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A B S T R A C T

Terrestrial sediment transport through large rivers exerts a significant impact on coastal morphology, marine 
ecosystems, and human livelihoods. Accurately measuring these sediment discharges has long been a challenge. 
Traditional in-situ methods fall short of providing comprehensive and continuous assessments of sediment dy
namics due to spatiotemporal and economic constraints. While remote sensing techniques using satellite imagery 
have offered valuable insights into sediment transportation and deposition, their scope is primarily restricted to 
observing suspended sediment loads rather than total loads. Sediment accumulation at river margins will cause 
gravity increases observable by the Gravity Recovery and Climate Experiment (GRACE) and GRACE Follow-On 
(GFO) missions. Previous efforts to observe sediment signals lacked proper corrections for various GRACE/GFO 
issues, including leakage of signals from surrounding land, variations in nearby ocean mass, and noise levels that 
typically exceed sediment signal magnitudes. In this study, we develop a new approach to obtain a satellite 
gravity estimate of sediment accumulation along the Amazon coast where the largest amount of sediment 
deposition is expected. We address limitations in previous studies using three steps: Forward modeling to sup
press leakage of signal from land to oceans; adjusting ocean mass change via the sea level equation; and filtering 
using empirical orthogonal functions. The estimated accumulation rate of sediment on the Amazon continental 
shelf is approximately 1301 Mtons per year for the period June 2002 to May 2023. This estimate is slightly higher 
than the results from field-based studies, which fall in the range 550 to 1030 Mtons per year.

1. Introduction

Coastal areas are dynamic zones of mass exchange, characterized by 
complex interactions across diverse temporal and spatial scales. This 
variability is especially evident near river mouths, where freshwater and 
sediments are transported from land to oceans. As sedimentation rates in 
these regions significantly alter their surrounding environments, precise 
measurement is crucial for enhancing our understanding of surface 
processes and landscape dynamics. Improved monitoring of sediment 
transport provides valuable insights into its impact on coastal 
morphology, ecological systems, and sedimentary processes.

Total sediment discharge from rivers in lower latitudes was esti
mated to be approximately 20 Gtons/yr (Milliman and Syvitski, 1992). 
Table 1 summarizes a number of studies for the 10 largest rivers, many 
completed in the pre-GRACE (Gravity Recovery and Climate Experi
ment) era. Most studies have used in-situ data, such as measurements 
from sediment gauges, acoustic backscattering, seismic profiles, and 
piston coring (Armijos et al., 2017; de Oliveira et al., 2021; Simpson and 
Oltmann, 1993; Alexander Jr et al., 1986; Kuehl et al., 1982). Such data 
are sparse in both space and time, motivating the use of satellite ob
servations. For example, Martinez et al. (2009) quantified the annual 
discharge of Amazon River sediments from the Moderate Resolution 
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Imaging Spectroradiometer (MODIS) reflectance calibrated by field 
data. Satellite measurements from optical imagery provide estimates of 
suspended sediment loads, but total discharge is not well constrained.

GRACE and GRACE Follow-On (GFO) observations provide direct 
measures of near-surface mass change. Here we develop an approach to 
use these data to estimate changes in continental shelf sediment mass. 
Since the launch of GRACE in March 2002, GRACE and GFO have played 
a pivotal role in examining various mass change signals, including ice 
mass loss, sea level rise, groundwater depletion, drought and flood 
events, and solid Earth deformation (Tapley et al., 2019; Chen et al., 
2022). Recent studies have attempted to identify GRACE/GFO signals 
associated with sediment transport and deposition associated with large 
rivers (Mouyen et al., 2018; Chang et al., 2019). However, the relatively 

small spatial scales and magnitudes of sediment signals require that 
other gravity change signals must first be removed. Limited spatial 
resolution (~300-400 km) of GRACE/GFO data leads to spatial leakage 
so that coastal zone/continental shelf signals are a mixture of signals 
from nearby sources. In coastal areas the largest contamination is likely 
from water mass change over both land and oceans. Additional 
contamination comes from GRACE/GFO noise.

Previous GRACE/GFO sedimentation studies attempted to correct for 
problems outlined in the previous paragraph. Mouyen et al. (2018)
obtained GRACE estimates of sediment discharge from 13 large rivers, 
and compared these with in-situ data. Hydrological model data were 
used to correct for spatial leakage from adjacent land, but no corrections 
were made for ocean mass increase that would be primarily due to 
terrestrial ice melting. Chang et al. (2019) estimated sediment discharge 
of the Yangtze River into the East China Sea, using a forward-modeling 
land leakage correction, and a regional ocean mass correction using 
satellite altimetry and steric (volume expansion) data.

In this study, we develop an estimate for the Amazon based upon 
GRACE/GFO satellite gravity data. Because seasonal variations are 
probably not well resolved by GRACE/GFO (e.g., Mouyen et al., 2018), 
we focus on estimating the long-term sediment accumulation rate. 
Table 1 shows that both the Amazon and Ganges-Brahmaputra signals 
are large in magnitude and probably more detectable using GRACE/GFO 
relative to other rivers. But the Amazon has certain advantages: (1) no 
significant solid Earth change processes are nearby, such as tectonic 
activity and Glacial Isostatic Adjustment (GIA), and (2) the deposition 
site is known to be relatively near the river mouth (Nittrouer et al., 
1995), creating a spatial pattern distinct from other mass change con
tributions. In contrast, the Ganges-Brahmaputra River deposits sediment 
over a broad area due to regional ocean dynamics and the complexity of 
river channels along the coast (Paszkowski et al., 2021), and there are 
co- and post-seismic signals from nearby subduction zone earthquakes 
(Chen et al., 2007; Han et al., 2006; Han et al., 2015).

Section 3 explains how water mass changes on both land and oceans 

Table 1 
Estimated sedimentation rate for the 10 largest rivers in the world, many in the 
pre-GRACE era.

River Area 
×

106km2

Average Sediment 
Load 
× 109kg (Mtons)/yr

Data Base

1 Amazon 6.1 1200 Meade et al., 1985
2 Ganges- 

Brahmaputra
1.59 1060 Hossain data 

(unpub.)
3 Irrawaddy 0.43 260 Milliman and Meade, 

1983
4 Magdalena 0.24 220 Milliman and Meade, 

1983
5 Mississippi 3.3 210 Meade et al., 1990
6 Godavari 0.31 170 Biksham and 

Subramanian, 1988
7 Yangtz 1.9 154 Wang et al., 2011
8 Huanghe 

(Yellow)
0.77 150 Wang et al., 2006 and 

2007
9 Orinoco 0.99 150 Meade pers. comm.
10 Mekong 0.79 160 Milliman and Meade, 

1983

Fig. 1. The geomorphological domain of the Amazon basin with the sediment routing system. (OBI: Óbidos station, data collection from Nittrouer et al., 1995).
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were estimated from GRACE/GFO data. After removing these, the 
sediment discharge signal should remain plus noise. We applied 
empirical orthogonal function (EOF) analysis for signal separation. 
Filtered signals using cyclostationary EOF (CSEOF) and rotated EOF 
(REOF) techniques provide estimates of sedimentation rate in close 
agreement with estimates from in-situ data.

2. Amazon regional geography

The Amazon basin is the world’s most extensive drainage system, 
with an area of about 5,900,000 km2 (Callede et al., 2010), over latitude 
5◦N to 20◦S and longitude 80◦W to 50◦W. Fig. 1 illustrates topographic 
and sedimentary features, including three main geomorphological 
components and their areal extent: the Andes (25 %), Guiana and Bra
zilian Shields (51 %), and the Central Plain (24 %). The Andes, in the 
west, feature an active orogenic zone and two foreland basins, and serve 
as the primary sediment source. The Guiana and Northern and Southern 
Brazilian Shields are a secondary sediment source. In the center of the 
Amazon basin, the Central Plain is a large sedimentary basin channel
ized by the Amazon River and its tributaries, transporting sediments 
from the Andes and the shields (Moquet et al., 2016).

The Amazon River channel annually discharges around 2.3 to 3.1 
Gtons of sediments along with 6.5 to 6.6 × 1012 m3 of water mass from 
the highlands (Dai and Trenberth, 2002; Callede et al., 2010). However, 
only 1.1 to 1.3 Gtons pass through the Óbidos station in the lower 
Amazon River, with the rest dispersed across floodplains and levees of 
the central plain (Aalto et al., 2006; Rudorff et al., 2014; Nittrouer et al., 
2021). A portion, approximately 550–1030 Mtons, passing through the 
Óbidos station, arrives at the river margin and is deposited offshore 
(Nittrouer et al., 1995). The sediment discharge of the Amazon River 
shows annual variations, increasing during a wet season from March to 
August and decreasing during a dry season from September to February 
(Moquet et al., 2016). A previous study estimated the peak-to-peak 
annual variation below 0.1 Gtons (Mouyen et al., 2018). This would 
be difficult to observe with GRACE/GFO, so our focus is on estimating a 

sediment-related linear trend over about two decades.

3. Data and methods

3.1. GRACE/GFO level-2 processing

We used GRACE/GFO RL06 level-2 solutions from the Center for 
Space Research (CSR), from June 2002 to May 2023. Data are absent 
from June 2017 to May 2018 between GRACE and GFO missions. The 
RL06 level-2 solutions are provided as fully normalized gravity spherical 
harmonic (SH) coefficients up to degree and order 96. As in previous 
GRACE/GFO studies, we replaced degree-2 order-0 (ΔC20) and degree-3 
and order-0 (ΔC30) coefficients with Satellite Laser Ranging (SLR) values 
(Loomis et al., 2019), and removed GIA using the ICE6G-D model 
(Peltier and Argus, 2018). GRACE/GFO longitudinal stripe noise was 
reduced using a combination of a decorrelation filter and a 400 km 
Gaussian smoothing filter (Swenson and Wahr, 2002; Swenson and 
Wahr, 2006). The decorrelation filter fits spurious patterns of SH even or 
odd coefficients at a given degree using polynomials and removes them. 
The Gaussian filter is designed to suppress spatially high-frequency 
features in GRACE/GFO data (Wahr et al., 1998). By averaging values 
at each spatial point with those of its neighbors within a specified radius 
(in this case, 400 km), this filter effectively passes larger-scale signals in 
the GRACE data. A 300–400 km averaging radius is commonly used in 
GRACE/GFO studies. These filtering steps lower GRACE/GFO spatial 
resolution and increase spatial leakage, so the surface mass change es
timates (in kg/m2 unit) are a combination of smoothed signals from 
various sources (Wahr et al., 1998). We denote smoothed GRACE/GFO 
surface mass change as ΔMT.

3.2. Mass change sources contributing to ΔMT

Terrestrial surface mass change signals (denoted as ΔML) are present 
in ΔMT due to spatial signal leakage in coastal regions. ΔML is mostly 
associated with water mass variations within the adjacent Amazon 
basin. Ocean mass variation (ΔMO) also contributes. It is governed by 
gravitational attraction, surface load deformation, and ocean mass 
changes from regional and global sources. After correcting both water- 
related contributions (ΔML and ΔMO) from ΔMT , the residual should 
include the sediment accumulation signal (ΔMS), the object of this 
study. Hence, we decompose the GRACE-derived mass changes ΔMT at 
the Amazon River continental margin as: 

ΔMT = ΔML +ΔMO +ΔX. (1) 

where ΔX represents the residual signals of ΔMT after correcting the 
water-related signals of ΔML and ΔMO. ΔX is the sum of our target signal 
ΔMS and noise Δe: 

ΔX = ΔMS +Δe. (2) 

Δe may arise from GRACE/GFO error (e.g., residual longitudinal 
stripe noise), errors in geophysical models used in GRACE/GFO data 
processing, and errors in ΔML and ΔMO (estimates).

All contributions in Eq. (1) have spatial scales associated with the 
filtering used to obtain ΔMT. ΔML is expected to be the largest 
contaminating source in the coastal region. When using globally 
smoothed solutions such as ΔMT, it is difficult to separate relatively 
small signals like ΔMS from the likely stronger leakage ΔML. We used 
GRACE/GFO signals over land before and after Gaussian smoothing to 
estimate ΔML. Prior to the final step of Gaussian smoothing, there is 
evidence of residual longitudinal stripe noise (implying imperfection of 
the decorrelation filter), but spatial leakage is less evident. Then we 
apply 400 km Gaussian smoothing to estimate ΔML as that signal which 
is now located offshore. This should provide a reasonable estimate of 
leakage into the oceans from ΔMT , with perhaps some error. The re
sidual leakage in ΔML might still be an important source of uncertainty 

Fig. 2. (a) Schematic illustration of mass contributors near the Amazon coast 
and (b) flowchart of GRACE/GFO data processing. (FM: forward modeling, SLF: 
sea level filter-resulting from applying the sea level equation).
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in sedimentation studies at river margins using GRACE/GFO, and would 
contribute to Δe. However residual leakage will be correlated with 
temporal and spatial variability of terrestrial water storage change in 
adjacent areas and should have a spatial pattern that differs from the 
sedimentation signal. As a result, the residual leakage can be separated 
via EOF analysis and filtering as detailed in Section 3.3 below.

An additional, and possibly important, contributor to Δe may be 
uncorrected residual effects of ocean dynamics and tides (Han et al., 
2004; Shihora et al., 2022). In the monthly samples of GRACE/GFO 
data, the effects of ocean tides and ocean bottom pressure, including 
barometric pressure, are corrected using models. However, residual ef
fects of ocean dynamics and tides may remain in ΔMT. These residuals 
can be also effectively identified and separated using EOF analysis and 
filtering.

Previous studies estimated ΔMS from GRACE data after correction of 
ΔML and ΔMO by using hydrological models (Mouyen et al., 2018) and 
satellite altimetry data after correction for steric effects (Chang et al., 
2019), respectively. In this study, we directly estimated ΔML and ΔMO 
from GRACE/GFO data to enhance the accuracy of the estimation. We 
estimated ΔMO using global forward modeling (FM) (Chen et al., 2013) 
to find total water mass change over land, and then distributed the 
negative of this quantity over the oceans using the sea level equation 
(SLE) (Farrell and Clark, 1976). FM finds water and ice mass changes 
over land by suppressing signal leakage into the oceans. The algorithm 
iteratively smooths and updates mass changes over land until the solu
tion converges to a land-only ΔMT . Each iteration update is the differ
ence between successive smoothed solutions.

The SLE creates spatially-variable ocean mass changes (whose total is 
the negative of ΔMT) by requiring that the sea surface conforms to a 
changed geoid. Land mass change may arise from both water/ice and 
sedimentation, so estimated ocean mass changes using the SLE ought to 
include a sediment effect. However, considering the total amount of 
sedimentation in Table 1, the contribution to sea level change would be 
about 0.01 mm/yr, negligible compared to water and ice mass contri
butions to sea level rise, about 2.07 mm/yr (Kim et al., 2019). Conse
quently, it is reasonable to use the SLE considering only terrestrial water 
and ice mass changes. Estimates using this method have been found to 
be consistent with other sea level change observations, such as altimetry 
and steric sea level changes (Jeon et al., 2021).

The final estimate of ΔMO is found by applying 400 km Gaussian 
smoothing to the ocean mass change estimate. Fig. 2(a) and 2(b) illus
trate schematically ΔMT at the Amazon River outlet and GRACE/GFO 
data reduction flow charts, respectively.

Fig. 3 shows mass trend maps of ΔMT, ΔML, ΔMO, and ΔX during the 
entire period June 2002 to May 2023. Fig. 3(a) shows the trend of ΔMT, 
long-term surface mass changes from ordinary post-processing of 
GRACE data. The Amazon coast shows an increase in mass, likely to be 
signal leaking from water mass increasing within the Amazon basin. The 
trend of ΔML estimates, the difference between smoothed and un
smoothed GRACE/GFO data, is shown in Fig. 3(b). The FM algorithm 
and SLE computation provide the ΔMO estimates, and their trend map is 
shown in Fig. 3(c). All values used in subpanels 3(a) to 3(c) were 
smoothed using a 400 km Gaussian filter.

After computing and subtracting ΔML and ΔMO, we obtain residual 
changes ΔX, the trend map of which is shown in Fig. 3(d). ΔX may 
contain various errors Δe. For example, in some regions, there will be 
earthquake-related signals (e.g., associated with large events near 
Sumatra and Japan) and GIA model errors (likely evident around the 
Antarctic Peninsula), but these are not likely to be important near the 
Amazon. Longitudinal stripe noise is evident over much of the globe and 
also the Amazon coast, which is likely due to the combined effect of the 
GRACE/GFO orbit configuration and errors in ocean dynamic and at
mospheric pressure models used in GRACE/GFO processing. Further 
temporal-spatial filtering using EOF methods is required to suppress 
errors in ΔX.

3.3. Estimation of the sedimentation signal via EOF methods

Subtracting ΔML and ΔMO monthly estimates from ΔMT results in 
ΔX from June 2002 to May 2023. ΔX is evaluated on a 1◦×1◦ grid within 
the red box shown in Fig. 3(d), from 20◦N to 10◦S latitude and 60◦W to 
25◦W longitude, which covers 31×36 grid points. Prior to EOF filtering, 
we excluded values that fell outside three standard deviations (3σ) of the 
time series at each grid point and linearly interpolated values from 
adjacent months to replace them. Residual land leakage contaminating 
ΔX is likely dominted by seasonal variability, so we then subtracted 
seasonal sinusoids from each grid value in ΔX. A total of 240 monthly 
samples is available at each grid point, creating a space-time dataset 

Fig. 3. Global trend maps of mass change estimates over a 21-year period (June 2002 – May 2023). The figures show trend maps for the following variables: (a) ΔMT , 
total mass changes; (b) ΔML, land mass changes; (c) ΔMO, ocean mass changes; and (d) ΔX representing ΔMT − ΔML − ΔMO. The red box that covers latitudes 20◦N 
to 10◦S and longitudes 60◦W to 25◦W shows our study area. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)
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with a gap between GRACE and GFO missions.
EOF methods are widely used for decomposing space-time data to 

find underlying spatial and temporal characteristics (Navarra and 
Simoncini, 2010). A diverse range of techniques based on EOF concepts 
has been developed. Here, we sequentially applied CSEOF and REOF 
methods on ΔX to separate signal (ΔMS) from errors (Δe). As mentioned 
earlier, ΔX may still contain errors correlated with temporal and spatial 
variability of other geophysical sources, which persist despite previous 
data processing.

To remove these errors that do not share the geophysical processes of 
ΔMS, we first applied the CSEOF method to ΔX (Kim et al., 2015). In the 
context of our GRACE data corrections, we hypothesize that Δe pri
marily shows spatially correlated patterns with greater temporal varia
tions than seasonal changes. In contrast, ΔMS is anticipated to display a 
stable spatial configuration, either remaining constant or evolving 
gradually over time (Eom et al., 2017a, 2017b). To effectively differ
entiate between these patterns, we employ the CSEOF method, which is 
specifically designed to identify temporally evolving spatial patterns in 
geophysical processes (Kim, 2017). For the CSEOF decomposition for 
our space-time dataset ΔX(x, t), we first consider the standard form of 
EOF decomposition: 

ΔX(x, t) =
∑

l
El(x)Zl(t) (3) 

where x and t denote grid position and time step, respectively. The 
subscript l is the mode index. El(x) represents the spatial pattern or 
loading vector for the l-th mode. The set of El(x) comprises eigenfunc
tions derived from the covariance of ΔX(x, t). The temporal variation of 
each mode is described by principal component, Zl(t). According to the 
nature of an eigenproblem, the Els are orthogonal to each other, and the 
corresponding Zls are also uncorrelated with each other.

The conventional EOF decomposition assumes stationarity of 
ΔX(x, t), hence that its covariance is time independent. Space-time 
dependence in geophysical data, therefore, can be better understood 
using CSEOF which considers periodic (i.e., cyclostationarity) data. 
CSEOF decomposes ΔX(x, t) as follows: 

ΔX(x, t) =
∑

n
EC

n (x, t)Z
c
n(t) (4) 

where subscript n is the CSEOF mode index and Ec
n(x, t) represents the 

cyclostationary loading vectors (CSLV) with periodic evolution with a 
nested period of d, that is, Ec

n(x, t) = Ec
n(x, t + d). Zc

n(t) is the corre
sponding time series of each principal component (PC). Considering the 
dominant periodicity of Earth system, we selected a nested period d to be 
12 months as in many previous studies (Kim et al., 2020; Kim et al., 

2015; Hamlington et al., 2011). Therefore, CSEOF decomposition at 
each mode represents the spatial and temporal evolution over 12 
months, with amplitudes modulated by Zc

n throughout the entire study 
period (June 2002 to May 2023).

A detailed explanation for computing CSLV and PC can be found in 
Kim and North (1997). Here we briefly review procedures for the CSEOF 
decomposition. Due to the computational cost of handling space-time 
dependent covariance, applying El(x) and Zl(t) from the standard EOF 
is practically useful in the CSEOF decomposition. For the preparatory 
steps, we first selected the 94 leading modes of the EOF accounting for 
more 99.9 % of the variance of ΔX, and computed the local Fourier 
coefficients of Zl(t), al,k(t), using a windowed spectral analysis (Gardner, 
1994; Kim and North, 1997): 

al,k(t) =
∫ ∞

− ∞
w(t − τ)Zl(τ)exp

(

−
2πikτ

d

)

dτ (5) 

where w(t) is the spectral window defined as sin(πt/d)/πt. As discussed 
above, d is set to 12, representing one calendar year. The frequency 
parameter, k, is an integer with a maximum value of d/2 determined 
based on the Nyquist frequency for our monthly data. Zl(t) can be 
directly applied for the CSEOF, but Fourier analysis is suitable for 
obtaining the periodicity of the data and is additionally useful for 
reducing computational cost.

Similar to El(x) in Eq. (3), Ec
n(x, t) in Eq. (4) is obtained by solving an 

eigenproblem for the space-time covariance of ΔX(x, t) considering the 
nested period of d. The size of this covariance kernel is, therefore, 
d squared times larger than that of the standard EOF case, requiring 
substantial computational resources. Instead of dealing with such a large 
kernel, we can efficiently conduct the same CSEOF analysis in both EOF 
space and in the spectral domain (Kim et al., 1996; Kim and North, 
1997). Through the preparatory data processing, we constructed a much 
smaller kernel using 7 sets of the local Fourier coefficients (al,k(t)) for 
each 94 Zls. Using the space-time covariance constructed by al,k(t), an 
eigenvector bn(l, k) at a given frequency parameter, k, for the l-th EOF 
mode can be obtained. Therefore, CSLVs for n-th mode in Eq. (4) are 
given as follow: 

Ec
n(x,M) =

∑

l
El(x)

∑

k
bn(l, k)exp

(
2πik

d
M
)

(6) 

where M is a monthly index in a canlendar year. Similarly, PC time series 
for n-th mode can be obtained as: 

Zc
n(t) =

∑

l

∑

k
bn(l, k)al,k(t). (7) 

The decomposition of ΔX using Eq. (4) provides the set of CSEOF 
modes, and ΔMS contributions are likely included within a few leading 
modes. We selected those CSEOF modes for ΔMS based on the confi
dence limit of each mode. The confidence interval Δλn of an EOF mode is 
defined by (North et al., 1982): 

Δλn = λn
̅̅̅̅̅̅̅̅̅̅̅
2/N*

√
(8) 

where λn represents the eigenvalue of the n-th mode, and N* is the 
number of degrees of freedom, equal to the total number of temporal 
samplings minus one. The Δλn values usually have distinct intervals 
when the mode is well decomposed. Using λn and Δλn, we selected a few 
leading CSEOF modes as the filtered data set, ΔXʹ.

The reconstructed field, ΔXʹ, obtained from the CSEOF may still 
contain residual noise. The ΔMS contribution is expected to exhibit a 
distinct spatial distribution near the river mouth, unlike Δe. To isolate a 
single mode confined to the coastal area, we additionally employed the 
REOF method, allowing us to separate residual errors from ΔXʹ 

(Richman, 1986; Hannachi et al., 2007). Since this technique utilizes the 
spatial modes decomposed by the conventional EOF, we applied Eq. (3)
to ΔXʹ again and selected the first two modes for ΔXʹ́ . Two modes used in 

Fig. 4. Eigenvalues (λn) of each CSEOF mode with confidence limit (Δλn). The 
proportions of the total variance explained by fractional (gray curve with dots) 
or cumulative eigenvalues (red curve with dots) are additionally provided. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)
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ΔXʹ́  were rotated based on the VARIMAX criterion (see Eqs. (4) and (5)
in Eom et al., 2017a, 2017b). The method adjusts the EOF spatial pat
terns to maximize variances at grid points, resulting in the new rotated 
frame. As a result, ΔXʹ́  can be represented as follows: 

ΔXʹ́ (x, t) =
∑

k
ER

k (x)Z
R
k (t) (9) 

where ER
k (x) is the k-th REOF spatial mode rotated from its original EOF 

mode. Because the VARIMAX method preserves the orthogonality of 
spatial modes during rotation, the corresponding PC time series, ZR

k (x), 
are simply given by projections of ER

k on ΔXʹ. After consecutively 
applying CSEOF and REOF analysis, the majority of variances associated 
with the anticipated ΔMS signals are concentrated into one of the REOF 
modes. Then, we estimated the sediment accumulation rate of the 
Amazon River based on the ΔMS-dominated REOF mode.

4. Results

4.1. CSEOF-REOF reconstruction

Using the CSEOF method in Eq. (4), we decomposed the residual 
GRACE/GFO signalΔX, which contains the Amazon sediment accumu
lation signals and various error contributions. Eigenvalues (λn) and their 
confidence limits (Δλn) of the CSEOF modes show that the first three 
modes are relatively well-separated, while the subsequent modes are not 
in this case (Fig. 4). The explained variances of the CSEOF modes from 1 
to 3 are about 37.99 % (19.51 %, 9.55 %, and 8.94 %, respectively), and 
the monthly CSLVs (EC

n ) and the PC time series (ZC
n ) for them are shown 

in Supplementary section (Fig. S1, S2, and S3). These three modes 
exhibit apparent local pattern near the Amazon River mouth, possibly 
associated with sediment accumulation. Higher modes tend to lack ex
pected patterns for sediment deposition with lower explained variance. 
Overall, the CSEOF approach appears to be able to separate noise (mode 
4 and higher) from ΔX. We took modes 1, 2, and 3 to be signal modes for 
further analysis.

Fig. 5. EOF results for ΔXʹ. (a) PC timeseries (Z1) and (b) spatial pattern (E1) of EOF mode 1. (c) PC timeseries (Z2) and (d) spatial pattern (E2) of EOF mode 2. The 
explained variance of each mode is provided in (a) and (c).

Fig. 6. REOF results for EOF modes 1 and 2 in Fig. 5. (a) PC timeseries (ZR
1 ) and (b) spatial pattern (ER

1 ) of REOF mode 1. (c) PC timeseries (ZR
2 ) and (d) spatial pattern 

(ER
2 ) of REOF mode 2. The explained variance of each mode is provided in (a) and (c). The 190 Gy circle points in (a) are sample data within the standard deviation 

(dashed lines) of the ZR
1 (trend).
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ΔXʹ is the sum of contributions of the first three CSEOF modes, but 
probably retains significant error contributions such as residual GRACE/ 
GFO stripe noise. We applied conventional EOF decomposition to ΔXʹ 

and found the two leading EOF modes with significant explained vari
ance contained signals with expected ΔMS-behavior as in Fig. 5. 
Explained variances of modes 1 and 2 account for about 42.05 % and 
23.53 %, respectively. For mode 2, the E2 pattern (Fig. 5(d)) exhibits a 
relatively-well concentrated signal at the Amazon coast indicating that it 
contains much smaller noise contributions. Mode 1 is dominated by 
longitudinal stripe errors (Fig. 5(b)) with a large linear trend and inter- 
annual variability (Fig. 5(a)). Particularly in the E1 pattern, we see a 
positive stripe at about 53◦W longitude extending to the river mouth, 
probably indicating ΔMS contribution to mode 1. Considering that the 
explained variance of EOF mode 1 is almost 2 times larger than mode 2, 
a ΔMS contribution to mode 1 may be substantial.

The rotated spatial functions based on E1 and E2 indicate an 
enhanced signal separation in Fig. 6. There is increased explained 
variance of the rotated mode that (by its spatial pattern) is expected to 
be dominated by ΔMS. The rotated spatial pattern ER

1 shows a clear 
circular-shape positive signal located at the Amazon River mouth. These 
REOF results suggest good signal separation of ΔMS from error contri
butions in ΔXʹ. Consequently, we take REOF mode 1 to be the contri
bution of ΔMS due to Amazon sediment accumulation. In the presence of 
high-frequency noise, the time series associated with REOF mode 1 (i.e., 
ZR

1 ) shows an apparent positive trend of 7.6 ± 4.7 kg/m2/yr with a 95 % 
confidence interval (p = 0.004). The trend is likely biased from the 
noise, necessitating further suppression. We removed values from the 
time series that were larger than the standard deviation relative to the 
assumed positive trend (7.6 kg/m2/yr). This procedure retained 190 out 
of the original 240 values as shown in Fig. 7. After suppressing the 
apparent outliers, the estimated trend was reduced to 5.5 ± 2.7 kg/m2/ 

yr. The expected sediment-related spatial pattern of ER
1 and the positive 

trend of ZR
1 are fully consistent with a steady mass increase near the 

Amazon river mouth.

4.2. Sedimentary accumulation rate at the Amazon coast

Using REOF mode 1 spatial pattern (ER
1 ) and the trend of 5.5 ± 2.7 

kg/m2/yr obtained from ZR
1 , surface mass change trends at grid points 

for June 2002 to May 2023 were estimated (Fig. 8). Most grid points 
except near the Amazon River mouth region have small values, probably 
associated with uncorrected error after the data reduction sequence. The 
Amazon coast and shelf area exhibit noticeable mass increase rates of 
approximately 1 kg/m2/yr. Further, we see that the center of the mass 
increase in Fig. 8 is slightly skewed to the northwest from the river 
mouth, consistent with a predicted sedimentation area extending 
northwestward due to local current transport (Anthony et al., 2013; 
Molinas et al., 2020).

The mass fields across the entire region depicted in Fig. 8 can be 
aggregated to estimate the total sediment accumulation of the Amazon 
River. This approach is effective because the REOF analysis is designed 
to isolate sedimentation signals near the river mouth, while minimizing 
residual noise from other areas. Using this method, we obtain an esti
mate of 619 ± 294 Mtons/yr.

Alternatively, the total mass increase can be estimated by summing 
all smoothed signals within a few hundred kilometers of the source, 
including some land areas. To differentiate between signal and noise, we 
first estimated the standard deviation (1σ) of the background noise 
outside the regions outlined in the gray box, which is large enough to 
encompass the smoothed and attenuated sedimentation signals. 
Assuming a normal distribution for the noise, we defined values greater 
than 3σ (0.14 kg/m2/yr) as sediment signals. The gray dots in Fig. 8
represent noisy grids. The total sedimentation signal from the grids, 
excluding the dotted regions, was calculated by multiplying the grid 
area (m2) by the surface density (kg/m2), yielding an estimate of 678 ±
322 Mtons/yr. We also applied the same procedure to estimate sediment 
accumulation in different study regions including the Amazon river 
outlet. Examples of these analyses are presented in Figs. S4-S6, which 
yield similar sedimentation estimates.

Fig. 8, however, illustrates the apparent sedimentation signal asso
ciated with the density contrast between sediment (~2500 kg/m3) and 
seawater (~1000 kg/m3) (Mouyen et al., 2018). Therefore, correcting 
for this density contrast is necessary to accurately determine the sedi
mentation signal. We multiplied the factor 1.6 (calculated as 2500/ 
(2500–1000)) with the apparent estimate of 678 ± 322 Mtons/yr, 
resulting in a value of 1084 ± 515 Mtons/yr. This estimated total 
sedimentation rate of 1084 ± 515 Mtons/yr is likely still an underesti
mate of the actual value due to the limited spatial resolution of the 
GRACE/GFO data. The distribution shown in Fig. 8 represents a 
smoothed and attenuated version of the likely true sediment accumu
lation signal.

The impact of this underestimation is clearly illustrated through a 
synthetic test. In Fig. 9(a), we distributed appropriate mass values based 
on in-situ coring data from Kuehl et al. (1982), which report annual 

Fig. 8. Apparent annual mass accumulation rate at the Amazon coast. The gray 
dots represent areas below the noise level of 0.14 kg/m2/yr. Areas without gray 
dots exceed this noise level, indicating that they contain sediment-related mass 
changes distinct from the background noise.

Fig. 7. Reduced PC timeseries of REOF mode 1 (ZR
1 ) and its trend after removing outliers.
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accumulation rates for the Amazon continental shelf, estimating sedi
mentation at 900 Mtons/yr. Fig. 9(b) displays the apparent mass dis
tribution after applying a 400 km Gaussian smoothing to the grid values 
in Fig. 9(a). These smoothed mass fields exhibit a spatial pattern very 
similar to our results in Fig. 9(d) (which is analogous to Fig. 8 but uses a 
different colour scale, accounting for the density contrast between 
sediment and seawater), validating our estimate of sedimentation 
deposited by the Amazon River. The total sedimentation rate from the 
smoothed synthetic data in Fig. 9(b) for the same region selected for the 
sedimentation signal in Fig. 8 (indicated by the dotted red curve) is 
estimated to be about 767 Mtons/yr, lower than the original synthetic 
value of 900 Mtons/yr due to the smoothing effect. This underestimation 
can be corrected by applying a scaling factor (Landerer et al., 2012) of 
1.2 (approximately 900/767) to the synthetic mass field in Fig. 9(a). 
Similarly, we applied the same scaling factor to the apparent sedimen
tation accumulation rate of 1084 ± 515 Mtons/yr, yielding a final 
annual sedimentation accumulation rate at the Amazon River mouth of 
1301 ± 618 Mtons/yr.

4.3. Mass loss within the Amazon basin

Basin-scale hydrological mass changes from GRACE/GFO usually 
neglect mass loss due to continental weathering, erosion, and riverine 
sediment removal. The approach in this study provides a method to 
include this missing term in regional hydrological mass change esti
mates. Fig. 10(b) represents two different long-term trend estimates of 
the regional mass budget over the Amazon basin shown in Fig. 10(a). 
The gray line in Fig. 10(b) indicates a total mass trend estimated from 
leakage-corrected GRACE/GFO observations using the FM algorithm, 
showing a basin-scale trend of approximately 13.65 ± 6.15 Gtons/yr, 
reflecting both changes in total water storage and sedimentary mass 
changes over the basin. Adjusting this value using our estimate of 
sediment loss leads to a revised water mass change of about 14.95 ±
6.18 Gtons/yr (black), about 9.5 % larger than the observed value.

5. Discussion

Our estimate of 1301 Mtons/yr in the Amazon annual sedimentation 
is higher than previous estimates based on in-situ sedimentation coring, 
about 900 Mtons/yr (Kuehl et al., 1982). This difference can be attrib
uted to uncertainties in both the coring data and satellite gravity ob
servations, and may also stem from differing sampling periods. The 
accumulation rates at the coring points ranged from 0.1 to 2 cm/yr, so a 
typical 50 cm core contains sediments deposited over at least the last few 
decades and perhaps up to several centuries. However, Martinez et al. 
(2009) found suspended sediment discharge was approximately 688 
Mtons/yr before 2001 but afterwards increased to 801 Mtons/yr. In
clusion of bed load would raise the total discharge rate beyond these 
figures. Our larger estimate is consistent with an increasing sediment 
accumulation rate which is not likely to be represented by in-situ coring 
estimates.

Residual stripe noise in reduced signals (ΔX) have contributions 
correlated with adjacent mass change signals, allowing effective sepa
ration by CSEOF decomposition. We conducted a test with synthetic data 
to show that the correlated nature of GRACE/GFO stripe noise was key 
to allowing separation of signal from noise. The synthetic data set 
included soil moisture from GLDAS (Global Land Data Assimilation 
System) (Rodell et al., 2004), FM-based GRACE/GFO values over 
Antarctica and Greenland, an Amazon River sedimentation signal of 
1301 Mtons/yr, and spatially un-correlated synthetic noise. The syn
thetic noise consisted of normally-distributed random numbers, scaled 
to the GRACE/GFO SH degree spectrum. CSEOF decomposition did a 
poor job of separating signal from noise due to the lack of spatial and 
temporal correlation in the noise (Fig. S7). Thus, CSEOF analysis should 
be useful in other geophysical problems where small signals are to be 
separated from GRACE/GFO stripe noise.

We noted earlier that the Amazon sediment accumulation problem 
was well suited to GRACE/GFO analysis due to a lack of other major 
signals (earthquakes, GIA) which may be comparable in size to 

Fig. 9. Field-based synthetic test. (a) Mass distribution on the Amazon continental shelf. The total input mass of 900 Mtons/yr, weighted by 1, 10, 15 or 20 at grid 
points according to the accumulation rate (Fig. 8 in Kuehl et al., 1982). (b) 400 km Gaussian smoothing of (a), using the same colorbar as in (d). (c) Similar to (b) 
after applying a scale factor of 1.2 to (b). (d) The GRACE-derived accumulation rate of the Amazon sediments.

Fig. 10. Basin-scale mass trend over the Amazon basin with and without considering sediment discharge effect. (a) The domain of the Amazon basin. (b) Basin-scale 
mass trend from the leakage-corrected GRACE/GFO data (black) and the anticipated water-only contribution considering the mass loss effect inferred from the 
sediment discharge rate (gray).
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sedimentation in terms of trend rates. So additional effort would be 
required to use GRACE/GFO to estimate depositional rates for other 
major rivers such as the Ganges-Brahmaputra and Yangtze (e.g., Han 
et al., 2006; Han et al., 2015; Jeon et al., 2023). The Amazon also offers a 
compact depositional region, whereas the Ganges-Brahmaputra Rivers 
(second largest sediment supplier in the world-Table 1) deposit only 
about half its sediments on the continental shelf with the other half 
carried into the Indian Ocean (Islam et al., 1999; Paszkowski et al., 
2021).

Although gravity signals associated with sedimentation accumula
tion at other river margins are weak, it may become feasible to examine 
sediment accumulation rates for these rivers as satellite gravity missions 
extend with GFO and a future mission such as the Mass-Change and 
Geosciences International Constellation (MAGIC). The importance of 
extending the observational period is evident in Fig. S8. When the data 
period is reduced by half (10 years), the sedimentation trend is not 
significant, despite the spatial pattern distinctly highlighting the local
ized features along the river margin. Multi-decadal satellite gravity 
observations would provide insights into sedimentation processes in 
major river basins.

6. Conclusions

GRACE/GFO data have been used to estimate the long-term sediment 
accumulation rate at the Amazon River mouth. This has required first 
estimating water mass changes on both land and oceans from the 
GRACE/GFO data. After removing these we separated the residual into 
sedimentation and error signals via CSEOF and REOF methods leading to 
successful separation of the sedimentation signal localized along the 
Amazon coast. The total sediment accumulation rate was estimated to be 
1301 ± 618 Mtons/yr, slightly larger than results from previous in-situ 
studies. This mass loss can be used to adjust the GRACE/GFO mass trend 
over the whole Amazon basin, which is usually interpreted as due to 
water alone. The sediment mass loss is about 9.5 % of the basin-scale 
total mass trend inferred from GRACE/GFO.

Our estimation methods employ techniques used routinely in 
geophysical studies, considering spatial leakage of signal, application of 
the sea level equation, and EOF analysis. The combination of these 
techniques shows that it is possible to estimate a relatively small sedi
mentation signal, and to identify the sedimentary contribution which 
accounts for 12.6 % of the regional GRACE/GFO mass trend near the 
river mouth. Careful attention to and application of similar processing 
methods should enable the estimation of new signals within GRACE/ 
GFO data.
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