Colorado basins,
the Mississippi Basin, and southern Mexico and Guatemala. A simi-
lar condition is observed in southeastern Africa, southwestern Russia,
northern India, northeastern China, and northern and eastern Australia.
Regions such as the Gulf of Alaska coast and the Patagonian ice fields
exhibit combined effects from the two modes, which intensify the
negative predicted TWSA values. In contrast, tropical western Africa
shows an additive effect that increases the positive predicted TWSA
values. New regions with spreading patterns linked to mode 8 have
emerged, including Mexico, central-eastern Canada, northern Eurasia,
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Fig. 2. (a) ( TWSA,':“ ) (in cm) is the spatial average of the contribution of the ath
mode to the optDMD prediction in time. Note that the time series for « = 1,2 overlap.
In (b)-(c) is the % of cells with TWSA/C” < —10 cm. In (d)-(e) is the % of cells with
TWSA* > 10 cm.

western China, and eastern Siberia. A comparable spatial expansion is
observed for mode 7 in central-eastern Europe.

In Fig. 4 we analyze TWSA values provided by DMD over the last
ten years of the observation period at + = 145, 205, and 265, which
correspond to April 2014, 2019, and 2024, respectively. As before, this
analysis focuses on regions where the predicted TWSA values exceed
the defined thresholds +10 cm. The goal is to quantify the contribution
of trend-dominated modes compared to others as they increasingly be-
come dominant. The first row illustrates the joint contribution of modes
7 and 8, i.e., TWSAX(®, while the second one displays the effect of the
remaining modes. The third row depicts the overall model prediction
(considering all modes), i.e., TWSA®, whose validation is provided in
Appendix B Fig. B.10 against GRACE data. Finally, the last row of
Fig. 4 proposes the percentage of the contribution of modes 7 and 8
over the overall prediction, i.e., it is computed as TWSAL7:8) /TWSAL .
100. The selection of the three time points is based on the following
criteria. We choose April in all cases since this month corresponds
to the peak of the periodic contribution of modes 1 and 2 (Fig. 2a),
thus facilitating also the comparison among the different years. As for
the years, they correspond to a minimum, null, and maximum spatial
average contribution of mode 10, respectively (Fig. 2a). In Appendix C
the differences of the maps in the selected years are shown in Fig. C.11
to highlight the changes over time.

Upon analyzing panels a, e, and i, we notice an expansion of regions
with TWSAL7® values exceeding +10 cm in areas such as Nile headwa-
ters and tropical western Africa, northwestern and northern and eastern
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Fig. 3. (a)-(c) show the cells in which TWSAf”| > 10 cm (values < —10 cm are in red and >10 cm are in green), for « = 7 and ¢ = 265,241,217 (April 2024, 2022, 2020),

respectively. (d)—(f) show the same for a = 8.

Australia. However, the majority of expanding regions are associated
with TWSAL@$ below —10 cm. In the Americas, these areas include
the Patagonian ice fields, central Argentina, central Brazil, Mexico, the
southern high plains and eastern Texas, the Gulf of Alaska coast, central
Canada, and the Canadian Archipelago. Additionally, this pattern is
noted in northern Africa, western Asia, northern and eastern India, and
northern Eurasia (see Fig. C.11 first row for more details).

Focusing on panels b, f, and j, we observe that the contribution of
the remaining modes, which is mainly driven by modes 1, 2, and 10 is
displayed, as expected, in regions with a tropical climate, and also in
the Gulf of Alaska coast. Areas emerge over time in the southern high
plains and eastern Texas, and northern Eurasia, while an attenuation is
detected in the north of Australia. We also observe an intensification
of extreme TWSA values due to these modes over time (see Fig. C.11
second row for more details).

An analysis of the overall TWSA predictions, TWSA®, at each time
point (panels c, g, k) reveals a diffuse decrease in North and South
America, western Asia, northern and eastern India, and northern Eura-
sia. This is mainly due to trend-dominated modes that exhibit an
increasing weight over time, as quantified in panels d, h, and 1, where
the percentage of their contribution is shown. Table 1 lists the main
areas exhibiting a relevant increase or decrease in TWSA over the
selected time frame in compliance with the results shown in Fig. 4
and includes a comparison with findings referred to previous years of
GRACE data in Rodell et al. (2018) (see Fig. C.11 third row for more
details).

We observe that trend-dominated modes generally control TWSA
values in the same areas previously classified as affected by climate
change or human impact, while periodic modes are prevalent where
natural variability was detected as a cause of change in TWSA values.

DMD predictions confirm most trends detected in TWSA values in the
earlier period, with few exceptions in areas affected by natural vari-
ability such as Brazil, Southeastern Africa, and Northwestern Australia.
Overall, DMD demonstrates a high accuracy in analyzing space-time
patterns in GRACE data. It effectively distinguishes between periodic
components related to natural variability and trend components asso-
ciated with human-induced changes, such as climate change and water
depletion, within the selected time frame, providing valuable insights
into critical TWSA dynamics at the global scale.

5. Conclusion

We apply DMD to TWSA derived from the GRACE missions to
identify the dominant spatiotemporal patterns underlying total water
storage dynamics. DMD enables decomposing the data into spatial
modes with associated temporal behavior, providing a reduced-order
representation that is physically interpretable and encapsulates the
complex hydrological processes involved. The extracted spatiotemporal
structures reveal key periodic and trend-driven components, offering
insights into the underlying mechanisms driving water storage variabil-
ity globally. Our results show that a small number of modes capture
the majority of the variability in TWSA across diverse regions. DMD
effectively separates trends from seasonal oscillations, enabling clearer
attribution of storage changes to different hydrological processes. Our
analysis shows that trend-dominated modes correspond to significant
and accelerating changes in water storage, in areas affected by climate
change and water depletion. These findings align with previous studies,
reinforcing the effectiveness of DMD in capturing the governing mech-
anisms directly from the data and underscoring the need for sustained
monitoring and mitigation efforts to address challenges related to water
scarcity and climate resilience.
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Appendix A. Modes and time dynamics

Here, Figs. A.5-A.9, show the magnitude of the modes (panels
a,d), expressed in the same unit of TWSA data, i.e., cm, to quantify
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Table 1
Characterization of the principal areas identified by Fig. 4.
Location [Region] Trend, Cause TWSA~L Dominant
identified by Rodell et al. (2018) 2014-24 modes
North America
Gulf of Alaska coast [3] | glaciers retreating 1 Trend
Canadian Archipelago [4] | glacier and ice-cap loss | Trend
Central Canada [19] | surface water drying | Trend
Southern High Plains and eastern Texas [22] | drought 1 Trend
Mexico NA 1 Trend
South America
Patagonian ice fields [23] | ice-field melt 1 Trend
Central Argentina [24] | from wet to dry period 1 Trend
Central and western Brazil [25] 1 recovery from drought 1 Periodic
Eastern Brazil [26] | recent drought 1 Mixed
Eurasia
Northern India [7] | groundwater depletion 1 Trend
Central India [8] 1 precipitation increase 1 Periodic
Tibetan Plateau [10] 1 precipitation increases 1 Trend
Northwester China [11] | glacier melt, irrigated agriculture 1 Trend
North China Plain [12] | groundwater depletion 1 Trend
Eastern India Region [13] | water depletion, precip. decrease l Mixed
Northwestern Saudi Arabia [14] | groundwater depletion 1 Trend
Northern Middle East [15] | groundwater depletion, drought | Mixed
Caspian Sea [18] | decline of the Caspian Sea | Trend
Africa
Okavango Delta [27] 1 from dry to wet period 1 Periodic
Nile headwaters [28] 1 increasing lake levels, groundwater 1 Mixed
Tropical western Africa [29] 1 precipitation increase 1 Mixed
Northern Congo [30] | precipitation decrease 1 Periodic
Southeastern Africa [31] | precipitation decrease 1 Periodic
Northern Africa [32] | groundwater depletion 1 Trend
Australia
Northern and Eastern Australia [33] 1 from dry to wet period 1 Mixed
Northwestern Australia [34] | return to normal after wet period 1 Mixed

the contribution of specific spatial locations to that mode, the angle
between the real and imaginary components (panels b,e) to describe
the phase of each element relative to others oscillating at the frequency
associated with the mode, and the time dynamics (panels c,f).

Appendix B. Error analysis

Here, in Fig. B.10, we provide validation of model predictions for
the time points considered in the analysis, i.e., = 145, 205, 265, by
depicting TWSA data, on the first row, the difference between data and
the prediction TWSAF, on the second row, and computing the PDF of
d-, on the third row, similarly to what we do in Fig. 1. As already
observed for r = 265, the histograms are sensibly symmetric around
zero, and the probability quickly decays to nearly zero for Idfl > 10,
indicating an appreciable degree of accuracy of the model, with local
major discrepancies, more evident for late times, in some of the regions
associated with higher TWSA values.

Appendix C. Analysis of variations

To highlight changes in TWSA values that occurred over time at
the selected time points, considering the overall prediction TWSA*
and the specific contributions due only to trend-dominated modes and
the remaining modes, here in Fig. C.11 we show the maps of the
differences between ¢ = 265 and ¢ = 205, 145, in the first and second
column, respectively. We observe that the main differences over time
are associated with the joint contribution of modes 7 and 8 to the
overall DMD prediction. This result is expected given the increasing
impact of these two modes, which becomes prevalent in the last years
of the observation period.

0.005

Fig. A.5. Dynamic Mode Decomposition of GRACE data via optDMD. (a)-(b) Show the
magnitude and phase of mode 1, (c) the correspondent time dynamic; (d)—(f) do the

same for mode 2.
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Fig. A.6. Dynamic Mode Decomposition of GRACE data via optDMD. (a)-(b) Show the
magnitude and phase of mode 3, (c) the correspondent time dynamic; (d)—(f) do the
same for mode 4.
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Fig. A.7. Dynamic Mode Decomposition of GRACE data via optDMD. (a)-(b) Show the
magnitude and phase of mode 5, (c) the correspondent time dynamic; (d)—(f) do the
same for mode 6.
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Fig. A.8. Dynamic Mode Decomposition of GRACE data via optDMD. (a)-(b) Show the
magnitude and phase of mode 7, (c) the correspondent time dynamic; (d)—(f) do the
same for mode 8.
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Fig. A.9. Dynamic Mode Decomposition of GRACE data via optDMD. (a)-(b) Show the
magnitude and phase of mode 9, (c) the correspondent time dynamic; (d)—(f) do the
same for mode 10.
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Fig. B.10. (a) GRACE data at = 145 (April 2014), TWSA, 5, (b) correspondent model prediction, TWSAfAS, and (c) PDF of the differences, d*, between (b) and (a). (d)-(f) and

(g)-(i) show the same for r =205 (April 2019), and r = 265 (April 2024), respectively.
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Fig. C.11. (a)-(c) show the differences between model predictions at times ¢ = 265 (April 2024) and ¢ = 205 (April 2019), when it is considered (a) only the contribution of modes
7 and 8, (b) only the contribution of the remaining modes, and (c) the contribution of all the modes. (d)—(f) show the same for the differences between model predictions at times
t =265 (April 2024) and ¢ = 145 (April 2014).
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Data availability

There are no data sharing issues since all of the numerical informa-
tion is provided in the figures produced by solving the equations in the

paper.
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