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Abstract. Accurate prediction of terrestrial water storage (TWS), the sum of soil moisture, groundwater, snow/ice, and surface
water, is critical for informing water resource management and disaster responses. In this study, we evaluated subseasonal to

seasonal (S2S) TWS forecasts; produced by the Famine Early Warning Systems Network (FEWS NET) land data assimilation

system (FLDAS); over Africa using observations from the Gravity Recover and Climate Experiment (GRACE) and its Follow-
On (GRACE/FO) mission. FLDAS consists of two advanced land surface models, Noah-MP and the NASA Catchment Land
Surface Model (CLSM), both of which simulate key TWS components including groundwater. Results show that CLSM
generally outperformed is-more-skillful-inforecasting TWS-anomalies-at- S2S-seales-than-Noah-MP, with with—=0-6-relative

operating characteristics (ROC) scores_exceeding 0.6 (the threshold for predictive skill) for tercile forecasts over >50%#rere

than-half of the study domain across the 1-6 months lead times, and —GI:Sl\él—fefeeaﬁs—a}se—m&mtam—st-mﬂger— tronger

The superior performance of CLSM is largely attributed to its reanalysis-based initial conditions, which more accurately

captured interannual annual variability observed in GRACE/FO observations (correlation of 0.72 vs 0.56 for Noah-MP for

domain averaged TWS). CLSM also simulates strong TWS temporal variability and thus persistence, enabling skillful initial

conditions to propagate across forecast lead times. Accurate representation of interannual variability is essential for S2S

forecasts because TWS is a long memory process and interannual variability also directly affects climatology used to determine

anomalies. v
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aceurate-than-these-driven-by higherpreeipitation-variability—The performance gap between Noah-MP and CLSM is also more
pronounced in regions with hlgher pre01p1tat10n Varlablhty such as central Africa. flihrs—seﬂsﬁwﬁ—yaﬂses—beemﬁéll\&l&eﬁen

. Although While-persistence provides an important
source of predictability, eurresults-alse-shew-that this study also shows that inaccurate persistence, sueh-as-that such as that

associated with anthropogenically —indueed-trends and ehanges—inmisrepresented precipitation variability.that—are—eften
inadequately-captored-by-land surface-meodels; can degrade forecast skill. TWS forecasts from both models are highly sensitive

to precipitation interannual variability, achieving higher TWS forecast skill when driven by precipitation forecasts with lower

interannual variability. These findings underscore strong impactsthe-impertanee of model physics and the critical role ofusing
independent observationsdatasets such as GRACE/FO-ebservationste for evaluating and improvinge TWS forecasts.

1 Introduction

Changes in terrestrial water storage (TWS), the sum of soil moisture, groundwater, snow/ice and surface water, reflects
cumulated impacts of precipitation and evapotranspiration over weeks to months (Humphrey et al., 2016). As such, it provides
unique insight into hydrological extremes (floods and droughts) and their responses to climate variability and climate change
(Zhao et al., 2017; Rodell & Li, 2023; Li & Rodell, 2023; B. Li et al., 2025). Skillful TWS forecasts at subseasonal to seasonal
(S28S) scales are therefore of great value for providing early warnings on water shortage and crop failure, especially in Africa,
where persistent food and water insecurity faced by many communities are often exacerbated by frequent floods and droughts

(Seanten-etal;2020:-Ngcamu & Chari, 2020; Cook et al., 2021; Scanlon et al., 2022; WMO, 2025).

Thus far, most studies have focused on evaluating TWS forecasting skills by climate models at decadal scales (e.g., Jensen et
al., 201926; Yuan and Zhu, 2018; Zhu et al., 2019). These evaluations typically compare initialized forecasts, where initial
conditions are derived from model simulation driven by observation or reanalysis-based atmospheric forcing data, with

uninitialized ones to obtain skill scores. Initial conditions have been found to provide more skill than dynamical climate

2



65

70

75

|80

85

90

95

forecasts alone in 1-4 years lead time, suggesting persistence of TWS as a key source of predictability (Zhu et al, 2019).
However, since most climate models do not simulate groundwater, the reported persistence mainly reflects that of soil moisture.
More importantly, in-the-absence-ofindependent-ebservational-datasets—suech-evaluations using simulated TWS as reference
mask impacts of model physics and thus —are unable to assess uncertainties in model physics and may even may
overestimatemischaracterize therele-ofpersistence and its role in TWS forecastee-as-theyfail-to-accountforuneertaintiesin
l'iﬂd SHFFHG% qude phflf‘if‘s aﬂd m%{eelﬁelegif"l #GF%E"ES‘{{‘.

Groundwater, located in the deeper subsurface, has longer memory than other near surface processes such as soil moisture;

and its long-termmraking temporal variabilityi may acontribute topetential-seuree-of TWS predictabilityy for FW-Sfereeasting
(Eltahir and Yeh, 1999; Li et al., 2015). However, modeling groundwater is subject to greater uncertainty due to lack of

information on hydrogeological properties and observational data to constrain simulation of deep subsurface processes (Xia et
al., 2017). As a result, reanalysis-based groundwater estimates, when used as initial conditions, may not deliver correct
persistence or memory for enhancing forecast skill. Furthermore, because of its long memory, groundwater is more sensitive
to errorsbiases in the meteorological forecasts that drive TWS forecasts. Previous studies have shown biases in S2S
precipitation forecasts vary depending on climate conditions and terrains (Shukla et al., 2019; Slater et al., 2019; Zhang et al.,
2021; Levey and Sankarasubramanian, 2024; Phakula et la., 2024). However, examining groundwater responses to

meteorological forecasts and associated uncertainties is hindered by the scarcity of in situ groundwater observations at the

continental to global scales (Jasechko et al., 2024).

TWS observations from the Gravity Recovery and Climate Experiment (GRACE) and its Follow On (hereafter GRACE/FO,
Landerer et al., 2020) mission provide a unique opportunity to evaluate S2S TWS forecasts. Representing vertically integrated
water storage changes, GRACE/FO data exhibits strong temporal variabilities from subseasonal to interannual scales,
reflectingdepending-on climate variabilityeonditions (Humphrey et al., 2016). While sub-seasonal variability is essential for
assessing S2S forecast skill, interannual variability is equally important for evaluatingestablishing—+obust climatology
neededused for forecasting TWS anomalies. GRACE/FO data have been widely used to validate reanalysis estimates and to
identify deficiencies in model physics in large-scale hydrological models (e.g., Dol et al., 2014; Scanlon et al., 2018; Bonsor

et al., 2018; Li et al., 2019a). In recent years, the record has also been leveraged to train machine learning models for

forecasting TWS (e.g., F. Li et al., 2024 & 2025). However, few studies have used GRACE/FO data to evaluate operational

S2S TWS forecasts by land surface models. Cook et al. (2021) assessed TWS forecast skill over Africa using a reconstructed

GRACE product. With more than two decades of nearly continuous observations, GRACE/FO observations are ideal for

objectively assessing S2S TWS forecast skill and explerexamining factors influencing TWS predictability.

The hydrological forecasting system; implemented in the Famine Early Warning Systems Network (FEWS NET) lEand dPata

aAssimilation Ssystem Fereeast-(FLDAS-Forecast); was developed to provide early warnings on droughts and floods across
3
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Africa (Arsenault et al., 2020; Hazra et al., 2023). FLDAS-Forecast is a custom instance of the NASA Land Information
System (LIS), an advanced computing framework that supports land surface modeling and data assimilation (Kumar et al.,
2006). FLDAS-Forecast comprises two advanced land surface models, Noah-MP and the NASA Catchment Land Surface
Model (CLSM), both of which simulate major TWS components including groundwater. FLDAS-Forecast issues TWS
forecasts usingingests precipitation forecasts from the full North American Multi-Model Ensemble (NMME, Kirtman et al.,

2014 which-has-showntodmprovesot-meisturctorceastinsoutherm-Adren—comparcdto-forceasts-basced-on=

medeHHazra-et-al;2023) and non-precipitation meteorological forecasts from the Goddard Earth Observing System (GEOS
Borovikov et al., 2019).

The primary goal of this study is to provide an objective evaluation of the skill of S2S TWS forecastshindeasts from
EEDASfrom FLDAS-Forecast;— using GRACE/FO observations. To this end, we analyze TWS hindcasts for the historical

period 2003-2020. The hindcasts were generated using the same set of NMME models employed in the operational FLDAS

forecasts (2021-present), except that one of the NMME models used a reduced number of ensemble members (Hazra et al.,

2023). Initial conditions for the hindcasts are derived from model simulations forced by observation and reanalysis-based

meteorological forcing fields. Consequently, TWS hindcast skill reflects the combined influence of land surface model physics,

meteorological hindcasts, and the reanalysis-based initial conditions.

By leveraging the multi-model framework of FLDAS-Forecast, including two land surface models and a full ensemble of

NMME precipitationmeteerelogieal forecast modelss, the evaluation aims to improve understanding of how model physics
employed by land surface models influence TWS forecast skill and how they interact with precipitationmeteorelogical
forecasts. In addition to GRACE/FO observations, Fe-iselate-the-impactofmodel physt om-those-of mitial-conditions-and
meteorological foreeasts; TWS hindcasts were alse-evaluated againstusing reanalysis-based TWS to isolate the impact of model
physics from those of meteorological forecastsestimates,which-are-used-as-initial-conditionsfor FW-S-foreeasts. Unlike past

studies where S2S forecasts were evaluated by the seasons when they were issued (e.g., Shukla et al., 2019; Hazra et al., 2023),

statistics analyses are performed over the entire study period (2003-2020) in this study to better examine the role of long-term
variability in precipitation and and-persistenee-ef simulated TWS processes in influencing TWS forecast skills. Autocorrelation

analysis is performed for simulateddifferent TWS processes and GRACE/FO observations to examine the role of temporal

persistence on forecast skill and to assess the relative contribution of individualeaeh processes to overall TWS persistence.

2 Data and evaluation metrics

2.1 Observational and reanalysis-based meteorological input

Precipitation from the Climate Hazards Infrared Precipitation with Stations (CHIRPS, Funk et al., 2015) and other
meteorological fields from the Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2,
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Gelaro et al., 2017) are used to drive model simulation by Noah-MP and CLSM from 1982 to present. The output of these

simulation runs-, referred as the reanalysis, is then used as initial conditions for issuing TWS hindcasts (Hazra et al., 2023).

CHIRPS integrates satellite-based precipitation estimates with station data to produce global precipitation time series at
0.05° spatial resolution and a 6-hour interval. MERRA-2, which has 0.5° in latitude by 0.625° in longitude resolution, is an
atmospheric reanalysis product based on the Geddard-Earth-ObservingSystem{GEOS) model, featuring assimilation of
various atmospheric observations such as radiances, surface winds, temperature, and aerosol and improved representation of

stratosphere and cryosphere processes (Gelaro et al., 2017). While CHIRPS precipitation was interpolated to 0.25° for this

study by the data develop group, MERRA-2 forcing fields were interpolated to 0.25° using LIS built-in functions for model

simulation. Temporal disaggregation was also performed within LIS.

2.2 Meteorological hindcasts

To generate TWS hindcasts, atmospheric forcing fields must be obtained from hindcast products to properly represent forecast

uncertainty, as reanalysis products cannot predict future weather events. Unlike reanalysis fields which are constrained by

observations, meteorological hindcasts are produced by climate models alone and therefore, are subject to larger uncertainties.

FLDAS-Forecast employs a suite of NMME EEDAS-Eereeast-uses-modelspreeipitation-hindeastsfrom—asuiteof NMME

models developed by multiple institutions to provide S2S precipitation (and temperature which is not currently used by

FLDAS-Forecast) forecasts (Table 1). The ensemble approach not only enables uncertainty quantification but also generally

yields higher predictive skill than any single model (Wood et al., 2002; Kirtman et al., 2014).

Since the NMME suite does not provide the full set of meteorological forcing fields needed to drive land surface models, and

non-precipitation fields, such as radiation and winds, are obtained from the GEOS ensemble hindcasts- (Borovikov et al., 2019)
to-generate S2S TWS-hindeasts. Given thatSinee GEOS-has only includes four fewerensemble members, -than NMME-medels;
GEOS-non-precipitation fieldsensemble-members from are-randomly selected GEOS ensemble members are to-paired with-the
NMME precipitation hindcastsmedels tofergenerating produce TWS hindcastsfereeasts (see details in Hazra et al., 2023).
NMME-hindeasts-are-provided-as-monthly-data-on-a1° resolution-global-grid-and- NMME precipitation hindcasts are-bias-
corrected-and spatially downscaled to-the 0.25° resolution using the alCHIRPS 0.25° product, whereas GEOS non-precipitation
fields were first downscaled to MERRA-2 resolution and then to 0.25° using LIS built-in functions gerithmsimplementedin
i i i ipitati S-(Arsenault et al., 2020; Hazra et al., 2023). The

spatial downscaling also includes bias-correction using the respected reanalysis and observation fields. Both NMME and

GEOS forecasts are further temporally downscaled to sub-daily for model simulation using the procedures described in Hazra

etal. (2023). M

—For simplicity, the combined NMME precipitation
and GEOS non-precipitation seteerelogical-hindcasts are referred to as NMME hindcast models in the following sections.

5
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Table 1. NMME precipitation hindcast specificationsmedelspeeifiesused-in EEDASForeeast. CFS: Climate Forecast System;
CESM: Community Earth System Model; CanESM: Canadian Earth System Model; GFDL: Geophysical Fluid Dynamics

Laboratory; GEM: Global Environmental Multiscale; NEMO: Nucleus for European Modeling of the Ocean; NCEP: National

Centers for Environmental Prediction; NCAR: National Center for Atmospheric Research; GMAQO: Global Modeling and

Assimilation Office.

Models Centers ensemble members
CFSv2 NOAA/NCEP 12
CESM1 NCAR 10
CanESM5(CSM5) Environmental Canada 10
GEOSv2 NASA/GMAO 4
GFDL NOAA/GFDL 15
GEMS5.2-NEMO(GNEMOS5.2) Environmental Canada 10

2.3 Land surface models and TWS reanalysis and hindcasts

Both Noah-MP and CLSM simulate key components of TWS, soil moisture, groundwater storage and snow water equivalent
(SWE), based on water and energy balance equations. However, they differ considerably in model physics, particularly in

modeling subsurface water flows (see Table 1 of Xia et al., 2017 for model configuration and descriptions).

Noah-MP simulates soil moisture dynamics in four unsaturated soil layers based on Richards’ equation (Niu et al., 2011).
Groundwater storage in FLDAS-Forecast/Noah-MP is represented by a linear reservoir scheme that computes groundwater
storage changes based on net water exchanges between the lowest soil layer and the aquifer (Niu et al., 2011). Although the
scheme simulates capillary rise, the upward water movement from the aquifer to the upper unsaturated soil-is has been shown
to be minimal, resulting in small seasonal variations in simulated groundwater in some regions (Xia et al., 2017; Li et al.,

2021).

In contrast, CLSMMS simulates subsurface water storage changes at three-water-storage layers: a 2 cm surface layer, a 1 m

root zone and the total profile (Koster et al., 2000). The depth of the soil profile is determined by a spatially varying bedrock

depth parameter (see Fig.10 of Li et al., 2019b for the spatial map). Water flows among these layers are governed by
6
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empirically derived time constants that actively redistribute water, movtransferring water downward during precipitation
events, and upward during the dry months to sustain ET. This strong coupling between surface and deep layers results in
pronounced seasonal variations in CLSM simulated groundwater and TWS, even in dry climates (Xia et al., 2017; Li et al.,

2019b). Although While#CLSM does not explicitly model groundwater, groundwater variation is included in the total profile

soil moisture; thus, CLSM groundwater storage isean-be obtained by subtracting water storage in the root zone from that of

the total soil seil-profile, following previous studies (e.g., Li et al., 2019b)._ Compared to Noah-MP, CLSM groundwater

contains soil moisture from the 1-m depth to the implicit water table. Despite this diagnostic approximation, CLSM

groundwater has been shown to compare well with in situ groundwater in different climates (Xia et al., 2017; Li et al., 2019b).

The two models also employ different physics for ET estimates which, along with precipitation, exertsare major controls on

the temporal variability of groundwater in unconfined aquifers (Eltahir and Yeh, 1999; Li et al., 2015; Li et al., 2019b; Ascott

et al., 2020). Previous studies have shown that CLSM tends to simulate higher ET than other land surface models, primarily

due to its strong coupling among soil layers and the specific ET algorithms it employs (Xu et al., 2019). For instance, bare
soil evaporation is computed as a nonlinear function of soil moisture in Noah-MP, but a linear function in CLSM (Niu et al.,
2011; Koster and Suarez, 1996). Although both models employ the TOPMODEL concept to simulate surface and subsurface
(baseflow) runoff, discrepancies in simulating ET and profile moisture lead to different runoff estimates-by-the-two-medels
(Xia et al., 2017).

Neither model simulates surface water, which is detected by GRACE/FO satellites. However, surface water contribution to

TWS is generally smaller compared to other TWS components, except in areas with large surface water bodies sueh-asAfrican

GreatLakesthe Karibareservoirand-otherreserveoirsalong the Nile-(Rodell & Famigliettietal:, 20012; Getirana et al., 2017;

Deggim et al., 2021). Implications of neglecting surface water storage for the evaluation results are discussed in section 3. In

addition, both models do not simulate water storage changes in confined aquifers which are also detected by GRACE/FO

satellites. Additienally;-bBecause snow is negligible in Africa, simulated TWS in this study is thus represented as the sum of

soil moisture in the unsaturated zone, 2 m for Noah-MP and 1m for CLSM, and groundwater storage.

Model simulations were first performed by driving Noah-MP and CLSM drivenbywith CHIRPS precipitation and non-

precipitation fields from MERRA-2. —Sinee-Because MERRA-2 is a reanalysis product, these simulations are collectively
referred to arereferred-te-as- the reanalysis-in-the folowing seetions. TWS hindcasts with lead times of 1 to 6 months were
then generated by forcing Noah-MP and CLSM with the NMME hindcasts described above, —As-diseussed-abeve;- using the
corresponding reanalysis output as initial conditions—fer-each-hindeast. Since CHIRPS and MERRA-2 are constrained by

hydrological and atmospheric observations, initializing hindcasts with the reanalysis, rather than modeled states driven solely
by NMME meteorological hindcasts, helps reduce uncertainty in TWS hindcasts. —at-any—menth—are—obtained—from—the

ainita on aldg o NMEDRDD A no
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evaluate both the ensemble mean TWS hindcasts of individual NMME models and those of all NMME models.

2.4 GRACE/FO TWS observations

GRACE/FO data used in this study were developed by the Center for Space Research (CSR) at the University of Texas based
on the mass concentration (mascon) approach (Save et al., 2016). The mascon approach utilizes time-variable constraints to
constrain the inversion of satellite ranging data to gravity fields at each mascon block. Thise-maseesn approach eliminates the
need for postprocessing as with the spherical harmonical approach and thus better preserves signals related to TWS changes

(Landerer & Swenson, 2012; Save et al., 2016).

CSR GRACE TWS observations are provided as monthly anomalies relative to the 2004-2009 temporal mean, at a 0.25° spatial
resolution. However, the effective resolution remains relatively coarse, approximately 150,000 km? at mid-latitudes (Tapley
et al., 2004). There are 34 months with missing data, including the 11-month gap between the two missions. Missing data
were filled using linear interpolation, except for the 11-month gap. We found filling the gap had no noticeable impact on the

statistical results.

2.5 Data processing and study domain

To ensure consistency with GRACE/FO data, we first removed the temporal mean of simulated TWS for ever2004-2009 was
remeved-at each grid cell to align the model’s mean period with that of GRACE/FO. WNext-¢ then computed non-seasonal
TWS anomalies by subtracting the monthly mean (climatology), one for each calendar month.;-was+remeved from the te-obtain
TPWS—anomalies—for-beth-simulated TWS and GRACE/FO time seriesdata—For—evaluation,— FWS—time-series for their
overlapping period-between T W-S-hindeasts-and- GRACE/AEO-data, 2003-2020. Unless otherwise noticed, all results presented
in section 3 are based on the non-seasonal TWS anomalies. ;were-extracted-fromboththereanalysisand-the hindeastsat 254~

For identifying severity of extreme conditions, percentiles, P, of TWS hindcasts (anomalies relative to monthly climatology)

are calculated by ranking the anomalies against the climatology of the corresponding month:

P =k*100/N 1)

where k is the rank of the TWS hindcast respect to the climatology, and N is the number of monthly anomalies in the

climatology which are sorted in ascending order. Lower percentiles indicate drier conditions, while higher percentiles indicate

wetter conditions.
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The FLDAS-Forecast domain encompasses the African continent and a large portion of the Middle East (Supplementary
Fig.S1). Northern Africa and parts of the Middle East have experienced long-term TWS declines associated with extensive
groundwater withdrawals for irrigation (Gossel et al. 2004; Rodell et al., 2018; Frappart et al.,2020; Scanlon et al., 201828).

Since FLDAS-Forecast does not simulate these anthropogenic effects, these regions were excluded from the evaluation using

the groundwater depletion masks provided by Rodell et al. (2018).

2.6 Evaluation metrics

The root mean square error (RMSE) and Pearson correlation are used to evaluate the performance of TWS forecastsanemalies;
with-respeetto-GRACE/AEO-TWS-anemalies. Additionally, skill in forecasting terciles is assessed using the relative operating
characteristic (ROC) score, a commonly used metric for evaluating forecasts that measures representing-the ratio of hit rates
to false alarm rates;is-used-to-assess tereile-basedTW-S-hindeasts(Met Office). A ROC score of 1 indicates a perfect forecast.;
ROC while-sscores below 0.5 suggest no skit-skill, while scores above 0.6 indicate predictive skill (Met Office). High ROC

scores and strong correlation are commonly interpreted as indication of skillful forecasts (e.g., Yuan and Zhu, 2018).

3 Results

As indicated earlier,

skill of TWS hindcasts is influenced by several factors, including initial conditions, meteorological hindcasts, and the

underlying land surface model physics which affect both the reanalysis-based initial conditions and TWS hindcasts. Because

these influences are interrelated, fully isolating their individual contribution to hindcast skill is inherently challenging. To

address this, we conduct a series of complementary evaluations using both GRACE/FO data and the reanalysis as reference.

We begin by examining the temporal variability of reanalysis soil moisture and groundwater, which are used as initial

conditions for TWS hindcasts, to assess their relative contribution to temporal variability and accuracy of TWS (section 3.1).

We then evaluate TWS hindcasts and the corresponding reanalysis using GRACE/FO observations to quantify forecast skill

for each land surface model and NMME forcing model, and accuracy of initial conditions (section 3.2). Since TWS hindcasts

9
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differ from the reanalysis TWS only in their meteorological forcing fields, evaluating TWS hindcasts using the reanalysis as

reference helps isolate uncertainties in NMME hindcasts. Differences between evaluation metrics computed relative to

GRACE/FO and to the reanalysis, in turn, reveal impacts of land surface model physics that are masked when the reanalysis

is used as reference (section 3.3). To quantify hydrological memory, an important source of predictability, we conduct

autocorrelation analyses of simulated TWS processes and GRACE/FO observations at three lags relevant to S2S hindcasts

(section 3.4). Finally, we present a case study to demonstrate the relevance of TWS forecasts for predicting hydrological

extremes (section 3.5).

3.1 Evaluation of reanalysis TWS processes

To understand how soil moisture and groundwater contribute to TWS variability, we decompose TWS time series from the

reanalysis and GRACE/FO into seasonal and non-seasonal components and summarize the domain average results in Fig.1.

Demain-average-estimates-of reanalysisshewlLarge discrepancies are observed between the two models at both seasonal and
non-seasonal timescales(Eie—H). Noah-MP, with a 2 m soil depth, simulates greater soil moisture variability than CLSM which

has a 1 m soil depth. In contrast, CLSM simulates much stronger groundwater variations than Noah-MP across both seasonal
and non-seasonal scales (Figs.lc,d), with the seasonal amplitude and temporal standard deviation of non-seasonal

groundwater’FWs being nearly five times larger than those of Noah-MP (Figs.le,f).

As a result of the strong groundwater temporal variability, non-seasonal CLSM TWS estimates also show strong temporal
variation and thateentributed-to-strenger-correlate more stronglyien (0.72) with GRACE/FO data than those of Noah-MP- WS
(0.57; Fig.1f). Non-seasonal CLSM TWS also exhibits smaller (1.04 cm) RMSEs than that of Noah-MP (1.16 cm). ln-additien

O—ze o ear variaftinm o e on R_A AW A W avhih m e . I N 1nere no end oOm 00
y-€a yvear—varid a a > atad t year—varia v = aS—a a VAV,
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of mean seasonal cycles, temporal standard deviations of non-seasonal components, RMSEs and correlations between the reanalysis

and GRACE/FO data are shownprevided in matching colors of the corresponding time series.
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The strong correlation between CLSM TWS and GRACE/FO data is also contributed by the presence of statistically significant
secular trends in the two time series which-arestatisticallysignifieant(p <0.01 based on the Mann-Kendall test; Yue et al.,
2002), a+-0.014 csam /month’' for CLSM and; 0.007 ceam /month™! for GRACE/FO;respeetively. In contrast, Noah-MP TWS

time series did not show a statistically significant trend. Large diserepaneies-are-observedin2019-when GRACE/AEOdata

CLSM alse-betteralso better captured the seasonal amplitude of TWS changes as observed in GRACE data (Fig.1e). Although

seasonal variations simulated by both models show >0.7 correlations with GRACE/FO data, their seasonal maxima lagslag

that of GRACE/FO data by two months, likely due to deficiencies in model physics and errors in the meteorological forcing
fields. i fons—i i i

To further evaluate the performance of reanalysis TWS, we examine temporal variability of TWS time series for the six largest

river basins in Africa (see Supplementary Fig.Sla for basin delineations). Seasonal TWS for both models show high

correlations (generally >0.7) with GRACE/FO data in most basins, indicating that the timing of the seasonal cycle is well

captured by the models (Fig.2, left column). Noah-MP often exhibits slightly higher seasonal correlations than CLSM (e.g.

in Congo. Niger, Zambezi, and Chad); however, its performance degrades substantially in Orange, where the correlation with

GRACE/FO data is near zero (Fig.2g). This low correlation is attributed to the misalignment in the timing of the annual

minimum TWS. with Noah-MP reaching its seasonal low in February, whereas GRACE/FO observations (and CLSM) reach

their seasonal low in November.

In contrast, the non-seasonal component of reanalysis TWS exhibits notably lower correlations with GRACE/FO (Fig.2, right

column), reflecting greater challenges in simulating interannual TWS variability. CLSM generally achieves higher correlations

than Noah-MP in the central and northcentral basins (Congo, Nile and Zambezi), whereas Noah-MP performs better in the

northwestern basins (Niger and Chad). RMSEs are lower for each model in three of the six basins. Consistent with the domain

averaged analysis (Fig.1), CLSM simulates larger seasonal variability and stronger interannual variability than Noah-MP, both

of which are in closer agreement with GRACE/FO data in most cases (Table 2).

Non-seasonal TWS often exhibits strong interannual variability, reflecting both climate variability and anthropogenic effects.

For instance, TWS reached maxima in the Zambezi and Orange basins in 2011 in association with the La Nifa event (Figs.2h.j),

which typically brings wetter conditions to southern Africa (Mason and Goddard, 2001; Scanlon et al., 2022;). Similarly, the

strong TWS increases in the Nile basin in 2019, evident in GRACE/FO data (Fig.2f), is linked to a strong positive phase of the

Indian Ocean Dipole (Scanlon et al., 2022) and enhanced precipitation variability in the East African Rift (Boergens et al.

2024). In the Niger basin (Fig.2d), GRACE/FO shows a strong persistent increasing trend (0.048 cm month™!) that has been

linked to conversion of shrubs to crops (Favreau et al., 2009) and corroborated by well data (Scanlon et al., 2022). Since the

12
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models do not represent land cover change, the reanalysis TWS exhibits smaller trends (0.019 cm month™! for Noah-MP and

0.016 cm month™! for CLSM with p <0.01 for all three trends). Discrepancies are also observed in the Congo and Chad basins

during multi-year periods (Figs.2b.l), which may be linked to deforestation and are discussed in more detail in section 3.2.

Overall, the reanalysis TWS captures interannual variability observed by GRACE/FO but tends to underestimate strong

anomalies such as the 2019 elevated TWS in the Nile basin and the 2016 and 2019 lows in the Zambezi basin, reflecting

deficiencies in land surface model physics and uncertainties in the reanalysis forcing data. Because droughts and floods are

relative to the climatological mean, evaluations in the following sections focus on non-seasonal TWS_forecasts, i.e., TWS

anomalies relative to monthly means.

13



CENGO |

GRACE

o cor=0.76 | rms=3.93 cm rms—4 96 cm /_V,r“ "ffu’v
En;‘_:\\/ xf J,m
R S Y A Wi T
404 COr=0.82 a] L ~ . COr—O.53 b}
3 5 7 9 11 2005 20'09 o3 2017
e 0 - 0! I | I I
« ] cor=0.80 \ [ ‘g rms=4,11 cm rms=4.58 cm 'ﬁL_
_ A\
i 1 T 0 / \ﬁ/\”\?ﬁw f'} YA, ,{k
LN 2 Iamv e I WA
0 COF—O-'-9‘1 c) 0 v '\' cor=0,71 cor=0.43 d)
1305 7 9 11 2005 2009 20'13 2017
NILE I | 1
o | 1: rms=5.28 cm rms_4 70 cm “’L
E 54 /__..__‘: L N S B
¢ o] S 0 WP - f!@“ MW Q\UI
=1 cor=0,93 - o 7 ’\\\ﬂw
1¢or=0.90 e 10 or 0 cor_D 73 f)
1 35 " 2005 20 £ 2dh7
ORANGE, s 1 ]
m: cor=0.73 rms=1.83 cm rms=1 75 cm

TWS {om)

NV

40 cor=0.72 cor=0.72 h)
1 3.5 7 9 11 2005 2009 20'13 20h7
et | | |
" 10 ms =4, Q‘\E.\;c\ ;rms =3.73 cm
- 5 [ ,\ "‘“Juwm ‘f\\
g (4] B (e
EE o G Sy (-3
s P\ AW T a7 *ﬁf
m 10 =¥ Jf‘" cor=0.63 cor=0.68
2005 2009 20'13 2017
| | |
b 1: rms=3.26 cm rms\3 27 cm Nr\,
s AN/ SSRGS L
2 A N L
E o0 v\/\/lk S| 'U.J‘ﬂf
.» ] cor=0.88 k) f-10 v cor=0,69 cor=0,61 1)
135 7 9 11 2005 2009 2013 2017
B45 —
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Supplementary Fig.S1a). RMSEs and correlations with respect to GRACE/FO are shown in matching colors of corresponding time
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Table 2. Amplitudes of mean seasonal TWS changes and temporal standard deviations of non-seasonal TWS over the six

largest river basins in Africa (see Supplementary Fig.S1a for basin delineations).

Amplitude (cm) Temporal Std (cm)
Noah-MP CLSM GRACE/FO Noah-MP CLSM GRACE/FO
Congo 4.51 6.52 7.21 1.53 5.56 3.23
Niger 14.83 21.64 20.81 1.54 2.29 3.85
Nile 5.05 7.41 7.43 2.13 2.98 4.71
Orange 2.66 .58 2.44 2.30 1.68 2.16
Zambezi 18.27 24.76 28.87 2.55 3.54 5.37
Chad 11.74 16.97 16.62 1.31 2.70 2.49

3.2 Evaluation of TWS hindcasts using GRACE/FO

RMSE:s of the ensemble mean TWS hindcasts of all NMME models, with respect to GRACE/FO data, exhibit distinct spatial
patterns_(Fig.3). Large RMSEs are observed in the interior western Sahel, a large region across Lake Victoria,—and Lake
Tanganyika, and Lake Volta as well as and-southern Zambia and Angola, for both models—Fig2)._ As the models do not

simulate surface water which is detected by GRACE/FO satellites, unresolved surface water dynamics and water management

activities may have contributed to errors in lake areas. In addition, uncertainties in precipitation forcing data, from both

reanalysis and hindcasts may further amplify errors in simulated TWS. As discussed earlier, the East African Rift region,

which includes Lake Victoria, has seen increased precipitation variability (Boergens et al., 2024); similarly, Southern Africa

including southern Angola has been experiencing erratic precipitation patterns and more severe meteorological droughts in

recent years (Trisos et al., 2022; Correia et al., 2025). However, considering that the reanalysis exhibits similar spatial patterns

and magnitudes of RMSEs as the hindcasts (Figs.3a.e), these results suggest that deficiencies in model physics are the dominant

contributor to RMSEs in TWS hindcasts.

CLSM forecasts show larger RMSEs than Noah-MP in Gabon, Central African Republic (CAR) and Democratic Republic of

the Congo (DRC) where mean annual Qremgltatlon is among the hlghes %
y Figs. Sla;2). This

result suggests that CLSM is more sensitive to precipitation and its associated uncertainty, likely due to strong interannual

variability in its groundwater and TWS.
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Fig.32 RMSEs of non-seasonal reanalysis TWS, ensemble mean TWS forecasts of all NMME models with respect to GRACE/FO
data for Noah-MP (top row) and CLSM (bottom row) at three lead times.

CTFhe-<orrelation between the ensemble mean TWS forecasts of all NMME models and GRACE/FO data exhibits similar spatial patterns
between Noah-MP and CLSM (Fig.43), suggesting precipitation—foreeasts likely—plays a stronger role enin correlation_than model
physics. However, the strength of those correlations differs notably between the two models, especially at long lead times with higher
average correlation for CLSM. Correlations decrease with lead time for both models, but more rapidly for Noah-MP which, on average,
decreased by 48% from the 2- to 6-month lead time, compared to the 27% decrease with CLSM. Most of the deterioration in correlation

is observed in central Africa where mean annual precipitation is the largest (Supplementary Fig.S1a), reflecting larger precipitation

uncertainty in wet regions and the model’s response to such uncertainty.

Similar to RMSEs, correlations of the reanalysis exhibit spatial patterns comparable to those of hindcasts but with higher values, owing

to the use of more accurate meteorological forcing fields (Figs.4a.e). On spatial average, the CLSM reanalysis shows higher correlations

with GRACE/FO data than Noah-MP, contributing to the higher forecast skill of CLSM (Fig.4). Note that strong performance in one

metric does not necessarily imply similar performance in another; in some cases, the metrics may even indicate opposite behavior. For

instance, both higher correlation and larger RMSEs are observed in southern Zambia and Angola and Lake Victoria, reflecting different

controls on these metrics.
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Fig.43 Correlation between non-seasonal reanalysis TWS and ensemble mean TWS forecasts of all NMME models at three lead

times, and GRACE/FO TWS-observations for Noah-MP (top row) and CLSM (bottom row). Domain average correlations are
shownprevided in inset text.

“15 In CAR and South Sudan, TWS hindcfereeasts from both models show near and below -zero correlations with GRACE/FO
data likely due to the opposite trends between reanalysis TWS and GRACE/FO data in that region (Supplementary Fig.S23).
The negative trends in GRACE/FO data (Supplementary Fig.S2c) may reflect the impacts of deforestation, which alter the

partitioning of precipitation withby increasesing in surface runoff and decreases ining soil infiltration-and-FW-=S. Although

deforestation can also reduce evapotranspiration and thus increase TWS, this effect enFW-=S-is likely minor because of reduced

420 soil infiltration. According to the Global Forest Watch, CAR and South Sudan lost more than 20% of its primary forests
during 2000-2024. Since neither Noah-MP nor CLSM accounts for land cover change, they simulated increases in TWS

(Supplementary Figs.S2a.b) in response to increases in annual precipitation in that region (Supplementary Fig.S1c). Because

the reanalysis is used as initial conditions for each forecast issued, inaccuracy in long-term trends inevitably affected

climatology and the associated anomalies.
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RMSESs of TWS forecasts by individual NMME models exhibit contrasting behaviors with respect to lead time between Noah-

MP and CLSM (Figs.5a, b). RMSEs of TWS forecasts increase with lead time for Noah-MP, reflecting growing uncertainty

in meteorological forecasts-{Fig4a). In contrast, RMSEs of CLSM forecasts decrease with lead time, except for forecaststhese
driven by GEOSv2-{Fig-4b). . . e

Adfrica{see Fig 2 of Lietal;2019b) As shown in previous studies (e.g., Li et al., 2019b), CLSM has the tendency to
overestimate TWS dynamic ranges. BecauseAs interannual variability of NMME precipitation forecasts generally decreases
with increasing lead time (Supplementary Fig.S32), this the—overestimationdynamice—ranges of simulatedTWS—isare
progressively dampedsuppressed, leading to reduced RMSEs_at longer lead times.- Fhis-explains—whylargest RMSEs-are
observed-in-hindeasts by On the other hand, GEOSv2 precipitation exhibits substantially larger interannual variability than
other NMME products, which remains strong across all leads and leads to slightly increasing RMSEs with lead times whieh
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Fig.54 Average RMSEs (top row) and correlations (bottom row) of ensemble mean TWS forecasts of individual NMME models
relative to GRACE/FO data for Noah-MP (left column) and CLSM (right column) as a function of lead time.

As observed in all-model ensemble mean, c€orrelations between ensemble mean TWS hindcasts of individual NMME models

and GRACE/FO data

decrease with increasing

lead time (Figs.54c,d). In addition, CLSM hindferecasts for each NMME model ;-en-average;-exhibit higher correlation than
those of Noah-MP at allll lead timess.

Among all NMME models, GFDL and CSMS5, which exhibit the lowest precipitation interannual variability (Supplementary

Fig.S3). produce the most accurate forecasts, with the lowest RMSEs and the highest correlations, whereas GEOSv2, with the
21




highest interannual variability, produced the least accurate TWS forecasts, yielding the largest RMSEs and lowest correlations

for both Noah-MP and CLSM-at-allead-times. In addition to strong interannual variability-ef-GEOSv2-diseussed-abeve,

previous studies showed that GEOS precipitation forecasts are less consistent withinameng its ensemble members than other

460  NMME models (Becker et al., 2014), indicating larger uncertainty in GEOS precipitation forecasts.

While RMSEs and correlation quantify the magnitude of discrepancies and the temporal consistency between two time series,

they do not directly assess the ability to accurately forecast wetter and drier conditions. Therefore, we use ROC scores, which

measure the hit rate relative to the false-alarm rate, to evaluate the performance of Noah-MP and CLSM in predicting terciles,

corresponding to below-normal. near-normal and above-normal conditions. ROC scores for the lower tercile hindferecast

K65 from the two models exhibit similar spatial patterns but differ in magnitudeas eerrelations-(Fig.65). Both models perform well

in the Sahel (minus the northern edge), the Horn of Africa, and the eastern part of southern Africa-where-trends—inreanalysis

MS-senerally-asree-with-those-of GRACE/AEO-data{Supplemen aryFig-S3). BAs-expeetedboth models scored low ROC

E/EO-data-as-discussed-previoushy—consistent
with correlations relative to GRACE/FO. ~CLSM shows moreeensiderable skills overall, achieving >0.6 ROC scores over >50%

170 of the domain across all lead times. Note that Fthe 0.6 threshold for predictive skill is based on the guideline by the Met Office

(Met Office). In contrast, Noah-MP forecasts exhibit lower ROC scores, on average.overall and the scores decrease quickly
with increases in lead time, especially-in-eentral- Afriear-with only 35% of the domainareas achieving >0.6 ROC scores at the

6-month lead time. The decreases is particularly noticeable in central Africa where annual precipitation is the largest

(Supplementary Fig.Sla

475

ROC scores for the upper tercile forecast show similar spatial patterns but with slightly higher values than those of the-lower

terciles (Supplementary Fig.S46). This difference likely reflects the uneven occurrences of wet and dry anomalies over the

180 relatively short study period (2003-2020). For both upper and lower terciles, the spatial patterns of ROC scores including their

changes with lead time show broad agreement with those of correlations, suggesting a close relationship between the two

metrices.
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Fig.65 ROC scores (Sroc) of lower terciles of ensemble mean TWS forecasts of all NMME models by Noah-MP (top row) and CLSM
(bottom row) with respect to GRACE/FO data. The upper left text indicates average Sroc and the fraction of area (in parentheses)
with Sroc>0.6.

3.3 Evaluation of TWS hindcasts using reanalysis

Since TWS hindcasts differ from the reanalysis only in the meteorological forcing data used, evaluating TWS forecasts against

the reanalysis helps isolate impacts of NMME hindcasts from those of model physics. RMSEs relative to the reanalysis exhibit

similar spatial patterns between the two models (Supplementary Fig.S5), with larger errors in wetter central Africa and smaller

errors in drier northern and southern regions, highlighting mean annual precipitation and associated uncertainty as a main

driver of TWS forecast errors when uncertainty in model physics is masked. As expected, these RMSEs are substantially lower

than those relative to GRACE/FO and increase steadily with increasing lead time, reflecting growing discrepancies between

NMME precipitation hindcasts and CHIRPS precipitation estimates.

Correlations evaluated relative to the reanalysis reveal contrasting patterns between the two models (Fig.S6). For Noah-MP.

correlations relative to the reanalysis exhibit spatial patterns similar to those obtained using GRACE/FO as reference, with

higher correlations in the drier northern and southern regions and lower correlations in central Africa. In contrast, when

evaluated against the reanalysis, CLSM yields stronger correlations in central Africa through the 1-6-month lead times, in

sharp contrast to the low skill inferred when GRACE/FO is used as reference. This region of strong correlations coincides

with that of strong long-term TWS trends in CLSM (Supplementary Fig.S2b) which, as discussed in section 3.4, may induce

strong persistence in simulated TWS and hence strong correlation. For both models, domain-averaged correlations relative to

the reanalysis are more than twice those relative to GRACE/FO in most cases, underscoring substantial uncertainty in model

physics that limit TWS forecast skill and the need to use independent data for evaluation.

3.43 Persistence of TWS processes

Persistence refers to the tendency of a process or variable in retaining its past state (wet or dry conditions) and has beenis
known to help enhance hydrological prediction skill. To preperly—examineexamine persistence, we computed the
autocorrelation of TWS time series from the two re-analyses and GRACE/FO data at three lags (Fig.76. top three rows).

Autocorrelations for the two models exhibit distinct spatial patterns. Noah-MP simulates higher autocorrelation, suggesting

stronger persistence, in the drier northern and southern Africa, whereas CLSM reanalysis WS exhibits higher autocorrelations

thanNeah-MP across the wetter central Africa.

GRACE/FO observations exhibit different patterns of persistence with strong persistence in the interior Sahel, southern Africa

and the large swath area encompassing Lake Victoria (Fig.7, third row) where they exhibit strong long-term trends

(Supplementary Fig.S2). On average, GRACE/FO data shows lower persistence at the 2-month lag, but substantially higher
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autocorrelation at 4- and 6-month lags than the reanalysis. The area with >0.37 autocorrelation (representing the e-folding

time) in GRACE/FO data remains high, above 75% even at the 6-month lag. These results suggest that persistence simulated

by the model may not represent real-world persistence and thus may not help with enhancing forecast skill.

Differences between simulated and GRACE/FO TWS persistence exhibit spatial patterns similar to those of mean annual

precipitation, reflecting the strong influence of mean annual precipitation and associated uncertainty on persistence (Fig.7,

bottom two rows). However, the two models often exhibit contrasting performances. Compared to GRACE/FO, Noah-MP

underestimates persistence in central Africa and overestimates it elsewhere. In contrast, CLSM overestimates persistence in

central Africa while underestimating it in other regions, with the discrepancy steadily increasing with lags. In wetter central

Africa, strong interannual variability in CLSM TWS helps retain past wetness conditions and contributes to its strong

persistence. On the other hand, the underestimation of persistence by CLSM in drier regions may be linked to the model’s

tendency to overestimate ET, which acts as continuous disruption to soil moisture states, thus leading to low persistence. These

results reflect strong impacts of model physics, especially their responses to precipitation variability, on simulated TWS

variability. For both models, discrepancies between the reanalysis and GRACE/FO increase with lag (Fig.7, bottom two rows),

reflecting the accumulation of differences from past states.

The spatial patterns of persistence resemble those of correlations using the reanalysis as the reference (Fig.S6), suggesting that

persistence is a useful indicator of forecast skill primarily when uncertainty in model physics is minimal, as in the case of using

the reanalysis as the reference. Moreover, the spatial patterns of persistence align well with those of correlations and ROC

scores only for Noah-MP, suggesting that short-term persistence (1-6 months) may not be reliable indication of forecast skill

for models that simulate strong interannual variability such as CLSM. -at-all-threelags;while Neah-MP-simulatesstrong
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reanalysis and GRACE/FO data. Upper right text in the top three rows showindieates average autocorrelation and fraction of area

555 with autocorrelation>0.37 (in parentheses).
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To further investigateexplere contributors ofeentributing—factors—te TWS persistence, we examine domain averaged

autocorrelation of soil moisture of the unsaturated soil and groundwater storage from the reanalysis (Fig.87). Noah-MP

simulates weak groundwater persistence which, H#iselearthatthe-wealepersisteneeinNoah-MPreanalysis TWS—s-elosely

Fakedtothewenlopersdstencetntbsimulated-groundvantes—a At the 1- and 2-month lags, pessistenecinPoah 2 2 oromndveater

is even lower than that of #s-soil moisture and remains low at longer lags. In contrast, CLSM simulates stronger groundwaters
shews—mueh-stronger persistence than its—simulated-soil moisture, with groundwater persistence contributing with-average

persistenee-in-groundwaternearly all identieal-to-that-of TWS persistence. Compared to reanalysis; GRACE/FO observations,
reanalysis TWS from both models exhibits a slowermere+apid decline in persistence at 0—2-month lags, but a fasterslewer

decline afterwards.
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Fig.87 Domain average autocorrelation for soil moisture of the unsaturated soil, groundwater storage and TWS as a function of lags

(in_ months).
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3.54 TWS forecast percentiles: a case study

To demonstrateexplore the value of TWS forecasts, we examine TWS percentile maps derived using equation (1) frem-EESM
for hindferecasts initialized in December 2015 and GRACE/FO data (Fig.98). Both Noah-MP and CLSM forecasts
identifiedSevere pronounced droughts{<10*pereentile) affected-much-ofin southern Africa and parts of the southwestern
coastal region including Ghana and Gabon, and wet conditions in eastern Africa and the northwestern Africa including
Mauritania, Mali and Senegal. throughout-the-6-month-forecastperiod-(Fig-8); The southern Africa drought- was attributed
in—assoeciation—with_to the 2015-2016 El Nifio event which is known to %ypwal—l—y#brmgs dry conditions to southern
Africaseuthern-Afriea (Mason & Goddard, 2001). Hi f
%aapera%u%%m%@%é%&pereen%ﬁe&md*ea%%mesﬁever&d%m&gh&s—@é —pereen&ﬁe)—between—Deeember—%@lé—md—l%afeh

2016 In-partienlar—tThe spatial extent and severity of drought-eonditions forecasted for March 2016 are broadlysenerally
consistent with the FEWS NET drought assessment released in March 2016, whieh-is-based on cumulative precipitation

analysis (FEWS NET, 2016). AdditienalbytTheis drought caused up to 66% deeline-in-crop production declines in some
arecas and affected at least 18 million people (Ainembabazi et al., 2018), —Fhis-highlightsunderscoring the potential-ané
benefit value of TWS forecasts for providing early warnings for agricultural failures and food msecurltvsevef%&nd—pefsﬂ%em
dreughts. The El Nifio also brought i
Ghana—-and-Gabea—wet conditions in eastern Africa, with relentless rainfalls trigginstriggering landslides and causing

considerable human fatality and property damage (Bishumba, 2016). Sustained wet conditions in the northwestern Africa
may have contributed to severe floods in Mali and Burkina Faso in July 2016 (FloodList, 2016). Noah-MP and CLSM

generally agree on regional placement of extreme events, but they may differ on the extent and severity estimate. For instance,

CLSM identified more severe drought areas in southern African than Noah-MP.
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Fig.98 TWS percentile maps derived from Noah-MP and CLSM ensemble mean TWS forecasts (top two rows) of all NMME
ensemble-models, initialized in December 2015, and corresponding maps for GRACE/FO data (bottom row).

GRACE/FO TWS observations show broad agreement with TWS hindcasts, identifying dry anomalies in southeastern and

southwestern Africa and wet anomalies in eastern Africa and the western Sahel, but may differ in severity, extent and temporal

evolvement of these extreme conditions. For instance, while both models suggest wet conditions in eastern Africa weakened

from January to May of 2016, GRACE/FO indicates they intensified and spread to larger areas. As discussed earlier,

interannual variability of NMME precipitation decreases with lead time and thus may result in less severe TWS anomalies

forecasted for long lead times. Compared to GRACE/FO, Noah-MP more accurately captured the extent of droughts in

southeastern Africa, while CLSM performed better in forecasting wet conditions in eastern Africa at longer lead times. Note
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the north-south dry pattern in GRACE/FO for January 2016 is the well-known de-aliasing error associated with limited

observations, which can occur even after the regularization procedures applied to CSR GRACE/FO data (Save et al., 2016).

Surface and root zone soil moisture-foreeasts exhibit shew-similar-dry-and-wetpatterns-dry and wet anomalies as-comparable

to those of TWS fereeastsin the first two months but diverge in later months, reflecting their more rapid responses to changes

in_meteorological conditions (Supplementary Figs.S78;9)._ This divergence is especially evident for Noah-MP surface

MS—which indicates only

moderately dry conditions (10-20™ percentiles) in southern Africa by May 2016, compared to large areas of more severe

droughts (5-10™ percentiles) suggested by Noah-MP TWS. CLSM surface soil moisture and root zone soil moisture indicate

more persistent anomalies conditions like CLSM TWS. consistent with the tighter coupling among CLSM water storage

components. These results further underscore the strong impact of model physics and the added value of TWS forecasts for

predicting hydrological extremes. -+

4 Summary and discussions

We evaluated terrestrial water storage (TWS) forecasts produced by the FLDAS Hydrological Forecasting System (FLDAS-
Forecast) overin Africa using GRACE/FO TWS observations_as an independent benchmark. Statistical analyses_showed
indieate that the Catchment land surface model (CLSM) exhibitderonstrates considerable S2S predictive skills-inforeeasting
tereilesat-S2S8-seales, with =0-6-ROC scores_for tercile forecasts exceeding 0.6 (the threshold forindieating predictive skill)
over more than half50% of the study domainarea across 1- to 6-month lead times. CLSM forecasts also shewstrenger
correlateiens more strongly with GRACE/FO data than those of Noah-MP, especially at longer lead times.- A-key-eontributing
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anomaly-foreeasts: In contrast, Noah-MP forecasts generally show lower skill than CLSM, especially in central Africa where

the skill declines quickly with increases in lead times.

The superior performance of CLSM is attributed to its ability to simulate strong groundwater dynamics across seasonal to

interannual scales. This capability enables CLSM to better capture the interannual variability in TWS observed by GRACE/FO

thereby producing more accurate initial conditions. Enhanced interannual variability also increases persistence in CLSM TWS

estimates, allowing the benefit of more accurate initial conditions to propagate to longer forecast lead times. Interannual

variability is important for S2S forecasts because TWS, has a long memory process, retains information about past wet and

dry conditions over months. Moreover, long-term variability directly affects the climatology used for determining TWS

anomalies, thus affecting forecast skill.

Consistent with this long memory behavior, TWS forecasts exhibit strong sensitivity to inter-annual variability of precipitation

forecasts, which varies substantially across NMME models. TWS forecasts driven by precipitation forecasts with larger

interannual variability (e.g., GEOSv2) show lower correlation and higher RMSEs with respect to GRACE/FO observations,

whereas those forced by precipitation forecasts with lower interannual variability (e.g., GFDL and CSM5) yield more accurate

TWS predictions. TWS forecasts also respond differently to changs in precipitation forecasts across lead times. NMME

precipitation forecasts generally show decreasing interannual variability with increasing lead time, likely reflecting reduced

forecast skill at long leads when prediction reverts toward climatology (Zhang et al., 2021). This decrease leads to contrasting

model behaviors, with CLSM TWS forecasts showing reduced RMSEs with increases in lead time, whereas Noah-MP forecasts

exhibit increasing RMSEs. These results underscore not only the importance of improving S2S precipitation forecasts but also

the need to better understand how land surface models filter and propagate precipitation variability.

Autocorrelation analysis further reveals differences in how the two models represent TWS processes. CLSM simulates much

stronger persistence in groundwater than in soil moisture, owing to its two-way interactions between the unsaturated zone and

the aquifer. This coupling enhances groundwater sensitivity to climate variability and persistence that supports extended

forecast skill. In contrast, Noah-MP produces similar persistence in groundwater and soil moisture, reflecting its weak

representation of groundwater upward movement, which limits groundwater responses to droughts and results in reduced

temporal variability. Additional factors such as overestimation of surface runoff may further limit groundwater dynamics by

reducing infiltration and groundwater recharge. Importantly, while persistence can contribute to predictability, our analyses
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show that simulated persistence does not always agree with GRACE/FO data, especially in regions with strong trends, and

therefore may overstate forecast skill. In addition, persistence quantified using short-lag (1-6 months) autocorrelations may

be a poor indicator of predictability when TWS exhibits substantial interannual variability. These findings underscore the

inherent challenges of accurately simulating persistence in long-memory processes, where uncertainties in input data and

model physics accumulate over time.

Together, these findings emphasize the critical role of realistically representing groundwater variability in improving S2S TWS

forecasts. For models such as Noah-MP, where groundwater dynamics are primarily driven by recharge from the overlying

soil layers, improved simulation of capillary rise, the upward groundwater flux, is particularly critical for simulating realistic

groundwater responses to climate variability. More broadly, because TWS is a long-memory process that integrates the

cumulative impacts of precipitation, evapotranspiration and human interventions, forecast skill can be further enhanced by

improving simulation of both climate-driven long-term variability and anthropogenic trends.

i —Evaluation relative to the reanalysis yielded much smaller

RMSEs and higher correlation than evaluation relative to GRACE/FO, underscoring substantial uncertainties in model physics

and the importance of using independent observations as the benchmark. GRACE/FO data are sensitive to climate variability,

climate change and anthropogenic effects, which are often poorly represented or inconsistently treated in reanalysis systems.
While this study provides insight into the impact of groundwater representation on TWS predictability, future work should

focus on improving groundwater simulation by leveraging more than two decades of GRACE/FO observations to advance S2S

hydrological predictability.
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has been shown to be an effective means to constrain the temporal variability of groundwater and TWS, leading to more
accurate estimates of TWS anomalies-and-its-compenents (Li et al., 2019b). However, higher Pue-te-the-computational costs
and a 2-4 months-ef data latency_limit; its application GRACE/AEO-data-assimilationis-to enlyfeasibleforreanalysis-based
stmlation; rather thannetsuited-for near-real time forecasting-runs. ConsequentlyAs-aresult, whileeven when GRACE/FO

data assimilation may-improves-reanalysis-based initial conditions, deficiencies in model phys1cs such as weak groundwater

persistence as seen in Noah-MP,st ity can prevent these

improvements—in—initial-eonditions from translating into skill at translating—into—enhaneedforeeast—skillat-longer —lead

timestimes. However, quantifying the influence of improved initial conditions on TWS forecast skill remains an important

area for future research. In addition, studies assessing the potential benefits of reduced GRACE/FO data latency could help

motivate efforts to deliver more timely GRACE/FO observations for operational forecasting.  Fhereforeimprovingphysical

Finally, separating surface water signals from GRACE/FO data can improve diagnosis of modeled TWS processes in regions

dominated by large surface water bodies. However, due to the spatial smoothing inherent in GRACE/FO measurements,

surface water signals are distributed over broad surrounding areas, rendering the simple grid-scale mass balance calculations

inadequate. Specialized modeling approaches are required to properly isolate surface water contributions (Deggim et al., 2021;

Sharifi et al., 2025). Because such techniques are not yet widely available, there is a need for surface water datasets that are

harmonized with GRACE/FO observations and accompanied by uncertainty estimates. Beyond temporally consistent local

observations of surface water elevation and extent, this effort requires improved modeling of surface water and groundwater

interactions, processes currently absent in most hydrological models but can substantially influence TWS variability,

particularly in wet climates (Bierkens and Wada 2019).
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