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Surface water storage in dammed reservoirs diminishes over time due to
sediment accumulation. Here, we applied the RATTES model to predict sto-
rage loss and sedimentation at 57,117 reservoirs across the continental United
States (1700-2050), resulting in cumulative reservoir sediment volumes of
63.8 km® by 2025 and 83.0 km? by 2050. Although cumulative storage loss is
7.7%, over two-fifths of reservoirs have lost more than 25% of designed storage
capacity. The equivalent sediment mass is 61.3 Gt, exceeding the annual global
fluvial sediment load by a factor of seven. If coastal deltas received the annual
sediment load currently stored in reservoirs, delta aggradation rates would be
comparable to eustatic sea-level rise at half of US deltas. While 79% of reservoir

sediment is stored over 500 km from the coast, 7% is sequestered behind
terminal dams where sustainable sediment management could reconnect
sediment transport to coasts.

Dams impound surface water reservoirs that also trap sediment
transported from upstream basins. Sediment accumulation within
reservoirs over time reduces their capacity to store water for irrigation,
flood control, hydropower, water supply, and recreation, and can
ultimately threaten dam operations and water security'>. Reservoir
sedimentation also diminishes sediment fluxes to downstream reaches
and coastal deltas. Sediment delivery to deltas has declined>** by as
much as 39% relative to pre-dam conditions’, starving many of the
world’s largest and most populated deltas of sediment®. Many deltas,
including the United States’ Mississippi River Delta, rely on fluvial
sediment to counter subsidence, erosion, and sea-level rise (SLR)*".
Nevertheless, projects that augment fluxes to coasts, such as dam
removal or sediment bypassing, remain rare", while many more global
dams are under construction or planned™.

Sediment trapping in reservoirs decreases water supply and
starves downstream delta systems®; despite these potential impacts,
sediment sequestration by reservoirs remains poorly constrained.
These uncertainties stem from (1) the complex sequence of dam
emplacement on stream networks through time, which impacts sedi-
ment routing and trapping, and (2) the historical focus on

sedimentation in large reservoirs, which has overlooked tens of
thousands of small headwater dams that intercept substantial sedi-
ment upstream*'*'°, These gaps previously limited the ability to pre-
dict remaining storage capacity for critical water services and to assess
the fate of coastal deltas under future change.

To address these uncertainties and data gaps, we create the
RATTES model to predict past and future water storage capacity and
sediment accumulation at 57,117 reservoirs across the contiguous
United States (hereafter US) from 1700 to 2050. RATTES integrates a
reservoir network dataset, ResNet?, a living dataset of US reservoirs
linked to National Hydrography Dataset flowlines (NHDPlusV2)*.
ResNet includes 44,766 headwater dams that function as important
sediment traps by disconnecting upstream sediment-contributing
drainage areas from larger downstream reservoirs. Using ResNet and
measured sedimentation survey data from 904 reservoirs (Supple-
mentary Data 1), we numerically model capacity and sediment storage
volumes as dams are constructed or removed, explicitly tracking
changes to the sediment-contributing drainage area (4,,), which is the
portion of drainage area that remains unregulated by dams. A, is a
key predictor of reservoir sedimentation shown to perform well in
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previous empirical studies'®?* >, Because the training data document
the total volume of sediment deposited within reservoirs, RATTES
estimates long-term basin sediment yields and cumulative sediment
storage rather than sediment fluxes within discrete river reaches.
Accordingly, the model does not represent point-source sediment
contributions from tributaries, landslides, river incision, or sediment
transport time lags*%. Notably, 357 of the surveyed sites are head-
water dams, typically excluded in previous reservoir sedimentation
studies”®, enabling representation of sediment trapping across the
majority of US water storage infrastructure, not just at large facilities.

Sedimentation within a reservoir is partly controlled by its dam
trapping efficiency, defined as the proportion of incoming river sedi-
ment that is deposited and retained within the reservoir?®*°, Trap
efficiency ranges from O—where no sediment is trapped and all sedi-
ment is passed downstream—to 1 (100%)—where all incoming sediment
is trapped. Existing trap efficiency formulas incorporate parameters
such as grain size, inflow, particle setting velocity, flow velocity, drai-
nage area, and total reservoir capacity”’ % A common relationship
across most equations is that reductions in reservoir capacity result in
lower trap efficiency”?%****, This implies that reservoirs retain a
smaller fraction of incoming sediment as (1) water residence time
decreases and (2) sediment infilling progresses with age.

Simulating evolving reservoir capacity and trap efficiency across a
nationwide, linked dam network is key to quantify sediment supply
deficits to downstream coasts and deltas. Changing trap efficiency and
capacity at upstream dams modulates the supply of sediment to
downstream rivers and dams'. To employ a consistent methodology
across all 57,117 modeled reservoirs, we use the classic Brown trap
efficiency equation® since it is applicable on a large scale, requiring
only reservoir capacity, total drainage area, and estimated sediment
grain size. We acquire capacity and drainage area from ResNet*° and
assume silt-sized sediment, consistent with sediment-budget design
assumptions®** and past studies®?*. After finalizing the RATTES
model, we explore two endmember scenarios assuming either sand or
clay-sized sediment across all modeled reservoirs. We also compare
trap efficiencies calculated using the Brown? and Brune®® equations
for reservoirs with annual inflow data available (n=298) (Supplemen-
tary Methods 1).

Here, we use the modeled reservoir sediment storage to consider
its downstream implications for coastal deltas and to explore oppor-
tunities for reinstating sediment transport. We compare the cumula-
tive reservoir sediment volume and sedimentation rates to
demonstrate the potential magnitude of delta sediment aggradation
rates that could be attained in the absence of upstream dams and,
further, to evaluate how these rates compare in magnitude with
eustatic SLR (mm yr™). We also assess the fraction of sediment stored
within terminal dams—the most downstream structures within the
river network that exert the final control on sediment delivery to
coastal zones—to highlight where sediment management or dam
removal would most effectively restore sediment transport to deltas.
In this work, we quantify the volume of reservoir sediment potentially
withheld from downstream environments, convert this volume to a
comparable metric (delta aggradation rates), and identify reservoir
sedimentation sites that could serve as potential sediment resources
for construction or restoration projects.

Results

RATTES: a transferable modeling approach to predict reservoir
sedimentation

RATTES integrates two complementary modeling frameworks: (1) a
sediment yield model for surveyed reservoirs (SY) and (2) a statistical
sedimentation model for unsurveyed reservoirs employing multiple
linear regression (MLR) (Fig. 1 and Supplementary Fig. 1). The SY model
numerically solves for a sediment yield rate (m*km2yr™) that matches
surveyed capacity loss at 904 surveyed reservoirs (Fig. 2) using Minear

and Kondolf's** formulation, originally developed for California but
applied here across the US. The MLR model establishes a statistical
relationship between environmental predictors to obtain sedimenta-
tion rates (m’yr™) derived from the surveyed reservoirs. These pre-
dictors define RATTES, where R is the sedimentation rate between
surveys or since reservoir construction (m’yr™), A,z is the arith-
metic mean of the sediment-contributing drainage area between sur-
veys or since reservoir construction (km?), T is the number of years
since the previous survey (years), T is the linear average dam trap
efficiency between surveys” (dimensionless), and S is the specific
discharge (m*kms™). All variables are transformed via the natural
logarithm prior to model fitting. This equation explains 81% of the
variance in observed sedimentation rates across surveyed reservoirs
(p-value: <2.2 x107%) (Supplementary Table 1).

We parameterize the MLR model to estimate sedimentation rates
for 56,213 unsurveyed reservoirs within ResNet using the following
equation:

IN(Ry,¢) = 0.904I(Asequir, ,) — 0.148In(T,, ) +1.68In(T;, )+0.0888In(S,) —1.25
@

where a is a given unsurveyed dam and ¢ is the timestep in calendar
years. For these predictions, R and T are defined using the number of
years between reservoir construction and the current model timestep,
while T is computed as the linear average trap efficiency from dam
completion to the previous timestep. We name our modeling frame-
work and its predictions RATTES, an acronym reflecting the MLR
model component that enables sedimentation estimates for more than
98% of reservoirs in the study, including many not previously assessed.
Notably, despite investigating dozens of potential predictor variables®”
(“Methods”), the most important parameters to predict reservoir
sedimentation pertain to anthropogenic impacts to the watershed as
opposed to climactic or geomorphologic characteristics of basins®.
Parameters Ay g, T, and T, all pertain to dam characteristics and
contribute 66.8, 7.2, and 7.1% of the total variance in R, respectively,
while S, comprising of runoff and total drainage area characteristics,
contributes only 0.2%.

7.7% of the US reservoir capacity is lost due to sedimentation
in 2025

The 57,117 reservoirs included in our study represent a design water
storage capacity of approximately 832 km?. For the 57,090 reservoirs
whose dams remain in place through 2025, with a median age of 62
years?’, we calculate a total capacity loss of 7.7% (Fig. 3a). This loss
corresponds to 63.8 km® of sediment, or 61.3 gigatons (Gt), assuming a
bulk density of 960 kg m™ #*** which is 7.2 times the 2010 global
annual fluvial sediment load (8.5 Gt)®. Similarly, removing the time
parameter (7) from Eq. 1 increases the predicted 2025 sediment
volume from 63.8 to 65.9 km?, consistent with T implicitely accounting
for sediment compaction. These and subsequent values assume silt-
sized sediment unless explicitly noted otherwise; employing the
RATTES model to quantify the cumulative sediment volume assuming
clay or sand-sized reservoir sediment yields 60.2km?® of sediment
(44.4 Gt using clay density of 737kg m™>)* or 69.6 km® of sediment
(103.7 Gt using sand density of 1490 kg m>)*, respectively, for year
2025 (Supplementary Figs. 2 and 3).

The US reservoir sedimentation rate in 2025 is modeled at
0.79 km’yr™, sufficient to infill nearly 3700 median-sized reservoirs
(0.2M m®) each year. By 2050, projected capacity loss at the same
57,090 reservoirs increases to 10.0%, equivalent to 83.0 km® of accu-
mulated sediment (Fig. 3a). The corresponding sedimentation rate in
2050 declines slightly to 0.73 km’yr™, slowed because dam trap effi-
ciency declines with water storage capacity loss due to sedimentation,
as dictated by Brown® (Fig. 3b).
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a
L. Sediment yield model (SY)

|-> Constrains sedimentation at surveyed reservoirs
(n=904) and all upstream dams linked to an NHD
flowline (n=27,691)

600

C Ex1: Basin with 2 upstream nested dams (see a), T = 0.5
Asedc = Atotc =100 Asedeff,: = 0.5(100) = 50
Aseap, = 300 — Aseaerr, = 250 Asedesfy, = 0.5(250) = 125
Ased‘1 =600 — (Asedeffb‘I'Asedeffc) =425 ASEdeffa = 0.5(425) = 2125

b

Unsurveyed basin
L Multiple linear regression model (MLR)

L Constrains sedimentation at any dam linked to an
NHD flowline (n=56,213)

Surveyed reservoir Key
Unsurveyed reservoir in

Unsurveyed reservoir in unsurveyed basin

NHD flowline

A basin delineated by a downstream dam and its
total drainage area (DA)

Asedc = Atotc =20 Asedeffc =0.5(20) =10
Asedb = Atotb =50 Asedeffb = 0.5(50) = 25
Aseda =250 — (Asedeffb+Asedeffc) =215 Asedgffa = 05(215) = 107.5

Ex 2: Basin with 2 upstream headwater dams (see b), T; = 0.5

Fig. 1| Schematic diagram of RATTES. a the sediment yield model for surveyed
reservoirs (SY) and b the multiple linear regression model for unsurveyed reser-
voirs (MLR). Example calculations of the effective (Asedesr) and sediment-

contributing (As,) drainage areas are provided in (c, d). See “Methods” for equa-
tion definitions.

Small and mid-sized reservoirs (<100 M m® design capacity) have
trapped 19.8% (12.6 km?®) of the total modeled sediment volume by
2025, corresponding with a sedimentation rate of 0.13 km’yr™, while
large reservoirs trapped sediment at a rate of 0.66 km®yr™ Thus, small
and medium size reservoirs trap a significant amount of sediment that
reduces accumulation rates at larger, linked reservoirs downstream,
underscoring the need to account for these smaller systems in large-
scale assessments* (Fig. 4). The exclusion of sediment trapping at
small and mid-sized reservoirs by previous reservoir sedimentation
studies"'#** likely overestimated sedimentation at large reservoirs,
especially when projecting static sedimentation rates into the future
with unchanging trap efficiency. Since RATTES explicitly accounts for
both evolving trap efficiency (Fig. 3b) and changing connectivity, dis-
tributing sediment throughout the entire dam network, we generate
dynamic sedimentation rates and lower capacity losses than other
models.

Specifically, RATTES’ total capacity loss estimates are roughly
one-third of previous assessments. Perera et al.” estimated 24% total
cumulative capacity loss by 2022 and 34% by 2050 for 7469 US
reservoirs, assuming constant annual capacity loss rates, no change in
trap efficiency, and neglecting the effects of new upstream dams that
prolong the design capacity of downstream reservoirs. For California
reservoirs, Minear and Kondolf** found that using static trap effi-
ciencies resulted in a 416% increase in modeled sedimentation volumes
when compared to their networked sediment yield model incorpor-
ating annual changes to trap efficiency. Previous cumulative US

sedimentation rate estimates range from 0.49 kmyr™ (n=1823)* to
0.84 kmyr™ (n=1105)* for mid- to large reservoirs (6.2 M m?, 5000
acre-feet). Although our study includes 52 times more reservoirs and
7.6 times more initial storage capacity than ref. 23 (110 km®), our pre-
dicted cumulative sedimentation rates fall within a similar range,
perhaps because the vast majority of sedimentation is occurring at the
778 large reservoirs with design capacities >100 M m>.

A large fraction of modeled US reservoir sedimentation—66.1%,
equivalent to 42.2km’— occurs in reservoirs with repeated survey
observations (Fig. 1a). Although surveyed reservoirs represent only
1.6% of the 57,117 reservoirs included in our study, they account for
52.6% of total designed storage capacity and include many of the lar-
gest systems, which are more likely to be monitored for capacity loss®.
By 2050, we estimate that approximately 67.6% (56.1km?) of total US
reservoir sedimentation occurs within these surveyed reservoirs,
where sediment accumulation has been directly observed over time,
increasing confidence in our results. As an example, we demonstrate
the close agreement between observed and modeled capacity, sedi-
ment volume, and trap efficiency through time for the surveyed site
Elephant Butte Reservoir, New Mexico (Supplementary Fig. 4), despite
along history of upstream damming and land use change in the basin®..

The median storage loss across all reservoirs is far higher than the
national total-20% in 2025 and 28% by 2050 (Fig. 4a)—because
cumulative totals are skewed by the available storage volumes at a few
extremely large facilities. By 2025, 24,407 reservoirs—43% of current
reservoirs—have lost >25% of their original capacity, which is high
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Fig. 2 | RATTES’ modeled sedimentation in reservoirs across the US, scaled by  volumes>1M m? above selected deltas and are listed in Supplementary Data 2
accumulated reservoir sediment volumes, with minimum value of 1 millionm®.  (Supplementary Note 2). Hillshade data are from the Esri Terrain—Multi-Directional

Small magenta points are surveyed reservoir sites. Map shading corresponds to Hillshade layer®, State boundaries are from the U.S. Census Bureau TIGER/Line
2025 total sedimentation rate per year, grouped by ResNet? outlet location Shapefile (2025)*°. HUC-8 basin boundaries are originally from the U.S. Geological
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selected deltas in Fig. 5 and Table 1, with numbers corresponding to delta # in consistent with ResNet outlet allocations.
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dams that remain in place through 2025.

enough to potentially impair dam operations. A notable example is
Paonia Reservoir in western Colorado, a mid-sized reservoir
(0.026 km?) in the upper watershed of Muddy Creek that lost roughly
25% of its storage. Sedimentation blocked its intake structure in 2014,
prompting costly and ongoing dredging efforts'. While Paonia is fed-
erally owned, three-quarters of reservoirs that have lost > 25% of their
capacity by 2025 are privately-owned outside of local, state, and fed-
eral government (n=17,920)*. Consequently, the economic burden of
sedimentation will fall disproportionately on private dam owners,
many of whom may lack the resources or regulatory support available
to federal and state agencies.

Reservoirs store 32.8 km?® of sediment above sediment-starved
Mississippi River Delta

The Mississippi River basin contains about half of all US reservoir
sediment, storing 32.8 of 63.8 km?® (Table 1), which is nearly enough
sediment to fill Lake Mead (38.1km?, 1936 original capacity), the US’
largest reservoir. The basin with the second-highest sediment storage
is the Colorado River basin (8.1km?; 13% of the national total), with
3.5km’ stored in Lake Mead alone, followed by the Columbia River
basin (4.2km> 7%) and the Rio Grande basin (1.8 km? 3%). These
estimates reflect sediment storage within US reservoirs only and
exclude cross-boundary reservoirs.

Approximately 63% of all US reservoir sedimentation in 2025
occurs within contributing regions to the Gulf of Mexico (Fig. 2). Much
of this sedimentation is occurring hundreds to thousands of kilo-
meters inland (Fig. 5a). For example, the five reservoirs that trap the
most sediment above the sediment-starved Mississippi Delta® are all
situated in the Missouri River basin, more than 2000 km upstream
(Fig. 5a and Supplementary Data 2); 25% of all sediment stored in the
Mississippi basin is held within these five reservoirs, all designated with

the primary purpose of flood risk reduction or hydroelectricity pro-
duction. Thus, they will likely continue to alter sediment continuity
across the continent for decades to come.

Upstream sediment trapping limits potential delta aggradation
Six of 36 US deltas are located at the outlet of river basins that have
trapped more than 1km? of reservoir sediment by 2025 (Table 1 and
Fig. 2), sequestered within 33,876 storage reservoirs. Half of these
deltas are located along the Gulf Coast, while the others drain to the
South Atlantic, Northern Pacific, and Gulf of California. The surface
area of these six deltas span nearly three orders of magnitude, from
124 km? (Columbia) to 53,749 km? (Mississippi)®. Despite these differ-
ences, all six have more than 60% of their total upstream drainage area
impounded by dams, indicating that sediment connectivity is greatly
disrupted across their watersheds (Table 1). Further, only four of 36 US
deltas are fed by free-flowing rivers, including the Elwha Delta, whose
upstream dams were removed between 2011 and 2014 (Fig. 5b); the
remaining 32 deltas have upstream dams that constrain sediment
supply.

To explore the impact of upstream damming on coastal delta
sedimentation, we estimate the total equivalent length-scale of delta
aggradation (H). These values range from <0.01 m to 31.2 m for deltas
with upstream dams (Table 1 and Supplementary Data 2). H depends
on the total modeled volume of sediment upstream, a commonly used
dataset of total delta surface area®, the assumption that all sediment
currently retained in reservoirs would otherwise have been delivered
to the coast, and that 30% of this reservoir sediment would be retained
in subaerial delta plains’ (“Methods”). Realistically, some fraction of
the sediment stored in reservoirs would be trapped by other deposi-
tional environments such as upstream floodplains or natural lakes.
Also, some delta surface areas are very small, and these systems
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Table 1| Potential (equivalent) delta aggradation, basin trapping, and terminal dam metrics®* computed from RATTES sedi-

mentation results, ResNet?°, and a global delta area dataset® for selected deltas
Delta Fraction of Dams in Sed Delta Equivalent Upstream Equivalent Upstream Fraction of
Resnet #-Name upstream upstream volume area delta agg., basin sed. delta agg. rate, terminal sed. in term-
basin trap- basin (#) (M m®) (km?) H (m)® rate (M h (mm yr)? dams (#) inal
ped (%) m? yr’) dams (%)
1-Santee 65 1838 765 566 0.4 6.4 3.4 245 23
2-Savannah 66 641 1484 408 1.1 30.1 221 82 1
4-Altamaha 40 150 235 526 0.1 25 1.4 420 34
8-Apalachicola 78 163 793 481 0.5 1.0 6.9 3 20
12-Mobile 88 1998 1062 253 1.3 15.6 18.5 28 <1
15-Pearl 44 482 86 680 0.0 1.3 0.6 260 90
16-Mississippi® 64 28810 32798 53749 0.2 426.2 2.4 3563 4
17-Trinity 92 910 976 66 4.5 14.9 68.1 2 <1
18-Brazos 78 803 937 681 0.4 13.0 5.8 60 4
19-Colorado TX® 88 565 522 55 2.9 6.5 35.9 2 <1
21-Nueces 75 292 143 30 14 2.4 23.7 2 35
22-Rio Grande 78 407 1809 1806 0.0 20.5 0.5 1 <1
23- Colorado® 93 1045 8123 340 7.2 93.5 825 1 <1
25-Columbia 90 975 4162 124 10.1 44.9 108.9 45 2
28-Elwha® [91] [2] [19] [3] [1.8] [0.2] [20.4] [11 [16]
30-Sabine 65 1838 765 566 0.4 6.4 3.4 245 23

*Total equivalent delta aggradation height (H) is the total sediment volume upstream divided by delta area. Annual h rate is the sedimentation rate divided by the delta area. Both assume a 30% delta

trapping efficiency.
PIncludes Atchafalaya/Wax Lake deltas.

23 is Colorado River with outlet in Gulf of California, 19 is Colorado River in Texas with outlet in Gulf of Mexico.
9All results, except for the Elwha, reference model year 2025. Elwha results in brackets are from model year 2011, prior to dam removals. Supplementary Data 2 extends this table for all 36 deltas

(Supplementary Note 2).

experience higher bypass, resulting in unrealistically high aggradation
rates for a few deltas. Our method does not have an aggradation limit,
whereas in a natural delta, sustained floodplain aggradation subse-
quently reduces flood inundation and limits subsequent aggradation.
Nonetheless, these potential aggradation heights provide a useful
visualization of the magnitude of sediment sequestration upstream
and the potential scale of sediment deprivation at individual deltas.

The annual equivalent delta aggradation rates (h) range from
<0.02mmyr? to 486 mmyr? for 2025 (Table 1 and Supplementary
Data 2). The Mississippi Delta lies toward the lower end of this range,
with an estimated 0.2 m H and 2.4 mmyr ™ h in 2025. This rate is similar
to its long-term, time-averaged rate of sediment accumulation deter-
mined from radiocarbon dating (2.6 mmyr™, 11-3.5kyr BP)**. These
rates reflect the inclusion of the delta’s entire historical area, rather
than only the currently active delta complexes receiving flow and
sediment (Atchafalaya-Wax Lake: 2800 km? and Plaquemines-Balize:
9930 km?)****, Reducing the delta area to the presently active lobes
(12,730 km?) yields equivalent depth and aggradation rates roughly
four times higher (0.8 m and 10.0 mmyr™ in 2025). Note that these
rates do not account for the modern levee network that prevents
overbank flooding and natural sediment dispersal across the delta
plain. Nevertheless, without major Missouri River basin dams and levee
systems, sediment fluxes to both active delta complexes would be
substantially greater, enough for aggradation rates (10.0 mmyr™) to
potentially keep pace with present-day rates of both eustatic
(4.4 mmyr?)* and relative SLR (7.3 mm yr?)*.

All deltas exhibit increasing h through the early-to-mid 20th
century (Fig. 5b), coincident with rapid dam construction, followed by
a pronounced slowdown during the 1970s-1980s as dam building
waned. Beyond 2000, h typically declines gradually toward 2050,
reflecting reduced reservoir trap efficiency as dams age and pass a
slightly larger fraction of sediment downstream (Fig. 3b). Currently, h
exceeds eustatic SLR at almost half of US deltas (17/36) (Fig. 5b,

Supplementary Data 2, and Supplementary Table 2). However, relative
SLR is known to be especially rapid in the Gulf of Mexico***". If there
were no inland dams, sedimentation across the entire Mississippi and
Rio Grande deltas would still likely not keep pace with eustatic SLR
(Fig. 5b), highlighting the enhanced vulnerability of Gulf Coast deltas
to ongoing global SLR, which is amplified by local land subsidence®.
For instance, h for the Rio Grande delta is only 0.5 mm yr™, whereas its
current relative SLR rate is nearly 14 times higher (6.8 mm yr?)*,

Although some studies have reported increased coastal sedi-
mentation or little change in sand transport despite widespread dam
construction®®?, historical observations indicate that sediment
delivery to US coasts has generally declined, partly because of
dams>***84° RATTES does not directly model coastal sediment flux
because it estimates sediment yield only within the dammed portion
of each basin (Fig. 1). To provide a first-order comparison, we
extrapolate the modeled yield from the dammed area across the full
basin upstream of each delta (Supplementary Note 3 and Supple-
mentary Data 3). These whole-basin estimates commonly exceed
historical coastal fluxes because they assume spatially uniform
sediment yield, whereas sediment yield generally decreases with
increasing drainage area*s.

Nevertheless, the extrapolated estimates are generally within an
order of magnitude of historic and modern observations. For example,
although the Mississippi-Atchafalaya has maintained relatively stable
sand (bedload) transport in recent decades?, suspended sediment flux
has declined from approximately 378 Mm’yr! around 1900 to
159 M myr today*’, a 58% reduction. By comparison, the extrapolated
2025 whole-basin sedimentation rate is 665 M m®yr.. Its higher value is
consistent with anthropogenic enhancement of watershed erosion
occurring alongside reduced sediment delivery to the coast,>*. A
remarkable example of sediment flux decline to the coast is that of the
Colorado River, which transported an estimated 184 M m®yr before
dam construction but now delivers almost no sediment to the Gulf of
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California®. RATTES estimates a whole-basin sediment yield of
100 M m’yr! today, roughly half of the pre-dam coastal flux (Supple-
mentary Data 3). This difference likely reflects both spatial variation in
sediment yield and reduced sediment transport caused by drought,
flow regulation, and flood control’®. Together, these comparisons
suggest that substantial sediment production persists within dammed
basins (Fig. 5¢), but dams and flow regulation limit its delivery to the
coast, reducing the capacity of downstream deltas to aggrade and
keep pace with SLR (Fig. 5b).

Terminal reservoirs offer opportunities to reinstate sediment
connectivity

Although approximately 79% of the 2025 modeled US reservoir sedi-
ment volume resides more than 500 km inland from the coast, about
7% (4.5km?) is stored in terminal reservoirs impounded by the
downstream-most dam along a river. Reinstating sediment passage at
these dams would reconnect sediment transport to coastal and deltaic
systems.

Along the Gulf Coast, the Brazos River basin has 60 terminal dams
storing ~36.9 M m> of sediment (Table 1), and the Trinity and Apa-
lachicola basins hold tens to hundreds of millions of cubic meters only
a few hundred kilometers from the shoreline (Fig. 5a). These deposits
represent potentially viable, and relatively proximal, sources of sedi-
ment for delta nourishment and coastal restoration. In contrast, the
Mississippi River Delta has 3563 upstream terminal dams located deep
into the continental interior?® (Table 1). These dams store ~1.1 km?> of
sediment—less than 4% of the total reservoir sediment upstream of the
Mississippi Delta—yet nearly enough to fill Lake Maurepas, Louisiana,
twice (0.65km®°.. Reconnecting sediment transport through or
around a small number of terminal reservoirs with high sedimentation
rates would provide greater potential benefits than efforts to recon-
nect sediment continuity in basins with sediment distributed across
numerous terminal dams.

Dam removals along the Elwha and Klamath Rivers, located on the
western coast of the US, provide examples of terminal dam removals
that reinstate ecosystem services and sediment transport®. Each basin
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had a single terminal dam on the mainstem; removing it, along with
additional upstream structures, increased the impact of these projects.
Our model indicates cumulative sedimentation rates behind removed
dams of ~0.2 M m?yr™* for Elwha River reservoirs and ~0.1 M m’yr™ for
Klamath River reservoirs, sediment that is now mobile. Within 5 years
of the Elwha dam removals, 65% of all impounded sediment (19.3 of
30 Mt) was eroded, 26% of which was deposited in the Elwha Delta®.
The delta area increased by 0.3 km?, much of which was colonized by
vegetation®.

However, dam removals are rare because reservoirs provide cri-
tical water storage, flood control, irrigation, and hydropower benefits.
At critical dams, sustainable reservoir management techniques can
reduce sedimentation, increase water storage resilience, and restore
downstream sediment delivery®”®. Efforts to reconnect sediment
transport networks recognize that sediment, like water, is a resource
requiring sustainable management"**. Targeting sustainable manage-
ment at terminal reservoirs offers the greatest potential to increase
coastal sediment supply without impacting downstream reservoirs.
Sediment bypassing, flushing stored sediment, and sluicing entrained
sediment (i.e., passing a density current through dam gates) can slow
sedimentation rates and even recover lost storage.

Tuttle Creek Reservoir near Manhattan, Kansas—the US reservoir
with the largest stored sediment volume (3.0 km®)— is currently testing
the first water-injection dredging experiment at an inland reservoir.
The technique creates gravity-driven density currents to release sedi-
ment loads through the dam into the downstream river ecosystem
previously experiencing channel degradation and sediment
scarcity>>™’. Tuttle Creek has only one small hydroelectric lock dam
located downstream on the Missouri River. Because sediment can
more easily pass through navigable lock dams due to their operational
style (e.g., on the Mississippi River), sediment released from Tuttle
Creek may have the potential to reach the coast. This technique may
not be beneficial everywhere; silt-laden releases negatively impact
natural gravel-bed streams that support species like salmon. Reser-
voirs on naturally turbid rivers remain the best candidates for sedi-
ment releases from reservoir beds, where species like the endangered
humpback chub can benefit from restored turbidity*.

Reservoirs store sediment resources worth billions of dollars
Dams efficiently trap coarse sediment®, redistributing sand and gravel
into thousands of reservoirs. These materials are critical for infra-
structure, housing, and shoreline protection and are becoming
increasingly scarce®®®', In 2024, the US produced ~890 million tons of
construction sand and gravel valued at -$12 billion®>. Using this esti-
mate, if only 15% of the modeled reservoir sedimentation in 2025
consists of sand and gravel, its approximate value is $124 billion.

Reservoir sediment represents an underutilized resource for river
and coastal restoration. Beach nourishment projects often utilize off-
shore sediment®** despite evidence that offshore extraction can
exacerbate coastal erosion and degrade benthic habitats®. Similarly,
sediment augmentation projects for degraded rivers commonly
overlook opportunities to salvage reservoir sediment or repurpose
removed river sediment®. With the global demand of sand rising to
over 500 billion tons by 2100°"°¢, reservoir sediments offer a valuable
source for river and coastal restoration® that could reduce reliance on
offshore sand extraction.

Broader implications of RATTES

Here, we present a spatially and temporally explicit reconstruction of
reservoir sediment storage across the contiguous US, spanning more
than 57,000 reservoirs over more than three centuries. We estimate
that inland dams have collectively stranded 63.8 km?® of sediment by
2025—more than seven times the annual global sediment load to the
oceans. Without inland dams, the potential sediment delivery at half of
US deltas could keep pace with present-day sea level rise. Further, only

four US deltas are located downstream from free-flowing rivers; one of
these includes the Elwha River delta, which is actively prograding fol-
lowing dam removal.

Many studies of delta degradation attribute sediment starvation
broadly to inland damming but treat reservoirs as static sediment
sinks. By resolving where, when, and in which reservoirs sediment is
stored as a linked network, our work reframes inland reservoirs as
potential sediment resources rather than permanent losses. Our
results identify opportunities to mitigate sediment trapping—particu-
larly at terminal reservoirs—to augment storage capacity and enhance
sediment delivery to downstream river and delta systems.

Although uncertainty at individual reservoirs can be substantial,
RATTES provides a first-order assessment for identifying reservoirs
and river basins most vulnerable to sedimentation impacts, helping
prioritize bathymetric surveys and targeted data collection to assess
potential infrastructure risks. Further, the RATTES dataset establishes
a foundation for future studies to quantify: (1) how reservoir sedi-
mentation influences carbon storage and biogeochemical cycling?>’,
(2) the long-term sustainability of US water storage infrastructure, and
(3) the economic tradeoffs among dredging, sediment bypass, and
dam removal strategies®®. By quantifying sediment storage across
reservoir networks, RATTES helps clarify how inland dam management
may shape future sediment delivery to vulnerable coastal deltas.

Methods

Datasets

ResNet. ResNet joins 57,307 US dams and 145 major river mouths to
NHDPIusV2 flowlines”, integrating attributes from the NHD, the
National Inventory of Dams®, global dam datasets’® ", and additional
derived parameters, like coastal outlet and streamwise distance to the
coast™. The resulting connected dam network enables calculation of
the upstream sediment-contributing drainage area (4,,,) upstream of
any given dam a on an annual basis, a key input to the sedimentation
models that updates as dams are built or removed.

Within ResNet, 9545 reservoirs lack a reported dam completion
year, which is needed to estimate reservoir sedimentation using the
models developed in this study; although this is a significant number of
reservoirs, they contain less than 1% of total US water storage capacity.
For these dams, we set the dam completion year to the 90th percentile
of reported dam completion dates, 1990; we chose the 90th percentile
because we did not want to overestimate sedimentation at these
reservoirs and thus overestimate the number of reservoirs experien-
cing high levels of capacity loss. As a result, we likely underpredict
sedimentation at these reservoirs, as it is more probable that they were
constructed earlier (median completion year of dams remaining in
2025:1963).

An exception is made for Soo Locks, which the U.S. Army Corps of
Engineers reports as having 342 km? of reservoir capacity, including
substantial storage from Lake Superior. Most of the upstream water-
shed lies within the Great Lakes, which have been trapping sediment
well before the emplacement of Soo Locks. We therefore set the year
of dam completion for Soo Locks, Michigan, to 1700, which corre-
sponds to the model start; emplacing Soo Locks at the start of the
model to “dam” Lake Superior more realistically represents actual
sediment trapping.

We identify 190 reservoirs without permanent storage, including
Soo Locks, which are typically navigable lock dam structures that lack
the capability to permanently impound water, hence passing up to
100% of incoming sediment through the dam’*. We visually inspect
these structures using satellite imagery and confirm that they do not
appear to have operable dam gates capable of impounding a pool of
water. Although we do not predict sedimentation at reservoirs without
permanent storage, we retain them in the dam network and account
for them in the A,,, computation. Thus, we predict sedimentation at a
total of 57,117 reservoirs (57,307 dams in ResNet minus 190 navigable
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dams). We also incorporate eight major Canadian reservoirs into our
ResNet run to accurately represent the Ay, on the Columbia River
system (Mica, Revelstoke, Keenleyside, Corra Linn, Brilliant, Seven
Mile, Waneta, Duncan; Supplementary Data 1), but we do not report
sedimentation at these reservoirs. These same eight Canadian reser-
voirs were incorporated in the sediment-contributing drainage area
example detailed in the paper describing ResNet*.

Sedimentation survey data. We compile repeat reservoir survey data
for 904 US reservoirs (Supplementary Data 1, Supplementary Note 1,
and Supplementary Fig. 1). We exclude survey data where (1) reported
water capacity increased through time, likely caused by poor original
survey data, changing survey methodology, or dam raises, and (2) the
interval between surveys was less than 10 years to allow sufficient time
for discernable sediment deposition. We typically use the first and last
available survey data, that meet the above two conditions, to maximize
available time for sediment deposition; exceptions occur when the
original data are incomplete or there was a dam raise.

We calculate sediment volume (Vs.z) (m®) as the change in water
storage capacity between the two selected surveys, assuming all
capacity loss is driven by sedimentation (like past studies52247),
The link between reservoir sedimentation and capacity loss is validated
in many bathymetric reports, which document an increase in reservoir
bottom elevation through time due to sediment deposition and, less
commonly, through the collection of sediment cores or geophysical
surveying’®”” (Supplementary Note 4). Realistically, a portion of the
capacity change reflects compaction of previously deposited sedi-
ments. Since the median interval between surveys is 35 years, capacity
loss is mainly driven by sedimentation with loss rates reducing through
time as sediment compacts. Compaction is therefore implicitly incor-
porated into our models through the survey-derived capacity changes.
Explicitly representing compaction would require reservoir-specific
information on operations and sediment properties*’® that is not
available at the national scale.

In addition to the 904 surveyed reservoirs, we obtain survey data
for another 20 reservoirs with navigable locks and thus no permanent
storage. We do not predict future sedimentation (past the second
survey) and the statistical model is not trained on data at these 20 sites
because they are operated differently and likely dredged. However, we
incorporate surveyed sedimentation at these reservoirs into the sedi-
ment yield model because it provides the best available data to cal-
culate Ag4.

Components of RATTES

Sediment yield model for surveyed reservoirs. The sediment yield
(SY) model numerically solves for a sediment yield rate (m*km2yr™)
using the surveyed reservoir water storage capacities, accumulation of
sediment at all upstream dams (surveyed and unsurveyed) after dam
emplacement, and time-varying dam trapping efficiency (Fig. 1a and
Supplementary Fig. 1). The model projects sedimentation at any of the
surveyed reservoirs into the future, assuming that sediment yield rates
(Eq. (2)) are constant with time. The model follows the method of
Minear and Kondolf**, but by implementing a numerical solution, we
do not have to follow their assumption of a linear change in trap effi-
ciency between surveys, and allow the trap efficiency to update at
every time step. The model steps through time, accumulating sedi-
ment at upstream reservoirs and adjusting the sediment-contributing
drainage area and trap efficiency for all dams at every timestep (dt=1
year) (Egs. (3)-(5); with these changing parameters, the model solves
for the sediment yield rate that can produce the surveyed reservoir
capacity at the last survey within 0.01%. For unsurveyed reservoirs
located upstream from surveyed sites, the model applies the sediment
yield at the closest downstream, surveyed reservoir. The SY model
component enables the incorporation of reservoir survey data from
differing time periods on multiple reservoir subbasins, including

nested reservoir subbasins (Fig. 1a), to constrain sediment yield rates
within larger upstream basins.

A volumetric sediment yield rate at reservoir a, ¥, (m*km2yr™), is
equivalent to the calculated volume of sediment divided by the time
between surveys and time-weighted effective sediment-contributing
drainage area (Ayqefr, ,)**, such that:

Vsed
Yo= ‘ 2
(t a,survey, t a, survey, ) Asedef fat

where V., is the sediment volume in m?, and ¢, represent the first
and last survey years. Aeders,, accounts for trapping efficiency at
reservoir a through time (following Brown?’) and the emplacement
and trapping efficiency of upstream dams and reservoirs (b, ¢, d, ...),
which affect the time-dependent sediment-contributing drainage
area’™:

Ascty, = Aeor, — [Te, (Asea,) * e, (At ) * ey, (Asea, ) + -] @)

Asedeffa’, = (Ased,m> (TE“> 4)

Ao is the total basin drainage area and is static through time. For
nested reservoirs, As.; must be calculated moving from upstream to
downstream basins; at headwater reservoirs with no additional
upstream dams, A is equivalent to A,,,. We apply a trap efficiency, T,
following Brown® for reservoir a at time t:

1
100027 ®

Atoty

Eq.

where k is a coefficient representing sediment particle size retained in
the reservoir and Vcapa, . Is reservoir a’s water capacity at timestep ¢
(calendar year). For our models, we assume silt as the dominant grain
size mode retained in reservoirs (k=0.1)*. We run two additional
scenarios to determine upper and lower bounds for trap efficiency by
assuming all study reservoirs trap sand (k =1) and clay (k = 0.046).

At reservoirs with survey data, the sedimentation model treats the
first surveyed reservoir capacity as a known data point and iteratively
solves for a volumetric sediment yield rate that produces a reservoir
capacity within 0.01% of the reported capacity for the second sur-
vey (Vegpy, - Wheret =1, rey,)-

Overall, 28,623 reservoirs are included in the SY model, including
the 904 surveyed reservoirs with permanent storage, 20 surveyed
reservoirs without permanent storage, and 27,699 unsurveyed reser-
voirs (Fig. 1a). Once we solve for a sediment yield rate, we project
future sedimentation at the permanent storage surveyed sites beyond
the last survey year (£g, sy, )- If the first survey year (¢, vy, ) POSE-
dates the dam completion year, we use the sediment yield rate to back-
project sedimentation from the first survey date to the dam’s year of
completion.

Mutltiple linear regression model for unsurveyed reservoirs. We
develop a statistical sedimentation model to predict sedimentation at
dams located both upstream of the 904 surveyed site basins and in
completely unsurveyed basins (n=56,213) (Fig. 1b). It is a MLR model
that incorporates time-varying sediment-contributing drainage area,
trap efficiency, and watershed metrics derived from ResNet™. It is
calibrated using the repeat survey data from 904 US reservoirs (Sup-
plementary Fig. 1), with the natural logarithm of the observed sedi-
mentation rate (In(R)) as the response variable to allow for variability
across reservoirs spanning a wide range of sizes, ages, and positions
within the dam network. Because the model is trained on past survey
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data, it assumes that sedimentation trends in the future will mimic
the past.

We compute the sediment-contributing drainage area for all
56,213 unsurveyed reservoirs, tracking upstream dam emplacement
through time. For these computations, we use the static capacities
reported by ResNet®. Unlike the SY model, which updates the
sediment-contributing drainage areas each year using modeled capa-
cities, the MLR model implements Egs. (3)-(5) using ResNet design
capacities, trap efficiencies, and completion year data® to track the
emplacement of reservoirs through time, where a is a given unsur-
veyed reservoir. We parameterize this calculation of sediment-
contributing drainage area, A,z to train the model because it
allows for a consistent calculation of the sediment-contributing drai-
nage area that can also be implemented at unsurveyed basins for
model predictions. The T, at dam a itself is parameterized as the linear
average T between first and last surveys. From the ResNet output?®,
we also compute the specific discharge, S, as mean annual modeled
inflow divided by A, to represent basin runoff yield.

Prior to building the MLR model, we pre-process the dam watershed
parameter data derived from ResNet? and other sources””*°. We filter
and transform the data to ensure the statistical requirements for MLR are
met, including linearity, homoscedasticity, normality, and no multi-
collinearity. We remove A, from the parameter dataset due to its strong
collinearity with A4z, the latter of which explains a greater propor-
tion of variance in observed In(R). We normalize both predictor and
response variables to identify and remove outliers by calculating z-
scores, defined as the number of standard deviations a data point devi-
ates from the mean of a dataset. We define outliers as observations with
an absolute z-score greater than five. Finally, we apply a natural loga-
rithmic transformation to all parameters to account for the wide range of
reservoir and basin sizes. More details on the dam watershed parameters
explored and processing steps are provided in Eckland, Chapter IV?.

We then build the MLR model using the “regsubsets” function in
the leaps package® in RStudio, which selects the best combination of
independent variables to predict In(R) (m’yr™). Model selection is
based on the Bayesian Information Criterion, which balances goodness
of fit with model complexity by penalizing overly parameterized
models. The only variable we forced into the model is the time
between reservoir surveys (T), which reflects the degree of sediment
compaction as reservoirs age. For predictions, T, at time tis defined as
the number of years since the year with the first available capacity data,
yrp; T is an essential parameter because model predictions extend far
beyond the median survey interval (35 years).

The full selected model contains 11 parameters; however, four of
these parameters explain 82% of the variance in R, whereas the
remaining seven together explain only an additional 5%. Thus, we
reduce the model to the four-parameter formulation presented in
Eq. (1). Cross-validating the model by randomly removing 30% of the
surveyed site data and training on the remaining 70% produced nearly
identical explanatory power (R*=0.809) (Supplementary Table 1).
Supplementary Fig. 5 contains model performance visualizations for
the MLR model and its training dataset.

The sedimentation rate (R, m’yr™) at calendar year ¢ is obtained
by exponentiating the regression prediction:

Rq = emfur®e (6)

Reservoir storage capacity, C (m?), at time, ¢, is updated in reference to
Cy,p, Which is the first reported capacity data available, such that:

Ca,t = Ca,yrp - Ta,t(Ra,t) € (7)
This method to update C, is used as opposed to referencing the pre-

vious year’s capacity, C,_;, and an annual R, to maintain consistency
with how the MLR model is developed. The model is calibrated on data

where only two capacity values were known from at least 10 years
apart. Thus, R at surveyed sites represents an average over all years
between surveys. Finally, Tg,, s updated according to Brown?
(Eq. (5)). Like all previous years, future predictions (through 2050)
utilize parameters that change with respect to the dam network
(Aseamir,,» Ta,c» and Tg, ) astrap efficiency wanes and sedimentation
progresses, while S, remains static (Eq. (1)).

Similar to the SY methods, if the year of the first reported capacity
data (yrp) post-dates the year of dam completion, we use the sediment
yield rates to back-project reservoir sedimentation to the year of dam
completion. In the MLR model component, sediment yield is not static
with time. Here we use the mean sediment yield rate between yrp and
the last year reporting sedimentation—either year 2050 (model end),
the year prior to dam removal, or the last year prior to complete
sediment infilling and capacity loss at a reservoir.

Uncertainty estimation

We quantify the absolute uncertainty for the annualized capacity and
sedimentation predictions using 95% confidence intervals (Cl), derived
from the MLR model’s residual standard error (Supplementary
Table 1). Error for the upper bound of the Cl is greater than that for the
lower bound because the Cl is computed for the natural logarithm of
the sedimentation rate, (In(R)). Uncertainty is not computed for the SY
model, since it would originate from any remaining capacity and
drainage area errors from ResNet, which was already rigorously QC-
ed”, or from the Brown® trap efficiency equation itself (Eq. (5)).

Delta metrics

There are 36 major coastal deltas in the contiguous US with reported
subaerial surface areas included in the global delta dataset of
Edmonds®. This dataset provides spatially consistent delineations of
deltas derived using a uniform methodology.

For each delta at model year 2025, we cumulate the total sediment
volume stored in upstream reservoirs (km?) and normalize this volume
by delta area (km?). We then multiply this depth by 0.3, assuming that
deltas retain 30% of the sediment they receive’. The resulting aggra-
dation height (H, m) represents the total potential sediment aggrada-
tion that deltas could have accumulated if upstream reservoirs did not
exist and all sediment currently stored in reservoirs reached deltas.
This assumption likely underestimates true aggradation because it
does not account for sediment that bypasses dams and reaches deltas.

We also calculate potential annual delta aggradation rates by
summing upstream sedimentation rates for each delta annually and
applying the same retention and area-normalization steps described
above. This yields an annual equivalent aggradation rate (h, mm yr™),
representing the thickness of sediment that could potentially be
retained by deltas each year if sediment was not stored upstream in
reservoirs. These aggradation rates allow direct comparison with
reconstructed and projected rates of SLR (for simplicity, we use global
SLR rates from Fox-Kemper®?) (Supplementary Table 2).

Finally, we use ResNet's terminal dam identifier and reported
streamwise distance to the coast (“pathx”) to quantify the cumulative
distance from the coast and to estimate the volume and proportion of
sediment stored in terminal dams. The count of terminal dams is taken
from ResNet and is treated as static (i.e., not updated to reflect dam
removals). The sediment volumes stored at terminal dams are derived
from the model and therefore reflect the removal of a terminal dam
through time.

Sediment yield and multiple linear regression model
comparison

The RATTES model reports results from the SY model at surveyed
reservoirs (n=904) and the MLR model at unsurveyed reservoirs
(n=56,213). However, the SY model also generates sedimentation
predictions at the 27,691 unsurveyed reservoirs located upstream from
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the 904 surveyed reservoirs with permanent storage (Fig. 1a). We
report the MLR model results for all 56,213 unsurveyed reservoirs to
apply a consistent methodology across the US. To compare sedi-
mentation predictions made by the SY versus the MLR model, the SY
model predicts 7.9 km® of sedimentation in year 2025 while the MLR
model predicts 8.6 km® of sedimentation (Supplementary Note 5).
Supplementary Figs. 6-10 compare SY and MLR capacity and sediment
volume predictions through time (1900-2050) and for select years
(2025, 2050).

Data availability

We obtained reservoir survey data from various sources, complied in
Supplementary Data 1, which we incorporated into ResNet v.1 (https://
doi.org/10.5281/zenodo.15644268)%, Sedimentation and capacity
timeseries results, including uncertainty bounds, for reservoirs in
RATTES for years 1700 to 2050 are available at Zenodo (https://doi.
0rg/10.5281/zenodo.20789549)*. Timeseries results for reservoir/dam
impacts above coastal deltas for years 1700 to 2050 are also available
at Zenodo (https://doi.org/10.5281/zenodo.21692937)%,

Code availability

The tools used to perform this analysis included: ResNet®, run
with Python (version 3.9.18) and arcpy module (ArcGIS version
3.2). The SY model in Matlab (version 2025b), MLR model in
RStudio (version 2025.05.1 + 513), and model combination and final
analysis in Matlab are openly available on GitHub (https://github.
com/abbyeckland/rattes-naturecomms.git)®® and Zenodo (https://
doi.org/10.5281/zen0do.21690856)%.

References

1. Randle, T. et al. Reservoir Sediment Management: Building a Legacy
of Sustainable Water Storage Reservoirs. National Reservoir Sedi-
mentation and Sustainability Team White Paper (2019).

2. Syvitski, J. P. M., Voérésmarty, C. J., Kettner, A. J. & Green, P. Impact
of humans on the flux of terrestrial sediment to the global coastal.
Ocean. Science 308, 376-380 (2005).

3. Syuvitski, J. et al. Earth’s sediment cycle during the Anthropocene.
Nat. Rev. Earth Environ 3, 179-196 (2022).

4. Vorosmarty, C. J. et al. Anthropogenic sediment retention: major
global impact from registered river impoundments. Glob. Planet.
Change 39, 169-190 (2003).

5. Yao, F. et al. Satellites reveal widespread decline in global lake
water storage. Science 380, 743-749 (2023).

6. Dethier, E. N., Renshaw, C. E. & Magilligan, F. J. Rapid changes to
global river suspended sediment flux by humans. Science 376,
1447-1452 (2022).

7. Tessler, Z. D., Vorésmarty, C. J., Overeem, |. & Syvitski, J. P. M. A
model of water and sediment balance as determinants of relative
sea level rise in contemporary and future deltas. Geomorphology
305, 209-220 (2018).

8. Edmonds, D. A., Caldwell, R. L., Brondizio, E. S. & Siani, S. M. O.
Coastal flooding will disproportionately impact people on river
deltas. Nat. Commun. 1, 4741 (2020).

9. Blum, M. D. &Roberts, H. H. Drowning of the Mississippi Delta due to
insufficient sediment supply and global sea-level rise. Nat. Geosci.
2, 488-491 (2009).

10. Edmonds, D. A. et al. Land loss due to human-altered sediment
budget in the Mississippi River Delta. Nat. Sustain. https://doi.org/
10.1038/s41893-023-01081-0 (2023).

1. Syvitski, J. P. M. et al. Sinking deltas due to human activities. Nat.
Geosci. 2, 681-686 (2009).

12. Tornqyist, T. E., Castro, B., Keenan, J. M., Mehta, J. M. & Shen, Z.
Climate-driven depopulation and adaptation realities in America’s
coastal ground zero. Nat. Sustain. https://doi.org/10.1038/s41893-
026-01820-z (2026).

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Perry, L. G., Shafroth, P. B., Alfieri, S. J. & Miller, I. M. Coastal
vegetation responses to large dam removal on the Elwha River.
Front. Ecol. Evol. 11, 1233903 (2023).

Zarfl, C., Lumsdon, A. E., Berlekamp, J., Tydecks, L. & Tockner, K. A
global boom in hydropower dam construction. Aquat. Sci. 77,
161-170 (2015).

De Vincenzo, A. et al. Long-term management policies of reservoirs:
possible re-use of dredged sediments for coastal nourishment.
Water 11, 15 (2019).

Graf, W. L., Wohl, E., Sinha, T. & Sabo, J. L. Sedimentation and
sustainability of western American reservoirs. Water Resour. Res.
46, W12535 (2010).

Perera, D., Williams, S. & Smakhtin, V. Present and future losses of
storage in large reservoirs due to sedimentation: a country-wise
global assessment. Sustainability 15, 219 (2023).

Wisser, D., Frolking, S., Hagen, S. & Bierkens, M. F. P. Beyond peak
reservoir storage? A global estimate of declining water storage
capacity in large reservoirs. Water Resour. Res. 49,

5732-5739 (2013).

Liu, K. et al. Global patterns of reservoir sedimentation and over-
looked risks in small reservoirs. Nat. Sustain. https://doi.org/10.
1038/s41893-026-01859-y (2026).

Hurst, A., Foster, M. & Eckland, A. The ResNet network of dams
impounding storage reservoirs across the continental United
States. Sci. Data 12, 2044 (2025).

USGS. National Hydrography Dataset (NHD) - USGS National Map
Downloadable Data Collection. https://www.sciencebase.gov/
catalog/item/4f5545cce4b018de15819ca9 (2023).

Clow, D. W. et al. Organic carbon burial in lakes and reservoirs of the
conterminous United States. Environ. Sci. Technol. 49,

7614-7622 (2015).

Dendy, F. M., Champion, W. A. & Wilson, R. B. Reservoir sedi-
mentation surveys in the United States. In Man-Made Lakes: Their
Problems and Environmental Effects 349-357 https://doi.org/10.
1029/GM0O17p0349 (American Geophysical Union (AGU), 1973).
Minear, J. T. & Kondolf, G. M. Estimating reservoir sedimentation
rates at large spatial and temporal scales: a case study of California.
Water Resour. Res. 45, W12502 (2009).

Renwick, W. H. Continent-scale reservoir sedimentation patterns

in the United States. In Erosion and Sediment Yield: Global

and Regional Perspectives (eds Walling, D. E. & Webb, B. W.)

(IAHS, 1996).

Nittrouer, J. A. & Viparelli, E. Sand as a stable and sustainable
resource for nourishing the Mississippi River delta. Nat. Geosci. 7,
350-354 (2014).

Wang, J., Dai, Z., Mei, X., Duan, H.-F. & Nienhuis, J. H. Response time
of global deltas to changes in fluvial sediment supply. Nat. Com-
mun. 16, 5573 (2025).

Rodriguez, A. B., McKee, B. A., Miller, C. B., Bost, M. C. & Atencio, A.
N. Coastal sedimentation across North America doubled in the 20th
century despite river dams. Nat. Commun. 11, 3249 (2020).
Brown, C. Discussion, in sedimentation in reservoirs. Proc. Am. Soc.
Civ. Eng. 69, 1493-1500 (1944).

Brune 1953. Trap efficiency of reservoirs. Eos Trans. Am. Geophys.
Union 34, 407-418 (1953).

Churchill, M. A. Discussion of ‘Analysis and use of reservoir sedi-
mentation data’. In Proc. Federal Inter-Agency Sedimentation Con-
ference (ed. Gottschalk, L. C.) 139-140 (Bureau of Reclamation, U.S.
Department of the Interior, Washington, D.C., 1948).

Chen, C. N. Design of sediment retention basins. In Proc. National
Symposium on Urban Hydrology and Sediment Control, 285-298
(University of Kentucky, Lexington, KY, 1975).

Batten, W. G. & Hindall, S. M. Sediment Deposition in the White River
Reservoir, Northwestern Wisconsin (U.S. Government Printing
Office, 1980).

Nature Communications | (2026)17:10164


https://doi.org/10.5281/zenodo.15644268
https://doi.org/10.5281/zenodo.15644268
https://doi.org/10.5281/zenodo.20789549
https://doi.org/10.5281/zenodo.20789549
https://doi.org/10.5281/zenodo.21692937
https://github.com/abbyeckland/rattes-naturecomms.git
https://github.com/abbyeckland/rattes-naturecomms.git
https://doi.org/10.5281/zenodo.21690856
https://doi.org/10.5281/zenodo.21690856
https://doi.org/10.1038/s41893-023-01081-0
https://doi.org/10.1038/s41893-023-01081-0
https://doi.org/10.1038/s41893-023-01081-0
https://doi.org/10.1038/s41893-026-01820-z
https://doi.org/10.1038/s41893-026-01820-z
https://doi.org/10.1038/s41893-026-01820-z
https://doi.org/10.1038/s41893-026-01859-y
https://doi.org/10.1038/s41893-026-01859-y
https://doi.org/10.1038/s41893-026-01859-y
https://www.sciencebase.gov/catalog/item/4f5545cce4b018de15819ca9
https://www.sciencebase.gov/catalog/item/4f5545cce4b018de15819ca9
https://www.sciencebase.gov/catalog/item/4f5545cce4b018de15819ca9
https://doi.org/10.1029/GM017p0349
https://doi.org/10.1029/GM017p0349
https://doi.org/10.1029/GM017p0349
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-76986-3

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Mulu, A. & Dwarakish, G. S. Different approach for using trap effi-
ciency for estimation of reservoir sedimentation. An overview.
Aquat. Procedia 4, 847-852 (2015).

U.S. Army Corps of Engineers. Engineering and Design: Reservoir
Water Quality Analysis. https://www.publications.usace.army.mil/
Portals/76/Publications/EngineerManuals/EM_1110-2-1201.

pdf (1987).

Morris, G. L. & Fan, J. Reservoir Sedimentation Handbook: Design
and Management of Dams, Reservoirs, and Watersheds for Sus-
tainable Use (McGraw-Hill, 1998).

Eckland, A. C. Reservoir Sedimentation and Delta Dynamics Across
Scales (University of Colorado at Boulder, United States - Color-
ado, 2024).

Das, S., Talukdar, S. & Scaringi, G. Anthropogenic infrastructure
overrides natural drivers of sediment yield in a major monsoonal
river basin. Sci. Total Environ. 1010, 181022 (2026).

Lane, E. W. & Koelzer, V. A. Density of Sediments Deposited in
Reservoirs (St. Paul U.S. Engineer District Sub-Office Hydraulic
Laboratory, University of lowa, 1943).

Renwick, W. H., Smith, S. V., Bartley, J. D. & Buddemeier, R. W. The
role of impoundments in the sediment budget of the conterminous
United States. Geomorphology 71, 99-111 (2005).

Eckland, A. C., Overeem, I., Carlson, B. & Lininger, K. B. Accelerated
organic carbon burial rates reconstructed in Elephant Butte
Reservoir, New Mexico during a megadrought. Water Resour. Res.
61, €2023WR035254 (2025).

Kesel, R. H. A revised Holocene geochronology for the lower Mis-
sissippi Valley. Geomorphology 101, 78-89 (2008).

Blum, M., Rahn, D., Frederick, B. & Polanco, S. M. Land loss in the
Mississippi River Delta: role of subsidence, global sea-level rise, and
coupled atmospheric and oceanographic processes. Glob. Planet.
Change 222, 104048 (2023).

Roberts, H. H. Dynamic changes of the Holocene Mississippi River
delta plain: the delta cycle. J. Coast. Res. 13, 605-627 (1997).
Ohenhen, L. O. et al. Global subsidence of river deltas. Nature
https://doi.org/10.1038/s41586-025-09928-6 (2026).

Day, J. W., Pont, D., Hensel, P. F. & Ibafez, C. Impacts of sea-level
rise on deltas in the Gulf of Mexico and the Mediterranean: the
importance of pulsing events to sustainability. Estuaries 18,
636-647 (1995).

Pendleton, E. A., Barras, J. A., Williams, S. J. & Twichell, D. C. Coastal
vulnerability assessment of the northern Gulf of Mexico to sea-level
rise and coastal change. Open-File Rep. https://pubs.usgs.gov/
publication/ofr20101146 (2010).

Milliman, J. D. & Meade, R. H. World-wide delivery of river sediment
to the oceans. J. Geol. 91, 1-21 (1983).

Meade, R. H. & Moody, J. A. Causes for the decline of suspended-
sediment discharge in the Mississippi River system, 1940-2007.
Hydrol. Process. 24, 35-49 (2010).

Carriquiry, J. D., Villaescusa, J. A., Camacho-lbar, V., Walter Daesslé,
L. & Castro-Castro, P. G. The effects of damming on the materials
flux in the Colorado River delta. Environ. Earth Sci 62,

1407-1418 (201M1).

Louisiana Department of Transportation. Lake Pontchartrain-Lake
Maurepas Basin Characterization Report https://dotd.la.gov/media/
alyng2mij/lake-pont-basin-report-final-4.pdf (2009).

Ritchie, A. C. et al. Morphodynamic evolution following sediment
release from the world'’s largest dam removal. Sci. Rep. 8,

13279 (2018).

Shelley, J., Hotchkiss, R. H., Boyd, P. & Gibson, S. Discharging
sediment downstream: case studies in cost effective, envir-
onmentally acceptable reservoir sediment management in the
United. States. J. Water Resour. Plan. Manag. 148, 05021028 (2022).
Tullos, D., Nelson, P. A., Hotchkiss, R. H. & Wegner, D. Sediment
mismanagement puts reservoirs and ecosystems at risk. Eos

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

7.

72.

73.

74.

https://eos.org/opinions/sediment-mismanagement-puts-
reservoirs-and-ecosystems-at-risk (2021).

Shelley, J., Gibson, S. & Williams, A. Unsteady flow and sediment
modeling in a large reservoir using HEC-RAS 5.0. In Proc. 3rd Joint
Federal Interagency Conference (10th Federal Interagency Sedi-
mentation Conference and 5th Federal Interagency Hydrologic
Modeling Conference) (Federal Interagency Subcommittees on
Hydrology and Sedimentation, Advisory Committee on Water
Information, 2015).

Welp, T., Tubman, M., Wilson, D. & Pollock, C. Water Injection
Dredging http://hdl.handle.net/11681/22822 (2017).

Shelley, J. An upcoming pilot project for reservoir sediment
removal via water injection dredging. In Proc. SEDHYD 2023
Conference (eds Bernard, J., Fripp, J. & Randle, T.) (SEDHYD,
Inc., 2023).

Ward, D. L., Morton-Starner, R. & Vaage, B. Effects of turbidity on
predation vulnerability of juvenile humpback chub to rainbow trout
and brown trout. J. Fish Wildl. Manag. 7, 205-212 (2016).

Kondolf, G. M. et al. Sustainable sediment management in reser-
voirs and regulated rivers: experiences from five continents. Earths
Future 2, 256-280 (2014).

United Nations Environment Programme. Mineral Resource Gov-
ernance in the 21st Century: Gearing Extractive Industries Towards
Sustainable Development. https://doi.org/10.18356/d4ca45f2-en
(United Nations, New York, 2020).

Bendixen, M. et al. Sand, gravel, and UN Sustainable Development
Goals: conflicts, synergies, and pathways forward. One Earth 4,
1095-1111 (2021).

U.S. Geological Survey. Mineral Commodity Summary: Sand and
Gravel (Industrial). https://pubs.usgs.gov/periodicals/mcs2025/
mcs2025-sand-industrial.pdf (2025).

Long, A. M., Piatkowski, D. & Cofield, S. Addressing coastal resi-
lience sediment needs. AGU Fall Meeting Abstracts, Abstract
EP43B-1283 (American Geophysical Union, 2024).

National Offshore Sand Inventory | Bureau of Ocean Energy
Management. https://www.boem.gov/marine-minerals/national-
offshore-sand-inventory.

Torres, A., Brandt, J., Lear, K. & Liu, J. A looming tragedy of the sand
commons. Science 357, 970-971 (2017).

Sverdrup, H. U., Koca, D. & Schlyter, P. A simple system dynamics
model for the global production rate of sand, gravel, crushed rock
and stone, market prices and long-term supply embedded into the
WORLD6 model. Biophys. Econ. Resour. Qual. 2, 8 (2017).
Mendonga, R. et al. Hydroelectric carbon sequestration. Nat.
Geosci. 5, 838-840 (2012).

Duda, J. J. et al. Patterns, drivers, and a predictive model of dam
removal cost in the United States. Front. Ecol. Evol. 11,

1215471 (2023).

USACE. National Inventory of Dams Database (U.S. Army Corps of
Engineers, 2024).

Zhang, A. T. & Gu, V. X. Global dam tracker: a database of more than
35,000 dams with location, catchment, and attribute information.
Sci. Data 10, 111 (2023).

Lehner, B. et al. High-resolution mapping of the world’s reservoirs
and dams for sustainable river-flow management. Front. Ecol.
Environ. 9, 494-502 (2011).

Wang, J. et al. GeoDAR: georeferenced global dams and reservoirs
dataset for bridging attributes and geolocations. Earth Syst. Sci.
Data 14, 1869-1899 (2022).

Mulligan, M., van Soesbergen, A. & Saenz, L. GOODD, a global
dataset of more than 38,000 georeferenced dams. Sci. Data 7,
31(2020).

Moragoda, N. et al. Modeling and analysis of sediment trapping
efficiency of large dams using remote sensing. Water Resour. Res.
59, e2022WR033296 (2023).

Nature Communications | (2026)17:10164

12


https://www.publications.usace.army.mil/Portals/76/Publications/EngineerManuals/EM_1110-2�1201.pdf
https://www.publications.usace.army.mil/Portals/76/Publications/EngineerManuals/EM_1110-2�1201.pdf
https://www.publications.usace.army.mil/Portals/76/Publications/EngineerManuals/EM_1110-2�1201.pdf
https://www.publications.usace.army.mil/Portals/76/Publications/EngineerManuals/EM_1110-2�1201.pdf
https://doi.org/10.1038/s41586-025-09928-6
https://doi.org/10.1038/s41586-025-09928-6
https://pubs.usgs.gov/publication/ofr20101146
https://pubs.usgs.gov/publication/ofr20101146
https://pubs.usgs.gov/publication/ofr20101146
https://dotd.la.gov/media/alyng2mj/lake-pont-basin-report-final-4.pdf
https://dotd.la.gov/media/alyng2mj/lake-pont-basin-report-final-4.pdf
https://dotd.la.gov/media/alyng2mj/lake-pont-basin-report-final-4.pdf
https://eos.org/opinions/sediment-mismanagement-puts-reservoirs-and-ecosystems-at-risk
https://eos.org/opinions/sediment-mismanagement-puts-reservoirs-and-ecosystems-at-risk
https://eos.org/opinions/sediment-mismanagement-puts-reservoirs-and-ecosystems-at-risk
http://hdl.handle.net/11681/22822
http://hdl.handle.net/11681/22822
https://doi.org/10.18356/d4ca45f2-en
https://doi.org/10.18356/d4ca45f2-en
https://pubs.usgs.gov/periodicals/mcs2025/mcs2025-sand-industrial.pdf
https://pubs.usgs.gov/periodicals/mcs2025/mcs2025-sand-industrial.pdf
https://pubs.usgs.gov/periodicals/mcs2025/mcs2025-sand-industrial.pdf
https://www.boem.gov/marine-minerals/national-offshore-sand-inventory
https://www.boem.gov/marine-minerals/national-offshore-sand-inventory
https://www.boem.gov/marine-minerals/national-offshore-sand-inventory
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-76986-3

75. Ackerman, K. V. et al. RESIS-II: An Updated Version of the Original
Reservoir Sedimentation Survey Information System (RESIS)
Database. http://pubs.usgs.gov/ds/ds434 (2009).

76. U.S. Bureau of Reclamation. RISE. Reclamation Information Sharing
Environment (RISE) https://data.usbr.gov/catalog?filter=
generationEffortld.50.

77. Texas Water Development Board. Completed Surveys & Data.
https://www.twdb.texas.gov/surfacewater/surveys/completed/
list/index.asp.

78. Miller, C. R. Determination of the Unit Weight of Sediment for Use in
Sediment Volume Computations (U.S. Department of the Interior,
Bureau of Reclamation, Project Planning Division, 1953).

79. Hill, R. A., Weber, M. H., Debbout, R. M., Leibowitz, S. G. & Olsen, A.
R. The Lake-Catchment (LakeCat) Dataset: characterizing land-
scape features for lake basins within the conterminous USA.
Freshw. Sci. 37, 208-221 (2018).

80. Barnhart, T. B. et al. Flow-conditioned parameter grids for the
contiguous United States: a pilot, seamless basin characteristic
dataset. https://doi.org/10.5066/PO9HUWMEQ (U.S. Geological
Survey, 2020).

81. leaps: Regression Subset Selection. https://tslumley.r-universe.
dev/leaps.

82. Fox-Kemper, B. et al. Ocean, cryosphere and sea level change. In
Climate Change 2021: The Physical Science Basis. Contribution of
Working Group | to the Sixth Assessment Report of the Inter-
governmental Panel on Climate Change (eds Masson-Delmotte, V.
et al.) 1211-1362 (Cambridge University Press, Cambridge, United
Kingdom and New York, NY, USA, 2021).

83. Hurst, A. ResNet https://doi.org/10.5281/zenodo.15644268 (2025).

84. Eckland, A. & Foster, M. RATTES Reservoir Sedimentation and
Capacity Loss Estimates for the Continental United States (Years
1700-2050). https://doi.org/10.5281/zenodo.20789549 (2026).

85. Eckland, A. & Foster, M. RATTES Reservoir/Dam Impacts Upstream
of Coastal Deltas (Years 1700-2050) https://doi.org/10.5281/
zenodo.21692937 (2026).

86. abbyeckland/rattes-naturecomms at v1.2. GitHub https://github.
com/abbyeckland/rattes-naturecomms/tree/v1.2.

87. abbyeckland. abbyeckland/rattes-naturecomms: RATTES full code.
https://doi.org/10.5281/zenod0.21690856 (2026).

88. Esri. Terrain - Multi-Directional Hillshade. ArcGIS Living Atlas of the
World https://www.arcgis.com/home/item.html?id=
3cedfc19d7b941d89ee15b0e2f454070#overview (2014).

89. U.S. Census Bureau, Geography Division. TIGER/Line Shapefile,
Current, Nation, U.S., State and Equivalent Entities. Data.gov http://
catalog.data.gov/dataset/tiger-line-shapefile-current-nation-u-s-
state-and-equivalent-entities (2025).

90. U.S. Geological Survey. Watershed Boundary Datset (WBD). https://
www.usgs.gov/national-hydrography/watershed-boundary-
dataset (2025).

Acknowledgements

We thank the US Army Corps and Reclamation for providing access to
survey data and feedback on this text, specifically Paul Boyd and D.
Nathan Bradley, and J. Toby Minear for insightful discussions shaping this
research. Special thanks to the Editor, Jaap Nienhuis and two anonymous
referees for their thoughtful and constructive reviews. The views and

conclusions contained in this document are those of the authors and
should not be interpreted as representing the opinions or policies of the
federal government. Mention of trade names or commercial products
does not constitute their endorsement by the federal government.

Author contributions

A.E. and M.F. acquired survey data, performed sediment modeling and
data analysis, and contributed equally to this paper. A.H. added cap-
ability within the ResNet dataset to enable delta impact calculations and
helped acquire survey data. M.B. assisted in coding and statistical
methods. I.0. assisted in deltaic impacts and technical peer review. All
authors contributed to writing the manuscript.

Funding

Reclamation’s WaterSMART Applied Science grants funded this
research, including a student internship for A.E. I.O. was supported by
EAR-2148762.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-026-76986-3.

Correspondence and requests for materials should be addressed to
Abigail C. Eckland or Melissa A. Foster.

Peer review information Nature Communications thanks Giovanni De
Cesare, Royhan Gani, and Jaap Nienhuis for their contribution to the peer
review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

Thisis a U.S. Government work and not under copyright protection in the
US; foreign copyright protection may apply 2026

Nature Communications | (2026)17:10164

13


http://pubs.usgs.gov/ds/ds434
http://pubs.usgs.gov/ds/ds434
https://data.usbr.gov/catalog?filter=generationEffortId.50
https://data.usbr.gov/catalog?filter=generationEffortId.50
https://data.usbr.gov/catalog?filter=generationEffortId.50
https://www.twdb.texas.gov/surfacewater/surveys/completed/list/index.asp
https://www.twdb.texas.gov/surfacewater/surveys/completed/list/index.asp
https://www.twdb.texas.gov/surfacewater/surveys/completed/list/index.asp
https://doi.org/10.5066/P9HUWM6Q
https://doi.org/10.5066/P9HUWM6Q
https://tslumley.r-universe.dev/leaps
https://tslumley.r-universe.dev/leaps
https://tslumley.r-universe.dev/leaps
https://doi.org/10.5281/zenodo.15644268
https://doi.org/10.5281/zenodo.15644268
https://doi.org/10.5281/zenodo.20789549
https://doi.org/10.5281/zenodo.20789549
https://doi.org/10.5281/zenodo.21692937
https://doi.org/10.5281/zenodo.21692937
https://doi.org/10.5281/zenodo.21692937
https://github.com/abbyeckland/rattes-naturecomms/tree/v1.2
https://github.com/abbyeckland/rattes-naturecomms/tree/v1.2
https://github.com/abbyeckland/rattes-naturecomms/tree/v1.2
https://doi.org/10.5281/zenodo.21690856
https://doi.org/10.5281/zenodo.21690856
https://www.arcgis.com/home/item.html?id=3cedfc19d7b941d89ee15b0e2f454070#overview
https://www.arcgis.com/home/item.html?id=3cedfc19d7b941d89ee15b0e2f454070#overview
https://www.arcgis.com/home/item.html?id=3cedfc19d7b941d89ee15b0e2f454070#overview
http://catalog.data.gov/dataset/tiger-line-shapefile-current-nation-u-s-state-and-equivalent-entities
http://catalog.data.gov/dataset/tiger-line-shapefile-current-nation-u-s-state-and-equivalent-entities
http://catalog.data.gov/dataset/tiger-line-shapefile-current-nation-u-s-state-and-equivalent-entities
http://catalog.data.gov/dataset/tiger-line-shapefile-current-nation-u-s-state-and-equivalent-entities
https://www.usgs.gov/national-hydrography/watershed-boundary-dataset
https://www.usgs.gov/national-hydrography/watershed-boundary-dataset
https://www.usgs.gov/national-hydrography/watershed-boundary-dataset
https://www.usgs.gov/national-hydrography/watershed-boundary-dataset
https://doi.org/10.1038/s41467-026-76986-3
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
www.nature.com/naturecommunications

	Reservoir sedimentation diminishes water storage and coastal delta resiliency
	Introduction
	Results
	RATTES: a transferable modeling approach to predict reservoir sedimentation
	7.7% of the US reservoir capacity is lost due to sedimentation in 2025
	Reservoirs store 32.8 km3 of sediment above sediment-starved Mississippi River Delta
	Upstream sediment trapping limits potential delta aggradation
	Terminal reservoirs offer opportunities to reinstate sediment connectivity
	Reservoirs store sediment resources worth billions of dollars
	Broader implications of RATTES

	Methods
	Datasets
	ResNet
	Sedimentation survey data

	Components of RATTES
	Sediment yield model for surveyed reservoirs
	Multiple linear regression model for unsurveyed reservoirs

	Uncertainty estimation
	Delta metrics
	Sediment yield and multiple linear regression model comparison

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	Additional information




