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Extended Abstract

Dammed reservoirs across the United States are infilling with sediment, which reduces their
water storage capacity and can hinder dam operations. However, at the majority of 90,000
reservoirs across the US, there are no bathymetric surveys to constrain the volume of sediment
infill and remaining capacity. Our study compiles data relevant to surveyed reservoir sites and
their upstream drainage basins to detect environmental and anthropogenic controls on
sedimentation rates, to later predict infill of unsurveyed reservoir sites. We use repeat
bathymetry data (first and last survey) at 535 sites to compute the reservoir sedimentation rate
(SR) (Figure 1). SR (m3 yr?) was calculated as:

SV
SR=— 1
- )

where SV is the measured sediment volume deposited in the reservoir between first and last
surveys (m3) and T is the time between first and last surveys (years).
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Figure 1. Map of 535 sites and their drainage basins, US. Circle colors show reservoir sedimentation rate (SR).



We are building a multiple linear regression (MLR) model in Python to predict SR at 535
surveyed reservoirs (Figure 1). Our reservoir sites and study basins are collocated with those
described in Foster et al. (2023). We investigated environmental parameters that impact basin-
sediment production and transport, such as: drainage area, inflow, relief, climate, and
vegetation, as well as human impacts though proxies like population (Table 1). At this time, we
have not reduced this parameter space based on sediment transport process assumptions alone,
but rather to isolate the parameters that give the most statistical predictability.

We compiled upstream basin environmental and anthropogenic controls for 50+ first-order
parameters in ArcGIS Pro. We then identified correlations between individual parameters and
SR. Several parameters strongly correlated with SR (e.g., sediment-contributing drainage area,
DAc), while others correlated weakly or not at all (e.g., mean basin temperature and
precipitation). Figure 2 shows a correlation matrix with 18 of the 50+ predictor variables and
their R2 correlation with SR and other parameters. Parameter definitions and specifications for
the selected variables are given in Table 1.

SR
Sed. contrib. DA (DA_C)
Total DA (DA_T) m
Min. elevation -0.0 -0.0 -0.1

Max elevation 0.3 0.3 0.3

Mean elevation 0.1 0.1 0.1 mm
0.8
St. dev. elevation 0.3 0.3 04 04 m
0.6
Relief 0.3 0.3 m

Mean slope -0.0 -0.0 -0.0 0.3 m 04

Mean annual precip. -0.1 -0.2 -0.2 -0.5 0.4 -0.3 0.3 0.1 -0.2
St. dev. annual precip. 0.2 0.2 0.2 0.3 mmmm 0.0 -00
Mean annual temp. 0.1 -0.1 0.1 m -0.3 0.3 -0.2 0.3 -0.3 | 0

St. dev. annual temp. 0.3 0.3//0.3 (0.4 mm 03 03
--04

Mean NDVI 0.1 -0.1 0.1 0.0 -0.0 0.0 -0.0 0.1 0.3 0.1 0.0 -0.2 0.0
Drainage density 0 0.0 -0.0 0.0 -0.0 -0.0 0.0 -0.0 0.1 0.0 0.0 0.0 -0.0 Hoe
Total stream length mm.—01 03 01 04 -0.0 -0.2 0.2 0.1 0.3 0.1 -0.0
Basin population |04 |04 2 02 0003 03 00-0102 0103 -00-0004
Lithology 0.0 0.1 0.1 -0.1 0.2 0.2 -0.3 0.2 0.5/ -0.2 0.3 0.0 0.3 0.1 0.0 0.1 0.1

Mean reservoir inflow m—01 03 0.1 03 04 0.0 -00 02 -0.1 0.3 -0.0 —OOH -0.0
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Figure 2. Correlation matrix displaying the coefficient of determination (R2) for sedimentation rate (SR) and
selected predictor variables for all 535 sites. Color bar represents R2 values. Parameters are defined in Table 1.



Once we refine potential predictor variables for SR (Figure 2), we will determine which
parameters to include in our MLR model through statistical analyses. First, to avoid overfitting
the model, we will remove collinearity between variables. Collinearity is defined as two
independent variables that correlate via an R2 greater than 0.8. If two or more parameters of a
similar data type are colinear, we may combine them into a single term using principal
component analysis (PCA). PCA is a statistical tool used to reduce the complexity of a
multidimensional dataset by transforming it into fewer dimensions while preserving the
variation in the data. For example, since many of the elevation parameters are colinear (i.e.,
min, mean, and max elevation, Figure 2), we will explore the appropriateness of PCA to combine
them into a single term.

Next, to untangle the best combination of parameters to use in our MLR model, including the
derived principal components and raw parameter data, we will use the regsubsets function
within the leaps package in R. This tool performs an exhaustive search over all parameters to
find a combination that provides the best goodness of fit while minimizing the prediction error.

Finally, we will develop a MLR model using the sklearn package in Python, using 90% and 10%
of the data to train and test the model, respectively. We will ensure that each parameter’s
relationship with SR is significant, with p-values below 0.05.

We have identified several parameters that predict SR well in a preliminary MLR model, such as
DAc (Figure 2). DAcaccounts for 63% of the proportion of variation (R?) when predicting SR.
Other parameters that explain a small proportion of the variation include mean reservoir inflow,
total stream length, and basin population (Figure 2); however, these variables are largely
controlled by basin size. For example, total stream length is a strong predictor of SR, but
drainage density (Table 1) is not (Figure 2). We are still investigating how to address the
influence of drainage area on our parameter data while maintaining the predictability of our
model. Once we have finalized the parameters, we will sequentially add them to the model
through stepwise linear regression, using regsubsets to inform the order in which to add the
parameters.

We aim to develop our model to effectively predict SR in unsurveyed reservoirs across the US,
beginning with unsurveyed reservoirs managed by the U.S. Bureau of Reclamation. The 535
drainage basins used to generate our statistical model range from 3.7 - 2.8 x 10 km2 and span 6
IECC climate zones (ICC 2021), covering a large variety in basin size, topography, and rainfall
regimes. Many of the identified controlling parameters are also identified in predictive models
of fluvial suspended sediment flux to the coastal zone (Syvitski and Milliman 2007). Reservoir
sedimentation may be impacted more by bedload transport, and we will explore notable
differences between the respective predictive models. Future work will further examine basin
runoff, wildfire history, land cover, and regulatory activities as potential additional controlling
parameters in our MLR model. Our presentation will cover the preliminary results, report
parameter updates, and provide an estimate of reservoir capacity loss for the nation.

Table 1. Selected environmental and anthropogenic parameters used to predict reservoir sedimentation rate (SR),
along with data source, resolution, and approximate dates represented.

Parameter Definition Data source | Resolution | Approx. dates
Sediment volume measured in Foster et al.
SV reservoir (2023) ] 1840-2017




Foster et al.
T Years between first and last survey (2023) - -
Tlmejwel.ghted sgdlment— Foster et al.
DAc contributing drainage area above - -
site (2023)
Total drainage area above S}te'usgd Foster et al.
DAr to compute basin zonal statistics in (2023) - -
ArcPro 3
Min., Max, . . . USGS 3D
Mean., & St. dev. EleYatlon statistics for drainage Elevation
D . basin, calculated via the zonal 3om 2013
elevation; Relief, statistics tool in ArcPro Program (USGS
& Mean slope 2019)
Mean annual
g;?ﬁigi’ Srté(gev. 30-year normal climate statistics for
Mean agnua{).’ drainage basin, calculated via the PRISM (2014) 8oom 1991-2020
temp., & St. dev zonal statistics tool in ArcPro
annual temp.
Mean of the normalized difference
vegetation index (NDVI) in drainage B
Mean NDVI basin, calculated via the zonal USDA (2014) im 2010-2020
statistics tool in ArcPro
Sum of the length of NHDPlus High
Drainage density | Resolution flowlines in drainage USGS (2021) - -
basin divided by DAr
Total stream Sum of the length of NHDPlus High
length Resolution flowlines in drainage USGS (2021) - -
basin
EPA
. . Total population in drainage basin EnviroAtlas
Basin population P) (Pickard et al. 30m 2010
2015)
Lithology (L) value, computed as a Syvitski and
Lithology weighted average over all surficial Milliman - -
rock types in drainage basin (2007)
HydroMet
(2020)1,
Mean reservoir inflow (m3 s1), ?Sii(;s:rfs
Mean reservoir computed from: mean daily?, mean 5023)2, RESIS-
. monthly2, mean annual3, and - -
inflow . II (Ackerman et
modeled mean annual reservoir 1. 2000)3
inflow4 data a. 9%
StreamStats
(USGS 2016)3,
USDA (2022)4
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