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Abstract 

Ground-based Global Navigation Satellite System (GNSS) vertical displacements provide 
an independent measure of hydrological loading, but their ability to resolve terrestrial 
water storage (TWS) variations in arid inland basins remains uncertain. This study com-
pared vertical displacements from 15 GNSS stations within and around the Heihe River 
Basin with loading displacements derived from satellite-based GRACE and model-based 
Noah TWS anomalies. After removing non-hydrological signals from GNSS series, corre-
lations among the network-mean vertical displacement for GNSS-GRACE, GNSS-Noah, 
and GRACE-Noah were 0.48, 0.49, and 0.74, respectively. Mean station-level correlations 
for the same comparisons were lower (0.38, 0.35, and 0.60, respectively), with weaker 
agreement within the basin interior. Time-series decomposition showed that GNSS cap-
tured inter-annual TWS variability more consistently than the seasonal cycle of TWS. 
GNSS generally peaks earlier than GRACE in the south but later in the north. Noah inter-
annual variations diverged from both GNSS and GRACE, suggesting limitations in the 
model’s representation of arid-region hydrological processes. Overall, GNSS provides an 
independent constraint on long-term TWS variability and a diagnostic of land surface 
model performance. These findings support multisource monitoring of arid-basin water 
storage while highlighting the need for improved scale matching and in situ validation. 

Keywords: terrestrial water storage; GNSS; GRACE; land surface model; Heihe River  
Basin 
 

1. Introduction 
Terrestrial water storage (TWS) comprises water stored in snow, soil moisture, sur-

face water bodies, groundwater, and vegetation canopies. As an integrated variable of the 
terrestrial water cycle, TWS variations reflect the combined effects of climate variability 
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and human activities [1,2]. Reliable characterization of TWS is particularly important in 
drylands, where limited water availability constrains ecosystem functioning and socioec-
onomic development [3,4]. Several major hotspots of TWS decline are located in arid re-
gions, such as the inland river basins of northwestern China [5–7]. The Heihe River Basin 
is a representative mountain-oasis-desert system in this region. Runoff generated in the 
Qilian Mountains sustains irrigated agriculture in the middle reaches and water-depend-
ent ecosystems in the lower reaches, while irrigation, groundwater abstraction, and eco-
logical water allocation redistribute water across the basins [8–10]. Continuous monitor-
ing of TWS is therefore essential for assessing changes in regional water availability and 
understanding their climatic and anthropogenic drivers. 

The Gravity Recovery and Climate Experiment (GRACE) and its successor, GRACE 
Follow-On (GRACE-FO; hereafter collectively referred to as GRACE), detect temporal 
variations in Earth’s gravity field and have enabled large-scale estimates of terrestrial wa-
ter storage anomalies (TWSA) [1,11]. However, the effective spatial resolution of GRACE 
is much coarser than its nominal grid spacing, resulting in spatially smoothed TWSA es-
timates that are susceptible to spatial leakage and boundary effects. These limitations are 
particularly important in relatively small or hydrologically heterogeneous basins, where 
contrasting local signals may be spatially averaged within the GRACE footprint. Land 
surface models provide continuous estimates of individual water storage components at 
finer spatial and temporal resolutions, but their simulations remain sensitive to meteoro-
logical forcing, model parameterizations, and process representations [12,13]. In particu-
lar, many land surface models often omit or inadequately represent deep groundwater 
storage or human activities such as irrigation, groundwater abstraction, and reservoir reg-
ulation. GRACE and land surface models therefore provide complementary information, 
but neither can fully resolve fine-scale TWS variations in intensively managed inland river 
basins. 

The Global Navigation Satellite System (GNSS) observations provide an independent 
measure of crustal deformation associated with changes in terrestrial water mass. Under 
elastic loading, water accumulation generally produces downward surface displacement, 
whereas water loss results in uplift [14,15]. After appropriate corrections for non-hydro-
logical loading effects, such as tectonic motion, atmospheric and oceanic loadings, GNSS 
vertical displacements have shown considerable potential for monitoring hydrological 
loading [16,17]. However, groundwater withdrawal can reduce pore pressure and induce 
the compaction of the aquifer system, resulting in land subsidence at GNSS stations over-
lying the affected aquifer, even though the associated reduction in water mass may pro-
duce elastic uplift at nearby stations [18,19]. Conversely, groundwater recharge may cause 
local uplift through aquifer expansion while producing elastic subsidence in the sur-
rounding region due to the increased water load. Therefore, using GNSS vertical displace-
ment to infer water mass variations across different regions requires careful assessment 
of the dominant deformation mechanisms. 

Unlike GRACE, which represents spatially smoothed mass variations, each ground-
based GNSS station records the integrated elastic response to surrounding water loads, 
with relatively high sensitivity to nearby mass changes and much finer temporal sam-
pling. Previous studies have used GNSS to investigate hydrological loading in regions 
such as the western United States, the Himalayas, the Amazon Basin, and the southwest-
ern China [20–23]. However, its ability to constrain TWSA depends strongly on loading 
magnitude and distribution, station geometry and observational noise. Whether GNSS 
can reliably capture the relatively weak and spatially heterogeneous hydrological signals 
of arid mountain-oasis-desert basins remains uncertain. 

The Heihe River Basin provides a suitable setting for addressing this question be-
cause its upper, middle, and lower reaches are characterized by different hydrological 
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processes. Snow and soil water changes influence the mountainous headwaters, irrigation 
and groundwater abstraction affect the middle-reach oases, and ecological water alloca-
tion dominates the lower reaches. These spatially heterogeneous signals may be smoothed 
in GRACE retrievals and inadequately represented by land surface models. Although 
GNSS vertical displacement has been widely used to investigate hydrological loading, its 
applicability in arid inland basins with sparse GNSS coverage, weak regional water mass 
variations, and intensive water management remains insufficiently understood. Therefore, 
this study systematically evaluates the scale- and location-dependent capability of GNSS 
for monitoring hydrological loading variations under these conditions. Vertical displace-
ments observed at GNSS stations within and surrounding the basin were compared with 
hydrologically induced vertical displacements derived from GRACE and Noah TWSA. 
Agreements among the three datasets at different spatial and temporal scales were quan-
tified to identify common signals and systematic differences. This comparison further 
clarifies the capabilities and limitations of GNSS, GRACE, and Noah in representing hy-
drological loading in a data-sparse arid inland river basin. 

2. Materials and Methods 
2.1. Study Area 

The Heihe River Basin is a representative arid inland river basin in northwestern 
China (Figure 1). Originating in the Qilian Mountains, the Heihe River flows northward 
through the Hexi Corridor and ultimately reaches the Alxa Plateau. Elevation decreases 
markedly from the mountainous headwaters in the south to the downstream desert plains 
in the north, resulting in pronounced hydroclimatic gradients across the basin [10,24]. 

Geologically, the basin spans the actively deforming Qilian Mountains at the north-
eastern margin of the Tibetan Plateau, the Hexi Corridor foreland basin, and the sedimen-
tary Ejina Basin. The North Qilian Mountain Fault constitutes a major tectonic boundary 
between the mountains and the foreland basin. In the middle reaches, particularly in the 
Zhangye Basin, Quaternary alluvial and proluvial deposits form piedmont fans and river-
valley plains. Farther downstream, the Ejina Basin is characterized by fluvial–alluvial, ae-
olian, and lacustrine deposits [25–27]. 

Precipitation and evaporative demand vary strongly across space. Previous studies 
have reported annual precipitation of approximately 200–500 mm in the upper reaches, 
less than 200 mm in the middle reaches, and generally below 50 mm in the lower reaches. 
In comparison, evaporation increases from about 700 mm in the upper basin to nearly 
3000 mm downstream [28,29]. Vegetation and land cover vary correspondingly along this 
mountain-to-desert gradient [30]. Alpine meadows and mountain grasslands, together 
with patches of Qinghai spruce forests, dominate the upper reaches. Irrigated croplands 
and artificial oases are concentrated in the middle reaches and are interspersed with 
sparsely vegetated piedmont desert. Desert and bare land cover most of the lower reaches, 
while riparian Populus euphratica forests and Tamarix shrublands are largely confined to 
river corridors and groundwater-supported areas. This pronounced hydroclimatic and 
land surface heterogeneity has made the Heihe River Basin an important experimental 
region for integrated hydrological, ecological, and remote-sensing observations in the 
cold and arid regions of China [10]. 
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Figure 1. Location and topographic characteristics of the Heihe River Basin, with the distribution of 
GNSS stations marked in triangles. 

The mountainous upper reaches constitute the principal runoff-generating region, 
with water supplied primarily by mountain precipitation, seasonal snowmelt, and glacier 
meltwater. In the middle reaches, river flow is substantially modified by irrigation with-
drawals, evapotranspiration, and surface water-groundwater exchanges, while the re-
maining runoff sustains the terminal ecosystems of the lower reaches. Hydrological con-
ditions in the middle and lower reaches are therefore dependent on both local climate and 
upstream runoff regulation [10,24]. These coupled natural and managed processes pro-
vide the hydrological context for differences among the loading displacements derived 
from GNSS, GRACE, and Noah. 

2.2. Datasets 

2.2.1. GNSS 

Daily GNSS vertical displacements were obtained from the Crustal Movement Ob-
servation Network of China (CMONOC), with station information archived by the Na-
tional Earthquake Science Data Center (http://data.earthquake.cn (accessed on 24 Decem-
ber 2025)). Fifteen stations within and around the Heihe River Basin were selected, includ-
ing five stations inside the basin and ten in surrounding regions (Figure 1). The common 
analysis period extended from February 2012 to November 2023. 

The detrended GNSS data were used in the study, and it is assumed to be related to 
glacial isostatic adjustment (GIA) and tectonic effects [31,32]. A series of steps were con-
ducted to reduce non-hydrological signals following previous studies [16,17,33]. Offsets 
associated with earthquakes, antenna replacements, and other equipment-related events 
were identified from station metadata and corrected for each station. Outliers were then 
identified and removed based on three times the standard deviation relative to the mean 
of each time series. Afterward, vertical displacements caused by atmospheric and non-
tidal oceanic mass variations were removed using the Atmospheric and Ocean De-Alias-
ing (AOD) model [34]. The effects of thermal expansion of the station monuments and 
surrounding bedrock on the vertical time series were subsequently estimated and cor-
rected following the method proposed by Yan et al. [35]. The GNSS time series used in 
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this study were linearly detrended prior to the removal of offsets and modeled non-hy-
drological effects. This order may introduce residual artificial trends if the subsequently 
removed corrections contain long-term components. A sensitivity experiment, in which 
the linear trend was removed after all corrections, showed only minor differences in the 
monthly GNSS displacements. Since both detrending strategies may remove a potential 
secular hydrological signal, this study focused on interannual and seasonal deformation 
and did not interpret the linear long-term trend. Future work should explicitly model and 
correct for GIA and tectonic motions, rather than absorbing these signals into an empirical 
linear trend. 

The corrected daily GNSS vertical displacement series were averaged on a monthly 
basis according to the GRACE time span for comparison with GRACE-based vertical dis-
placements. To remove the systematic differences between different datasets, each 
monthly series was centered by subtracting its mean over the valid months of the common 
study period. The resulting monthly GNSS vertical displacement series were defined as 
positive upward. Therefore, an increase in water mass loading generally corresponds to 
negative displacement, whereas water loss produces positive displacement. 

2.2.2. GRACE/GRACE-FO TWSA 

Monthly terrestrial water storage anomaly (TWSA) data were obtained from the 
RL06.2 GRACE/GRACE-FO Level-3 mascon product developed by the Center for Space 
Research (CSR) at the University of Texas at Austin 
(https://earth.gsfc.nasa.gov/geo/data/grace (accessed on 11 December 2024)). Although 
the product is distributed on a 0.25° grid, the grid spacing represents the sampling interval 
rather than the effective spatial resolution of the GRACE/GRACE-FO observations. 
Monthly data from February 2012 to November 2023 were used to match the availability 
of the GNSS observations. The GRACE TWSA data were converted into vertical displace-
ments at the 15 GNSS stations using the Green’s functions described in Section 2.3. Com-
parisons of vertical displacements between GRACE estimates and GNSS observations 
were conducted only for months in which both datasets were available. 

2.2.3. GLDAS Noah TWSA 

Land surface model data were obtained from NASA’s Global Land Data Assimilation 
System (GLDAS). GLDAS uses observational and reanalysis meteorological data to drive 
land surface models and provides spatially and temporally consistent estimates of land 
surface states and fluxes [36]. This study used the 0.25°, 3-hourly GLDAS-2.1 Noah prod-
uct [12]. For each grid cell, Noah-derived TWS was calculated as the sum of soil moisture 
(SM) in four layers, snow water equivalent (SWE), and canopy water storage (CWS) 
[13,37]: 𝑇𝑊𝑆 = 𝑆𝑀 + 𝑆𝑊𝐸 + 𝐶𝑊𝑆 (1)

The 3-hourly Noah estimates were aggregated into monthly means based on the 
GRACE data time span. Following the GRACE processing procedure, the mean TWS for 
2004–2009 was subtracted from each grid-cell time series to obtain Noah TWSA. The re-
sulting TWSA data were converted into vertical displacements at the GNSS stations using 
the same Green’s function approach as those applied to the GRACE data (Section 2.3). 
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2.2.4. Auxiliary Datasets 

Precipitation and evapotranspiration data were used to interpret the hydrological 
processes underlying differences among the GNSS-, GRACE-, and Noah-derived dis-
placements. Precipitation (P) was obtained from the Integrated Multi-satellitE Retrievals 
for the Global Precipitation Measurement mission (IMERG). The IMERG Version 7 Final 
Run daily precipitation product, which incorporates gauge-based bias correction, was 
used at a spatial resolution of 0.1°. The daily data was accumulated to monthly totals to 
ensure consistency with the processed monthly vertical displacement data. 

Actual evapotranspiration (ET) was obtained from the Global Land Evaporation Am-
sterdam Model (GLEAM) Version 4.3, which has a spatial resolution of 0.1° and a monthly 
temporal resolution. GLEAM combines satellite observations with meteorological forcing 
to estimate total ET and its components, including vegetation transpiration, soil evapora-
tion, canopy-interception evaporation, open-water evaporation, and snow sublimation 
[38]. GLEAM has been widely used as a reference dataset for evaluating model- and sat-
ellite-based ET estimates because it has undergone validation against eddy-covariance ob-
servations and generally performs well across different climatic regions and land cover 
types [38–40]. 

2.3. Green’s Functions 

Variations in terrestrial water storage redistribute surface mass and induce elastic 
deformation of the solid Earth. According to elastic loading theory, deformation caused 
by a spatially distributed surface load can be calculated by convolving the load with the 
corresponding load Green’s functions [15,17]. Following Wahr et al. [41].each gridded 
load was approximated as a uniform circular disk. For a disk with an angular radius of α, 
the disk-integrated vertical response to a unit surface load at an angular distance λ from 
the disk center is: 𝑑𝑟(𝜆) = ෍ ℎ௟ஶ௟ୀ଴ ′𝛤௟ 4𝜋𝐺𝑅𝑔(2𝑙 + 1)𝑃௟(𝑐𝑜𝑠 𝜆) (2)

where 𝐺 is the gravitational constant, 𝑅  is the mean radius of the Earth, 𝑔 is the gravi-
tational acceleration at the Earth’s surface, 𝑃௟ is the Legendre polynomial of degree 𝑙, and ℎ௟′ is the load Love number describing the elastic vertical response of the solid Earth. In 
this study, load Love numbers based on the Preliminary Reference Earth Model (PREM) 
were used [42], and ℎଵᇱ  = −0.269 was used, corresponding to the center of figure (CF) 
frame [43]. The coefficient 𝛤௟, which accounts for the finite spatial extent of the circular 
load, is defined as: 𝛤௟ = 12 [𝑃௟ିଵ(𝑐𝑜𝑠 𝛼) − 𝑃௟ାଵ(𝑐𝑜𝑠 𝛼)] 𝑙 > 0 (3)

𝛤଴ = 12 (1 − 𝑐𝑜𝑠 𝛼) (4)

Each 0.25° GRACE or Noah grid cell was approximated as a uniform circular disk 
with a radius of 14 km, corresponding to 𝛼  = 14 km/R. A reference load of 𝐻଴  = 1 m 
equivalent water height (EWH) was used to calculate the unit disk response: 𝑑𝑟ఈுబ(𝜆) = 𝜌௪𝐻଴𝑑𝑟(𝜆) (5)

where 𝜌௪ is the density of water. Because the elastic response is linear, the vertical dis-
placement at station s and time t was calculated by scaling this unit response according to 
the TWSA of each grid cell and summing the contributions from all land grid cells glob-
ally: 
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𝑑𝑟௦(𝑡) = ෍ ∆𝐻௝(𝑡)𝐻଴ 𝑑𝑟ఈுబ(𝜆௦௝)௝ఢ௟௔௡ௗ = 𝜌௪ ෍ ∆𝐻௝(𝑡)௝ఢ௟௔௡ௗ 𝑑𝑟(𝜆௦௝) (6)

where ∆𝐻௝(𝑡) is the TWSA of grid cell j, and 𝜆௦௝ is the angular distance between the cen-
ter of grid cell j and station s. Thus, the implementation does not More details on the cal-
culation of point-scale displacement from gridded TWSA are provided in Wahr et al. [41]. 

Before conversion, both TWSA datasets were re-referenced by removing the tem-
poral mean of each grid cell time series over the common study period from February 
2012 to November 2023. This step was used to ensure a consistent zero reference and re-
move constant offsets between different datasets. The conversion of GRACE- and Noah-
derived TWSA into vertical displacements enables direct comparison with the corrected 
GNSS observations. 

2.4. STL Time-Series Decomposition 

Seasonal and Trend decomposition using LOESS (STL) was applied to the monthly 
vertical displacement series derived from GNSS, GRACE, and Noah to separate low-fre-
quency and seasonal variations. Each time series u(t) was decomposed into three additive 
components: 𝑢(𝑡) = 𝑇(𝑡) + 𝑆(𝑡) + 𝑅(𝑡) (7)

where T(t) represents the nonlinear low-frequency component, representing primarily in-
terannual variability; S(t) is the seasonal component with a 12-month period; and R(t) is 
the remainder, containing short-term variability and unexplained noise. The seasonal and 
trend smoother lengths were set to 7 and 23 months, respectively. A low-pass smoother 
length of 13 months was used, with robust fitting enabled. To maintain a complete and 
regularly spaced monthly series, missing GRACE months, including the gaps between the 
GRACE and GRACE-FO missions, were filled using the multi-year mean for the corre-
sponding month calculated from the available GRACE observations. The same STL pa-
rameter settings were applied to all vertical displacement datasets to ensure that the re-
sulting components were directly comparable. 

2.5. Statistical Evaluation Metrics 

Agreement among GNSS-, GRACE-, and Noah-derived vertical displacements was 
evaluated using the processed monthly displacement time series and their STL-derived 
low-frequency and seasonal components. All pairwise comparisons were restricted to 
months with valid observations in both datasets. The Pearson correlation coefficient (r) 
was used to quantify the linear relationship between two time series: 𝑟஺,஻ = ∑ (௡௧ୀଵ 𝐴௧ − 𝐴ሜ)(𝐵௧ − 𝐵ሜ )ඥ∑ (௡௧ୀଵ 𝐴௧ − 𝐴ሜ)ଶඥ∑ (௡௧ୀଵ 𝐵௧ − 𝐵ሜ )ଶ (8)

where A and B represent vertical displacements from different datasets, 𝐴ሜ  and 𝐵ሜ   are 
their respective means, and n is the number of common estimates. A larger positive r in-
dicates greater similarity in temporal variations. However, the correlation coefficient is 
insensitive to additive offsets and amplitude scaling. A high correlation therefore does not 
necessarily indicate agreement in displacement magnitude. 

Root-mean-square reduction (RMSR) was used as a complementary metric to evalu-
ate agreement in both temporal variation and displacement magnitude. Taking A as the 
reference series and B as the comparison series, RMSR was calculated as: 

𝑅𝑀𝑆(𝑥) = ඨ1𝑛෍ 𝑥௧ଶ௡௧ୀଵ  (9)
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𝑅𝑀𝑆𝑅஺,஻ = 𝑅𝑀𝑆(𝐴) − 𝑅𝑀𝑆(𝐴 − 𝐵)𝑅𝑀𝑆(𝐴) × 100% (10)

where 𝑅𝑀𝑆(𝐴)  denotes the 𝑅𝑀𝑆  of dataset A , and 𝑅𝑀𝑆(𝐴 − 𝐵)  is the 𝑅𝑀𝑆  of the re-
sidual after subtracting dataset B from dataset A. A Positive RMSR indicates that sub-
tracting 𝐵  reduces the RMS variability of the reference series A , whereas a value ap-
proaching 100% indicates close agreement in both timing and magnitude. An RMSR of 
zero indicates no reduction in variability, while a negative value indicates that the residual 
series has a larger RMS than the original reference series. 

3. Results 
3.1. Comparison of Monthly Vertical Displacements 

Network-mean vertical displacements were calculated by averaging the GNSS-, 
GRACE-, and Noah-derived estimates across the 15 station locations (Figure 2). The three 
series exhibited broadly similar temporal variations but differed substantially in magni-
tude and short-term variability. GNSS showed the greatest variability, followed by 
GRACE and Noah. The Pearson correlation coefficients (r) for GNSS–GRACE, GNSS–
Noah, and GRACE–Noah were 0.48, 0.49, and 0.74, respectively. Thus, GNSS showed a 
similar level of agreement with GRACE and Noah, whereas the higher GRACE–Noah 
correlation indicated closer agreement between their regional monthly variations. 

 

Figure 2. Monthly mean vertical displacements derived from GNSS, GRACE, and Noah. The shaded 
area denotes ±1 standard deviation of the GNSS observations across the 15-station network. 

Station-level agreement varied markedly across the study area (Figure 3a–c). Corre-
lations were generally higher at stations outside of the Heihe River Basin in the south. 
Most correlations at the five stations inside the basin were below 0.4 for all three pairwise 
comparisons. The mean station-level correlation was highest for GRACE-Noah (r = 0.60), 
compared with 0.38 for GNSS-GRACE and 0.35 for GNSS-Noah. These results reveal a 
pronounced contrast between stations inside and outside the basin. For the five stations 
inside the basin, the corresponding mean correlations were 0.16, 0.13, and 0.43 for the 
GNSS-GRACE, GNSS-Noah, and GRACE-Noah, respectively, compared with 0.49, 0.46, 
and 0.69 for the ten stations outside the basin. These differences may reflect regional dif-
ferences in hydrological variability as well as data-specific uncertainties. 
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Figure 3. Spatial distributions of the Pearson correlation coefficients between (a) GNSS and GRACE, 
(b) GNSS and Noah, and (c) GRACE and Noah. Panels (d–f) show the corresponding RMS reduc-
tions obtained by subtracting GRACE from GNSS, Noah from GNSS, and Noah from GRACE, re-
spectively. 

The RMSR results showed similar spatial variations (Figure 3d–f). Subtracting the 
GRACE- and Noah-derived displacements from the GNSS series generally produced 
small positive or near-zero RMSR values, with station averages of 8.49% and 4.94%, re-
spectively. The GRACE-Noah comparison showed greater consistency, with a mean 
RMSR of 20.79% after subtracting Noah from GRACE. For the ten stations outside the 
basin, the corresponding values were 12.17%, 7.03%, and 28.43% for the GNSS-GRACE, 
GNSS-Noah, and GRACE-Noah, respectively, whereas those for the five stations inside 
the basin were 1.12%, 0.75%, and 5.52%. The largest positive RMSR values occurred at 
stations south of the basin, whereas strongly negative values were found at several sta-
tions in the lower reaches. These results further demonstrate that the network-wide aver-
ages are influenced by the contrasting behavior of stations inside and outside the basin. 

Overall, agreement among the GNSS-, GRACE-, and Noah-derived vertical displace-
ments ranged from weak to moderate and varied considerably across the study area. Sta-
tions located outside the Heihe River Basin in the south generally showed greater con-
sistency in both magnitude and phase, whereas substantial discrepancies occurred at the 
five stations located within the basin, particularly in the arid lower reaches. Potential ex-
planations for these differences are discussed in Section 4. 

3.2. Analysis of the Interannual and Seasonal Variations 

STL decomposition was applied to the GNSS-, GRACE-, and Noah-derived vertical 
displacements at each station to separate their low-frequency, seasonal, and residual com-
ponents. Figure 4 shows the spatial distribution of the correlations calculated for the low-
frequency and seasonal components. For the low-frequency component, hereafter re-
ferred to as the interannual component, the highest station-average correlation was ob-
served between GNSS and GRACE (r = 0.73), followed by GRACE-Noah (r = 0.61) and 
GNSS-Noah (r = 0.51). These correlations were higher than the corresponding values cal-
culated from the original monthly time series in Section 3.1, particularly for the GNSS-
GRACE comparison, suggesting a higher agreement at the interannual scale. The interan-
nual correlations with Noah remained low for stations within the basin, but larger corre-
lations were observed at stations south of the basin. The GNSS-GRACE correlations 
showed a less distinct spatial pattern. 
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Figure 4. Spatial distributions of the Pearson correlation coefficients between the STL-derived low-
frequency components of (a) GNSS and GRACE, (b) GNSS and Noah, and (c) GRACE and Noah. 
Panels (d–f) show the corresponding correlations between the seasonal components. 

Agreement was substantially weaker for the seasonal components for GNSS compar-
isons (Figure 4d–f). Across all stations, the station-average seasonal correlations were 0.35 
for GNSS–GRACE and 0.29 for GNSS–Noah, indicating limited seasonal agreement. In 
comparison, the GRACE-Noah correlation was higher at 0.67. For the five stations inside 
the basin, the corresponding correlations were 0.05, −0.11, and 0.42 for GNSS-GRACE, 
GNSS-Noah, and GRACE-Noah, respectively, compared with 0.50, 0.49, and 0.79 for sta-
tions outside the basin. To further analyze the differences among GNSS-, GRACE-, and 
Noah-derived vertical displacements at seasonal scale, the peak-to-peak amplitudes and 
peak months were compared. 

Seasonal peak-to-peak amplitudes were further calculated from the multi-year mean 
seasonal cycles (Figure 5a–c). The station-mean amplitudes derived from GNSS, GRACE, 
and Noah were 7.98 ± 1.94, 1.89 ± 0.72, and 1.24 ± 0.51 mm, respectively, where the uncer-
tainties represent one standard deviation across the 15 stations. The mean GNSS ampli-
tude was approximately 4.22 times that of GRACE and 6.44 times that of Noah and was 
the largest at all stations. For all three datasets, seasonal amplitudes tended to be smaller 
at stations within the arid basin. The larger and more spatially variable GNSS amplitudes 
are consistent with previous findings [44] and may reflect its greater sensitivity to local 
loading, together with residual station-specific hydrological or non-hydrological signals. 
The smaller GRACE and Noah amplitudes may partly result from spatial smoothing and 
differences in the representation of water storage components. 

For each station, the month of maximum uplift was identified from the maximum 
value of its multi-year mean STL seasonal cycle. Because displacement is positive upward, 
this month generally corresponds to minimum seasonal water loading. GNSS peak 
months varied widely among stations, ranging from approximately January to July and 
showing limited spatial coherence (Figure 5d). In contrast, the GRACE- and Noah-derived 
peaks were concentrated between March and June and generally occurred progressively 
later from south to north (Figure 5e,f). Relative to GRACE and Noah, GNSS tended to 
peak earlier at southern stations and later at northern stations, leading to poor seasonal 
correlation between GNSS and the other two datasets. 
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Figure 5. Spatial distributions of the seasonal peak-to-peak amplitudes derived from (a) GNSS, (b) 
GRACE, and (c) Noah. Panels (d–f) show the corresponding peak months of the multi-year mean 
seasonal cycles. 

Overall, GNSS and GRACE showed the strongest agreement at interannual variabil-
ity, whereas GRACE and Noah agreed more in seasonal timing and spatial pattern. GNSS 
exhibited substantially larger seasonal amplitudes, more dispersed peak months, and 
weak seasonal correlations with both GRACE and Noah. The potential effects of spatial 
sensitivity, differences in represented water storage components, and residual non-hydro-
logical signals are discussed in Section 4. 

4. Discussion 
4.1. Sources of Interannual Discrepancies in Noah-Based Displacements 

At the interannual timescale, Noah-based vertical displacements showed relatively 
weak agreement with both GNSS and GRACE, particularly at stations within the Heihe 
River Basin (Figure 4a–c). To determine whether this disagreement originated from dif-
ferences in the underlying water storage fields, the STL-derived interannual components 
of GRACE and Noah TWSA were compared directly. The basin-averaged series show 
some agreement in the direction of change, particularly the decline after 2019, but greatly 
differed during the earlier period (Figure 6a). GRACE exhibited a gradual TWS decline 
from 2012 to 2017 followed by a short recovery during 2018–2019, whereas Noah showed 
a slight increase from 2012 to 2019. Consequently, the basin-averaged interannual GRACE 
and Noah TWSA components were moderately correlated (r = 0.54), indicating partial 
agreement between the two datasets. Because the same loading calculation was applied 
to both datasets, this result indicates that their displacement discrepancies originated pri-
marily from differences in the simulated and observed water storage variations. 

The spatial correspondence between GRACE and Noah also varied across the study 
area (Figure 6b). Interannual TWSA correlations were consistently positive south of the 
basin, moderate to high in its central part, and negative across much of the arid north. 
This distribution was broadly consistent with the station-level correlations between the 
GRACE- and Noah-derived vertical displacement. The temporal standard deviations of 
the interannual TWSA components provide further evidence of differences between the 
two datasets (Figure 6c,d). Both GRACE and Noah showed greater variability in the south 
and weaker variations in the arid north. However, GRACE displays a broader and 
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smoother spatial gradient, whereas the areas of high variability in Noah were more local-
ized. The mean temporal standard deviation across the displayed area was 13.53 mm for 
GRACE and 9.57 mm for Noah. Noah showed particularly weak variability in the Badain 
Jaran Desert and the lower reaches of the Heihe River Basin. These results indicate that 
Noah produced more strongly damped interannual TWS variations than GRACE in arid 
regions. Nevertheless, the coarser effective resolution of GRACE, together with spatial 
leakage and boundary effects, may also contribute to the differences between the two 
products. GRACE should therefore not be regarded as an error-free reference. 

 

Figure 6. (a) Low-frequency components of GRACE- and Noah-derived TWSA spatially averaged 
over the Heihe River Basin. (b) Spatial distributions of the correlations between the low-frequency 
TWSA components from GRACE and Noah, with station-level correlations between the correspond-
ing vertical displacements overlaid. (c,d) represent spatial distributions of the temporal standard 
deviations of low-frequency TWSA components derived from GRACE and Noah, respectively. 

The reduced interannual variability of Noah TWSA in the arid part of the basin sug-
gests that regional water fluxes may not be fully represented by the model. Because evap-
otranspiration is a major water loss component in this region, Noah-derived ET was com-
pared with GLEAM as a preliminary assessment of one possible source of the discrepancy. 
GLEAM generally showed higher long-term mean ET and greater temporal variability 
than Noah (Figure 7). In GLEAM, relatively higher ET occurred in the Zhangye Basin, 
along the Heihe River, and in the western regions, whereas lower ET was observed in the 
Badain Jaran Desert in the east of the basin. In comparison, Noah simulated a more spa-
tially homogeneous pattern. A lower mean ET in Noah could reduce simulated water loss 
and thereby lead to greater water retention, whereas its smaller temporal variability could 
contribute to the subdued interannual variability of Noah TWSA. However, it should be 
noted that although GLEAM has been evaluated against flux tower observations and 
other ET products in previous studies [38,39], its uncertainty within the basin has not been 
quantified. These interpretations remain hypotheses, as changes in storage also depend 
on precipitation, runoff, groundwater and surface water exchange, and human water 
management. 



Remote Sens. 2026, 18, 3673 13 of 19 
 

https://doi.org/10.3390/rs18213673 

 

Figure 7. (a,b) Spatial distributions of mean evapotranspiration derived from (a) Noah and (b) 
GLEAM. Panels (c,d) represent the corresponding temporal standard deviations from Noah and 
GLEAM. 

Differences in the represented water storage components provide an additional ex-
planation. GRACE responds to changes in total terrestrial water mass, whereas Noah-de-
rived TWSA includes only soil moisture, snow water equivalent, and canopy water stor-
age. Groundwater, surface water, irrigation redistribution, and other water management 
processes are absent or incompletely represented in Noah [45], although these compo-
nents are particularly important in the middle and lower reaches of the Heihe River Basin. 
Therefore, the lack of representation of these processes may suppress interannual varia-
bility in Noah and contribute to the low agreement with GRACE within the basin. 

The higher interannual correlation of GNSS with GRACE than with Noah provides 
independent evidence that Noah did not fully reproduce the observed water storage dy-
namics. Overall, the Noah discrepancies may reflect a combination of differences in ET 
representation, omitted water storage components, and human water management. Their 
individual contributions cannot be separated using the current datasets. Further attribu-
tion requires precipitation, ET, runoff, groundwater, reservoir, and irrigation data evalu-
ated over consistent spatiotemporal scales. 

4.2. Potential and Limitations of GNSS for Monitoring TWS Variability 

The comparison of GNSS-, GRACE-, and Noah-derived vertical displacements 
showed a consistent north–south contrast, with lower correlations for the stations within 
the basin in the north. The contrast was particularly pronounced at the seasonal scale, 
where several stations in the northern and lower reaches of the basin showed low or neg-
ative correlations, whereas higher correlations generally occurred at the southern stations. 
The spatial contrast may partly reflect the pronounced hydroclimatic gradient between 
the Qilian Mountains and the arid northern basin. Seasonal snow accumulation and melt 
in the southern mountains produce a relatively strong and spatially coherent loading and 
unloading cycle. The stronger hydrological signal may be resolved more consistently by 
GNSS, GRACE, and Noah, thereby contributing to the higher agreement. In contrast, the 
weaker regional water mass variations in the arid northern basin may reduce the signal-
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to-noise ratio and increase the relative importance of localized hydrological processes. 
Groundwater-related deformation may provide another explanation for the relatively low 
agreement within the basin. Groundwater pumping and recharge can produce poroelastic 
deformation, while intensive pumping may cause irreversible aquifer system compaction. 
GNSS stations overlying affected aquifers may therefore record localized deformation that 
is not produced solely by elastic surface loading and may not be represented in the 
GRACE- and Noah-derived displacements. However, the contribution of these processes 
cannot be quantified due to the lack of local aquifer properties and groundwater manage-
ment. 

Despite these spatial differences, the agreement of GNSS with GRACE and Noah was 
generally higher at the interannual scale than at the seasonal scale. The moderate interan-
nual agreement indicates that GNSS contains a measurable low-frequency hydrological 
loading signal. At the seasonal scale, GNSS generally exhibited larger amplitudes and 
greater station-to-station variability in peak timing. The relatively subdued seasonal dis-
placements derived from GRACE and Noah are consistent with the weak regional TWS 
variations in arid environments, where precipitation is limited and large evaporative 
losses are high [44]. However, the larger GNSS amplitudes do not necessarily represent a 
more accurate estimate of hydrological loading, because the three datasets differ in spatial 
sensitivity and sources of uncertainty. 

Differences in effective spatial support may partly explain the weaker seasonal agree-
ment. GNSS vertical displacement represents the integrated elastic response to surround-
ing hydrological loads but is weighted more strongly toward nearby mass variations, 
making individual stations sensitive to localized mass changes. GRACE spatially smooths 
mass variations over several hundred kilometers, whereas Noah represents hydrological 
processes at the model-grid scale using spatially averaged forcing and parameterizations. 
Converting GRACE and Noah estimates to vertical displacement using Green’s functions 
does not recover hydrological variability not solved by their original spatial representa-
tion. Consequently, localized and heterogeneous seasonal loading may produce larger 
amplitudes and more variable peak timing in GNSS than in GRACE- or Noah-derived 
displacements. Conversely, the relatively weak GRACE signal-to-noise ratio in arid re-
gions, uncertainties in Noah’s representation of hydrological processes, and residual non-
hydrological signals in GNSS may all contribute to the observed discrepancies [46,47]. 
These complementary sensitivities suggest that GNSS can provide an additional con-
straint on gridded TWSA estimates rather than serve as a direct substitute for GRACE or 
land surface models. 

Lagged correlations were calculated using the complete processed monthly displace-
ment series without STL decomposition to further characterize the overall temporal align-
ment among the three datasets. Lags from −6 to +6 months were examined, and the lag 
corresponding to the maximum Pearson correlation was selected (Figure 8). For each or-
dered comparison, a positive lag indicates that the second dataset leads the first. Larger 
lags are generally observed at northern stations in the GNSS-GRACE and GNSS-Noah 
comparisons, particularly those located near river channels or runoff convergence zones. 
This suggests that the variations represented by GRACE and Noah tended to precede 
those observed by GNSS. In contrast, the optimal lags between GRACE and Noah were 
close to zero at most stations, indicating closer temporal alignment between these two 
datasets. 
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Figure 8. Spatial distributions of the optimal time lags associated with the maximum pairwise cor-
relations in vertical displacements between (a) GNSS and GRACE, (b) GNSS and Noah, and (c) 
GRACE and Noah. 

One possible explanation for the time lags between GNSS and GRACE (or Noah) is 
the combined effect of downstream water redistribution and the different spatial sensitiv-
ities of the datasets. Streamflow in the Heihe River Basin generally reaches its maximum 
during July-August [48], whereas basin-scale TWS tends to be relatively high during the 
transition from spring to summer [47]. Water detected earlier as a basin-scale storage 
change may subsequently be redistributed toward the northern and lower reaches 
through infiltration, runoff routing, and groundwater recharge, causing delayed local wa-
ter mass changes. Because GNSS deformation is influenced more strongly by nearby 
loads, although it also integrates loading over a broader area, this delayed local redistri-
bution could shift the GNSS time series relative to the spatially smoothed GRACE and 
Noah estimates. Additionally, similar lags could also arise from spatial averaging in 
GRACE, model uncertainty in Noah, differences in signal-to-noise ratio, or residual non-
hydrological signals in GNSS. The spatial pattern of the lags should only be used as sug-
gestive evidence that localized hydrological processes may contribute to the seasonal tim-
ing differences among the datasets. Interpretation of its seasonal signal requires additional 
information on local hydrological conditions and independent observations of river flow, 
groundwater, soil moisture, and irrigation. 

5. Conclusions 
This study compared vertical displacements derived from GNSS, GRACE, and Noah 

at 15 stations within and surrounding the Heihe River Basin using consistent monthly 
sampling and station locations. Regional averaging improved the agreement among da-
tasets, with GRACE and Noah showing the strongest correlation at the monthly scale. 
GNSS exhibited moderate agreement with both GRACE and Noah at regional scale, 
whereas station-level correlations exhibited pronounced spatial variability. Agreement 
between GNSS and the other datasets was generally weaker at stations in the lower 
reaches. 

STL decomposition revealed clear timescale-dependent differences. At the interan-
nual scale, GNSS and GRACE showed relatively consistent variations, with a station-av-
eraged correlation of 0.73. Noah differed substantially from both GRACE and GNSS, par-
ticularly at stations within the Heihe River Basin. The deteriorated interannual con-
sistency between Noah and GRACE or GNSS may be related to the inadequate represen-
tation of deep groundwater and human water use. Comparisons between Noah- and 
GLEAM-based evapotranspiration further suggest that potential biases in simulated wa-
ter fluxes may contribute to these discrepancies. 

At the seasonal scale, GNSS exhibited weak correlations with GRACE and Noah. 
GRACE and Noah produced relatively subdued seasonal displacements, whereas GNSS 
exhibited substantially larger amplitudes and greater spatial variability in peaking time. 
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These discrepancies may reflect the greater sensitivity of GNSS to nearby and spatially 
heterogeneous loads, which are smoothed in GRACE or incompletely represented by 
Noah. However, residual non-hydrological signals, station instability, and non-elastic de-
formation may also contribute to the larger GNSS seasonal amplitudes. Seasonal GNSS 
variations should therefore not be interpreted directly as local TWS changes without ad-
ditional constraints. 

Overall, GNSS provides an independent deformation constraint that complements 
GRACE observations and Noah simulations, particularly at the interannual scale. Inte-
grating GNSS with satellite gravimetry and land surface models offers a promising ap-
proach for identifying inconsistencies among datasets. The study used the CSR mascon 
product as a representative GRACE solution. However, differences among GRACE prod-
ucts arising from their distinct parameterizations, regularization strategies, and post-pro-
cessing procedures remain a source of uncertainty. Future work should quantify these 
differences among products on the GRACE-derived displacements at individual GNSS 
stations. Joint inversion and data assimilation frameworks should also be explored to 
combine these complementary datasets to improve TWSA estimates and the representa-
tion of hydrological processes in arid inland river basins. 
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