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Abstract Pollution and deposition of sediments in rivers and streams are critical environmental, ecological,
navigational, and recreational concerns. While several well-known watershed models such as SWAT (Soil and
Water Assessment Tool) and HSPF (Hydrological Simulation Program-FORTRAN) are applied to predict
sediment concentrations and loads in rivers and streams, their application requires the acquisition of a large
amount of climatic, GIS, land use, and watershed input data, which is very time-consuming and cost-prohibitive.
This study developed a copula-based regression method to predict sediment concentrations and loads in rivers
using streamflow data, which is difficult to achieve using traditional methods. Predicted sediment
concentrations from the method were verified and validated by field measurements from three US Geological
Survey (USGS) gauge stations across the US, as well as by statistical metrics. Prerequisites, advantages,
uncertainties, and limitations of the method were presented and discussed. Results revealed that sediment loads
were not proportional to watershed drainage area, indicating that land use and anthropogenic activities also play
an important role in sediment load. Overall, no significant increasing or decreasing trends of annual sediment
loads were found at study sites in New York and Florida over the 11-year period from 2011 to 2021. This study
suggests that the copula-based regression approach, which is time-saving and cost-effective compared to the
traditional watershed models, is a promising alternative for predicting sediment concentrations and loads using
streamflow data when a good dependence (or correlation) exists between the sediment content and streamflow
after copula transformation.

Plain Language Summary Sediment pollution and deposition in surface waters pose significant
environmental, ecological, and recreational challenges. While several well-known watershed models have been
used to predict sediment concentrations and loads in streams and rivers, their reliance on large amounts of input
data and calibration efforts limits their usage. This study develops a novel method (or copula-based regression
method) in a time-saving and cost-effective manner to predict sediment concentration and load using
streamflow data, which is difficult, if not impossible, to achieve using traditional methods. This method also has
potential for estimating pollution of other water quality constituents in streams by scientists, engineers,
researchers, and water resource managers around the world.

1. Introduction

Transport and loading of sediments contaminated with pollutants are serious environmental and ecological
concerns worldwide (Ouyang et al., 2003), while the deposition of sediments in surface waters can significantly
alter hydrological channels and negatively affect aquatic life (Ouyang, 2022a). Inappropriate agricultural, in-
dustrial, and domestic activities have resulted in sediment contamination and deposition in rivers and streams
(Almasalmeh et al., 2022; Noe et al., 2020). While three major water quality models, namely the HSPF (Hy-
drological Simulation Program-FORTRAN), SPARROW (SPAtially Referenced Regressions on Watershed at-
tributes), and SWAT (Soil and Water Assessment Tool), are currently used to predict the transport and loading of
sediments in rivers and streams (Arnold et al., 2012; Bicknell et al., 2001; Schwarz et al., 2006), their use depends
on extensive model calibration and validation using multi-year, continuously observed daily sediment data.
However, these data are unavailable for most watersheds around the world, creating difficulties in applying the
models. Additionally, the development of these models requires substantial climatic, land use, and watershed
input parameters, and GIS data, making them time-consuming and labor-intensive.

In the past few decades, the Load Estimator (LOADEST) model has been applied to estimate sediment loads in
streams and rivers (Runkel et al., 2004). One major limitation of LOADEST is the significant effort required to
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arrange input data into a specific format. To overcome this hurdle, a web-based interface was developed by Park
etal. (2015). Although this web-based LOADEST was very handy for estimating water quality constituent loads,
this web tool is no longer available for unknown reasons. Other drawbacks of LOADEST are: (a) significant
biases when the relationship between the log-transformed water quality constituent concentration and streamflow
is not strong; (b) considerable differences in the seasonal relationship shape; and (c) extremely high residuals
(Hirsch, 2014). In addition, LOADEST may not be able to predict peaks and valleys of constituent concentrations
as the regression equations used in LOADEST are not used to capture streamflow variations. These drawbacks
make it difficult to apply LOADEST for estimating sediment load under high and low streamflow during wet and
drought conditions.

To circumvent these drawbacks, Ouyang (2022a) developed a novel tool for gap-filling daily sediment load based
on sparse and discontinuous measured data using the flow-weighted approach. This tool was rigorously validated
with observed data from U.S. Geological Survey (USGS) gauge stations across the United States. The flow-
weighted approach effectively predicted daily sediment loads when a good linear correlation was present be-
tween measured seasonal sediment loads and measured seasonal stream discharges, which is a prerequisite for
using the tool. Five out of six selected USGS gauge stations used in the study met this prerequisite, proving the
tool's usefulness for filling daily sediment load gaps. The author further stated that the tool could also be applied to
predict other water quality constituent loads based on limited measured data. While the tool is valuable for
addressing gaps in daily sediment loads when limited field data are available, it is difficult to predict daily
sediment loads for periods without any measured sediment data.

To this end, a new method, the copula-based regression method, was developed in this study. A copula is
multivariate statistical approach for building relationships among random variables, which is often challenging to
achieve with traditional methods. Since its development by Sklar (1959), copula has gained widespread accep-
tance in scientific applications (Alizadeh et al., 2018; Frees & Valdez, 2008; Ouyang, 2022b). Currently, copula
regression is being employed to predict one variable from other variables (Cote et al., 2019; Masarotto &
Varin, 2017). Compared to ordinary least squares and generalized linear regression methods, copula regression is
advantageous because it does not impose restrictions on probability distributions (Parsa & Klugman, 2011). In
recent years, copula regression has been used to fit malaria incidence data (Masarotto & Varin, 2017), check
property and casualty risks (Cote et al., 2019), and predict tree sap flow based on vapor pressure deficit (Ouyang
& Sun, 2024). These copula-based regressions provide useful insights into establishing correlations among
random variables, which traditional regressions cannot easily achieve.

The goal of this study was to predict sediment concentration and load based on streamflow data using copula-
based regression method, which is challenging if not impossible, to achieve with traditional methods. The spe-
cific objectives were to: (a) present the step-by-step procedures for developing the copula-based regression
method; (b) validate the method using measured data; and (c) apply the method to predict sediment concentrations
and loads in rivers using streamflow data for periods when no measured sediment data are available. Prerequisites,
advantages, uncertainties, and limitations of the method were discussed.

2. Materials and Methods
2.1. Data Acquisition

In this study, three U.S. Geological Survey (USGS) gauge stations were chosen to obtain sediment and
streamflow data (Figure 1). The selected stations are: (a) Station #01358000 (drainage area = 20,953 km?) located
on the Hudson River, New York, (b) Station #02359170 (drainage area = 49,727 km?) located on the Apa-
lachicola River near Sumatra, Florida, and (c) Station #13342500 (drainage area = 24,042 kmz) located on the
Clearwater River, Idaho. These three USGS gauge stations were chosen because they have continuous daily
streamflow data, sparse sediment measurements, and represent diverse geographical locations across the United
States. Units for the data obtained from the USGS gauge stations are typically in mg L™ for total solid, dissolved
solid and sediment contents and m> s™" for streamflow.

Prior to performing copula regression, the correlations between streamflow and sediment content were investi-
gated. Figure 2 shows that poor correlations exist between the streamflow and sediment content for all three
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(Drainage area = 24,042 km?) (Drainage area = 20,953 km?)

\ USA

USGS Station #02359170
Apalachicola River near
Sumatra, Florida
(Drainage area = 49,727 km?)

Figure 1. Locations of the study sites, showing the three US Geological Survey gauge stations.

stations. It is therefore difficult to predict sediment concentrations based on streamflow data using these simpler
linear equations and thus a copula regression was employed.

2.2. Copula Regression

Traditionally, copulas are developed using inversion (elliptical copulas), generation (Archimedean copulas), and
extreme value methods (Nelsen, 2006). These methods rely on a small number of parameters and lack flexibility
in high dimensions. In recent years, vine copulas have emerged as highly flexible alternatives to overcome these
limitations (Aas et al., 2009). While there are many copula families with numerous copula functions, five of the
most commonly used copulas in literature, namely the BB8 (Joe-Frank), Clayton, Frank, Gumbel, and Normal
copulas, were selected for analysis in this study. Using the Vinecopulas package in R, the best copula among the
five was then chosen to develop the copula-based regression equations for the three USGS gauge stations,
allowing for the prediction of sediment concentration using streamflow data. A flowchart for the copula analysis
is shown in Figure 3, and the detailed steps are as follows:

1. Frequency Distribution. The frequency distributions of streamflow and sediment concentration were deter-
mined by histogram analysis. As shown in Figure 4, streamflow and sediment data followed a Gamma dis-
tribution, which was used as the marginal distribution function when developing bivariate distributions for the
five copulas. In copula analysis, the probability distribution of all variables is termed the joint distribution,
whereas the probability distribution of one variable is denoted as a marginal distribution. The dependence (or
correlation) between two variables is determined by their marginal distributions. Two variables are dependent
if and only if their joint distribution function is not equal to the product of their marginal distribution functions.

2. Best Copula Selection. In this study, Kendall's tau () was employed to evaluate the correlation (or depen-
dence) between observed streamflow and sediment concentration at a significance level of p < 0.05. If =0,
no relationship exists. If = 1 (or —1), a perfect positive (or negative) relationship is present. Based on the =
and p values, the normal copula was determined to be the best choice, as it showed the highest 7 and lowest p
values (Table 1) among the five copulas at all three study sites. The Normal copula is calculated as follows
(Renard & Lang, 2007):
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Figure 2. Plots of measured sediment content against measured streamflow
for the three study sites used in this study.

Cn(up ) = W[y ),y ™" ()] 9]

where C) is the Normal copula, u is the variable, ¥ is the cumulative
distribution function (cdf) and  is the cdf of the standard normal distri-
bution at (0, 1). The Normal copula allows the modeling of dependence in
high dimensions with only one parameter. The correlation between two
variables in the Normal copula was calculated using the tau value:

2
T= Earcsin 0, 2)

where 7 is tau value and @ is Pearson's correlation. The copula analysis was
performed using R script in this study.

. Verification of Normal Copula. The selected Normal copula was used to

predict sediment concentration based on randomly generated streamflow
data for all three study sites. The correlation between the generated
streamflow and the predicted sediment concentration was verified using
Kendall's 7 at p < 0.05.

. Generation of Streamflow and Sediment Data. Following verification, the

Normal copula was employed to generate 500 random data points for both
streamflow and sediment concentration. These data points were sufficient
to establish a copula-based regression equation.

. Establishment and Validation of Copula-Based Equation. The randomly

generated streamflow and sediment concentration data were used to
develop a regression equation. The predicted sediment concentrations
from the equation were validated against measured data using statistical
metrics such as coefficient of determination (R%), normalized root mean-
square error (NnRMSE), Nash Sutcliff efficiency (NSE), and percent bias
(PBIAS). The nRMSE is calculated as (Taebi & Mansy, 2017):

: 3

where O; is the observations, S; is the model predictions, O is the average of observations, and # is the total
number of observations. The NSE is given as (Nash & Sutcliffe, 1970):

i (0i-5)

NSE=1- , —>
Zi=1 (Oi - 0)

4)

where NSE = 1 represents a perfect fit, NSE > 0.75 indicates a very good fit, 0.36 < NSE < 0.75 represents a
reasonable fit, and NSE < 0.36 is considered an unsatisfactory fit (Krause et al., 2006). The PBIAS is esti-

mated as (Rubin, 1976):

Z?:l(noi =59 100. )

PBIAS =
2i=1 Oi

A PBIAS of 10% or less is acceptable in hydrological modeling analysis (Golmohammadi et al., 2014).
6. Application of Copula-Based Regression Equations. The established regression equations was used to predict
sediment concentrations and loads based on measured streamflow data at the three USGS gauge stations.
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Plot histograms for measured streamflow
and sediment concentration to determine the
type of marginal distribution function

!

Perform copula analysis and select the best
copula for regression

!

Verification of the selected copula for
predicting sediment concentration with field
measurements

!

Randomly generation of streamflow and
sediment data using the selected copula

!

Establish copula-based regression equation
and validate with measured data

!

Apply the copula-based regression equation
to predict sediment concentration and load

To develop scientific confidence, sediment concentration and load pre-
dictions from the copula method were further compared with those from
SWAT model. The SWAT is a widely used model for simulating hydrological
processes and water quality in large and complex watersheds affected by
surficial processes such as land use, management, and climate variability
(https://swat.tamu.edu/). In this study, the SWAT model was developed to
predict sediment load in the Apalachicola River Basin, Florida (Figure 1). The
primary reason for choosing this basin is that there are sufficient measured
sediment data for SWAT calibration. Additionally, the hydrological pro-
cesses for this basin were previously simulated (Ouyang et al., 2022) using the
HAWQS (Hydrologic and Water Quality System) model (https://hawqs.tamu.
edu/). The HAWQS model is a customized version of SWAT. The sediment
load simulation was activated in the HAWQS model and calibrated using the
measured total dissolved solid data for a period from 1993 to 2007.

3. Results
3.1. Copula Selection and Regression

Five commonly used copulas, namely BB8, Clayton, Frank, Gumbel, and
Normal copulas, were employed to fit the measured streamflow and sediment
content data. Based on Kendall's 7 and p values, the Normal copula was
identified as the best fit for the data across the three study sites. Specifically,
the Normal copula had the highest 7 and lowest p-values (Table 1), making it
the optimal choice for developing copula-based regression equations between

Figure 3. A flowchart used for copula-based regression analysis.

streamflow and sediment concentration. Figure 5 compares the simulated
sediment concentrations using the randomly generated streamflow data ob-
tained from the Normal copula with field measurements. Results showed that the copula simulated sediment
concentrations matched the observed sediment concentrations well for the study sites in New York (z =0.611 and
p = 0.05) and Florida (z = 0.591 and p = 0.028) but not for the study site in Idaho (z = 0.59 and p = 0.106)
because the value of p for this site was >0.05.

Using the data randomly generated by the Normal copula, the linear regression equations between streamflow and
sediment concentration were developed for the three study sites (Figure 6):

Ysediment Cone = 0.0626Xgeamfiow + 90.443, 6)
for the Hudson River, New York,

Ysediment Cone = 0.0244Xseamflow + 56.858, @)
for the Apalachicola River, Florida, and

Ysediment conc = 0-0605X g camfiow — 1.0796, 8)

for the Clearwater River, Idaho. These linear regression equations were not possible to obtain using the measured
data (Figure 2) but were feasible after copula transformation (Figure 6). While there are no physical in-
terpretations about the coefficients and constants, the above three copula-based regression equations were used to
predict sediment concentrations and loads based on measured streamflow data. It should be pointed out that
Equation 8 is not advisable to use because it did not meet the dependence (or correlation) criteria of copula
analysis, as the p value was >0.05, although the statistical metrics appeared to be reasonable (Figure 6c¢).
Equation 8 is only used to demonstrate how the copula-based regression fails when it does not meet the de-
pendency criteria.
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Figure 4. Histogram plots of observed streamflow and sediment data from the three USGS gauge stations, showing a Gamma
type of distribution.

3.2. Validation of Copula-Based Prediction

While the selection of the Normal copula was verified using Kendall's 7 values at p < 0.05, further validation of
the sediment concentration predictions was performed using Equations 6—8 against measured data. This vali-
dation provided strong scientific confidence in applying the copula-based regression method. Comparisons be-
tween the copula-based regression predictions and field measurements for sediment (or total dissolved solids)
concentrations are shown in Figure 7. The statistical metrics ranged from 0.92 to 0.96 for R?, from 0.09 to
0.97 mg L~! for nRMSE, from 0.416 to 3.294 for NSE, and from 0.0004 to 129 for PBIAS, and were <0.001 for
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Table 1

Comparisons of the Kendall's © and p Values Among the BBS, Clayton, Frank, Gumbel, and Normal Copulas for the Three Study Sites

Copula

Hudson River, New York

Apalachicola River, Florida

Clearwater River, Idaho

7 p-value @ p-value 7 p-value
BB8 0.331 0.723 0.332 0.558 0.331 0.897
Clayton 0.213 0.833 0.202 0.828 0.218 0.843
Frank 0.157 0.930 0.160 0.981 0.169 0.963
Gumbel 0.036 0.771 0.070 0.983 0.037 0.921
Normal 0.611 0.05 0.591 0.028 0.590 0.106

Note. These values were obtained by fitting the observed streamflow and sediment load with the copulas.

Total dissolved solid (mg L) Total Solid (mg L)

Total sediment (mg L)

120 160 200

80

Hudson River, New York (USGS #01358000)

G

=Y

t=0.611, p = 0.05
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<  Simulated

1000

Streamflow (m3 s1)

1500

Apalachicola River, Florida (USGS #02359170)

80

(b)
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4000
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t=0.59, p=0.106

< Observed
< Simulated

1000

Streamflow (m?3 s)

1500

Figure 5. Comparison of the copula simulated stream flows and sediment contents with the field observations at the three

study sites.

OUYANG

7 of 15



~
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Water Resources Research

10.1029/2025WR 040224

B
(=]
o

Hudson River, New York (USGS #01358000)

w
(=3
o

Total Solid (mg L)

200

=y
w
o

Total dissolved solid
(mgL?)
=
a o
S o

o

500

400
300
200
100

Total sediment (mg L)

y =0.0626x + 90.443 (a)
R?=0.6028, p < 0.001
N ° o ® o ®
@b o® ° o®
500 1,000 1,500 2,000 2,500
Streamflow (m3s?)
Apalachicola River, Florida (USGS #02359170)
y = 0.0244x + 56.858
R?=0.6009, p < 0.001 °
L]
L[]
[ ]
oo ® e ® © L4
A Y
o ! LIPS
o
(b)
1000 2000 3000 4000
Streamflow (m?3s)
Clearwater River, Idaho (USGS #13342500)
y =0.0605x - 1.0796 .
R?=0.5374, p < 0.001
LS °
3,953
L
AT (c)
0 1,000 2,000 3,000 4,000

Streamflow (m?3s?)

Figure 6. Copula-based regressions between streamflow and sediment
contents at the three study sites.

p-value. While these statistical matrices were reasonable for applying the
copula-based regressions to predict the sediment concentrations using
streamflow data for the study sites in New York and Florida, the intercept in
= 0.457X casurement) @and NSE value (3.294) for the
study site in the Clearwater River, Idaho were not acceptable. The prediction
only accounted for 45.7% of the measurements and the NSE value was outside
the acceptable range.

the equation (Y,

prediciton

Figure 8 presents time series comparisons between predicted and measured
sediment concentrations, showing that the copula-based regressions reason-
ably captured peaks and valleys in sediment concentrations for the study sites
in New York and Florida while overestimating the sediment concentrations
for the study site in Idaho. Therefore, Equation 8 was not applied to predict
sediment concentrations and loads based on streamflow data for this study
site.

3.3. Comparison With SWAT Model

Comparison of the copula and SWAT predicted daily sediment loads with the
measured sediment loads at the basin outlet in the Apalachicola River, Florida
over the period from 2008 to 2020 is presented in Figure 9. The predicted
daily sediment loads were obtained by first predicting the sediment concen-
trations using Equation 7 and multiplying the daily concentrations with daily
streamflow values.

While both the copula and SWAT methods predicted the daily sediment loads
reasonably well, differences in predicting daily sediment loads between the
two methods were discernible. As shown in Figure 9, the copula method had
higher values of R?(0.861 for copula and 0.552 for SWAT) and NSE (0.86 for
copula and 0.13 for SWAT) and lower nRMSE (0.276 for copula and 0.695
for SWAT), indicating that the copula method outperformed the SWAT
model in predicting daily sediment loads at the basin outlet in the Apa-
lachicola River, Florida.

3.4. Application of Copula-Based Regression

Predicted daily sediment concentrations from 2011 to 2021 at the two study sites are shown in Figure 10. These
predictions were accomplished using the copula-based regression equations (Equations 6 and 7). It should be

noted that no measured sediment data were available for the Hudson River, New York during this period, whereas

some sparse and discontinued measured sediment data were available for the Apalachicola River, Florida. While

the predicted sediment concentrations varied with study sites and times, the average sediment concentration over
the period was in the order: Hudson River (118 mg L") > Apalachicola River (70 mg L™).

Predicted annual sediment loads over an 11-year period from 2011 to 2021 at the two study sites are shown in
Figure 11. The annual sediment loads ranged from 1.2E+6 to 2.8E+6 tons for the Hudson River, New York and
0.5E+6 to 1.8E+6 tons for the Apalachicola River, Florida. Average annual sediment load was higher for the
Hudson River (1.8E+6 tons) than for the Apalachicola River (1.4E+6 tons). While there was an increasing trend
of annual sediment loads at the Hudson River, New York at 7 = 0.289, p = 0.283 and a decreasing trend of annual
sediment loads at the Apalachicola River, Florida at 7 = —0.244, p = 0.371 (Figure 11), these trends were not
significant at p < 0.05 based on the Mann-Kendell test.

4. Discussion

4.1. Copula Method Selection and Validation

As presented in Figure 2, there were no good correlations between streamflow and sediment concentration for the

three study sites because the values of R> were very poor. Therefore, it is not advisable to predict sediment
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Figure 7. Validation of the copula simulated sediment contents with field
observations at the three study sites.

concentrations and loads based on streamflow data using traditional methods
(e.g., simpler linear regression) in this study. Normally, predicting sediment
concentration and load in rivers using measured streamflow data are difficult
because these two variables often lack a good linear correlation in many
watersheds worldwide. These occur because of spatial and temporal varia-
tions of sediment contents in rivers, resulting from variations of watershed
conditions. However, with the adoption of copula-based regression, it may be
feasible to predict sediment concentrations using streamflow data as pre-
sented in Figure 6.

The copula-based regression process involves selecting the best copula based
on analyzing measured streamflow and sediment concentration histograms,
selecting the best copula among the five commonly used copulas by checking
Kendall's 7 and p values when comparing the copulas' predictions to field
measurements, verifying the selected copula with another set of measured
data, and finally developing a copula regression equation between streamflow
and sediment concentration using data randomly generated by the selected
copula.

Based on the statistical metrics listed in Table 1, Normal Copula was selected
as it has highest 7 and lowest p values for the basin in Hudson River, New
York and Apalachicola River, Florida. While the highest T value was also
found for Normal Copula in Clearwater River, Idaho, the p value (0.106) was
not at the significant level of <0.05. Therefore, it is normally not recom-
mended to apply the copula method for this study site. In general, a key
assumption of applying copula-based regression to predict sediment con-
certation is the existence of a good correlation (dependence) between
measured sediment content and streamflow after copula transformation. This
correlation was determined using Kendall's 7 at p < 0.05. According to
Schober et al. (2018), correlations are weak at 7 < 0.39, moderate at
0.4 < 7<0.69, and strong at 7 > (.7. Based on the 7 and p values shown in
Figure 5, the correlations between sediment concentration and streamflow
generated by the Normal copula at two study sites (Figures 5a and 5b) are
acceptable. An elaborate discussion of scientific basis for the 7 criteria can be
found elsewhere (Joe, 2014; Nelsen, 2006; Schober et al., 2018).

To develop confidence in applying the copula-based regression equations, a validation of the predicted sediment

concentrations with field measurements was also performed (Figures 7 and 8). Given the reasonable statistical

metrics (Figure 7) and peak and valley visualization (Figure 8), the copula-based regression method has proven to
be a valuable tool for predicting sediment concentrations using measured streamflow data for the basins in
Hudson River, New York and Apalachicola River, Florida, a task that traditional regression methods may be

difficult to accomplish. It should be noted that the predicted sediment concentrations for the basin in Clearwater

River, Idaho were not acceptable as the value of NSE (3.294) was unrealistic. The copula-based regression

(Equation 8) for this basin overestimated the sediment concentrations as compared to those of the field mea-

surements. This further confirmed that the copula method was not appropriate for this study site because the
copula transformation of the measured sediment concentration and streamflow data did not meet the dependency
criteria of copula analysis at p < 0.05.

4.2. Copula Versus SWAT

To develop users' confidence, the copula method established in this study was compared with the SWAT model
(Figure 9). In general, both the copula and SWAT well predicted daily sediment loads at the basin outlet in the
Apalachicola River, Florida over the period from 2008 to 2020 when compared with the field measurements as

indicating by the statistical metrics. In particular, the copula method was somewhat better than the SWAT model
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Figure 8. Time series comparison of the copula simulated sediment contents

with field observations at the three study sites. sediment concertation and load.

4.3. Copula Application, Sensitivity, Uncertainty, and Limitation

Variations in annual average sediment loads with study sites occurred depending on watershed conditions and
anthropogenic activities. It is worth noting that the annual average sediment load may not be always proportional
to watershed drainage area. For example, the drainage area and annual average sediment load were, respectively,
20,953 km? and 1.8E+6 tons at the study site in Hudson River, New York but were, respectively, 49,727 km? and
1.4E+6 tons at the study site in Apalachicola River, Florida. In other words, the drainage area in Hudson River
watershed was about 2.4 times less than in the Apalachicola River watershed, whereas the annual sediment load in
Hudson River basin was about 28% higher than in the Apalachicola River basin. Results indicated that land use
and anthropogenic activities could also play an important role in annual average sediment load (Chakra-
pani, 2005). Overall, no significant trends in sediment loading were observed over the 11-year period from 2011
to 2021 (Figure 11), implying that sediment loads remained relatively unchanged at these study sites.

In Normal copula analysis, only input parameter can be changed to determine the sensitivity of dependency (or =
value) between two variables (e.g., sediment concentration and streamflow for this study) is the Pearson corre-
lation coefficient € as shown in Equation 2. This is an advantage in using Normal copula, especially for high
dimension analysis. It has been reported that the dependence is weak at 8 < 0.39, moderate at 0.40 < 6 < 0.69, and
strong at 0.70 < € < 1.0 (Schober et al., 2018). Thus, a sensitivity analysis was performed to inspect the variations
of 7 value by changing the Pearson correlation coefficient. Results revealed that the changes in € value from 0.5 to
1.0 increased the 7 value from 0.57 to 0.59 for the Apalachicola River Basin, Florida and 0.60 to 0.61 for the
Hudson River Basin, New York, indicating the Normal Copula was not sensitive to the Pearson correlation
coefficient in this study.
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Figure 9. Comparisons of copula and SWAT predicted daily sediment loads

with measured ones.

when sediment concentration is asynchronous to streamflow during extreme
weather events such as thunderstorms and hurricanes. Under these conditions,
plots of sediment concentration versus streamflow may display looping pat-
terns, including clockwise hysteresis (peak sediment concentration preceding peak streamflow or a “first flush”
effect) and counterclockwise hysteresis (peak sediment concentration lagging peak streamflow). The direction
and magnitude of hysteresis depend on factors such as sediment availability, flow intensity, and the distance
between sediment source and stream location (Hamshaw et al., 2018; Long et al., 2024). Such situations may
produce a low 7 value (<0.4) and a high p value (>0.05) when assessing the sediment and streamflow relationship
during copula selection (see Step 2 of Section 2.2), indicating that the proposed copula method may not be
applicable or may require further investigation.

It should be aware that sparse measured sediment and streamflow data are required as a prerequisite to
establish a copula-based regression equations for applying the method developed in this study. If the 7 value is
<0.4 and p value is >0.05 when comparing the copula predictions with field measurements, it is not advisable
to apply the copula method to avoid uncertainties and failure as demonstrated for the study site in Clearwater
River Basin, Idaho. Additionally, the method has not been applied to event-driven conditions such as hurri-
canes, floods, droughts, and snowmelt because no such measured data are available for the study sites. Song
et al. (2024) applied the time-varying copula-based approach to assess extreme rainfall and high-water level in
the Qinhuai River Basin and Yangtze River, China. These authors argued that the time-varying copula-based
approach could provide a flood risk assessment framework. Therefore, further study is warranted to tackle this
issue using Normal copula and time-varying copula-based approaches when the measured streamflow and
sediment data are available under such extreme weather conditions. Furthermore, while the copula method was
used to predict sediment content based on streamflow data for a single gauge, it can be extended for multiple
gauges within a basin.
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Figure 11. Predicted annual sediment contents at the two study sites.
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Figure 12. Uncertainty analysis of the two study sites.

5. Conclusions

Sediment pollution in surface waters poses significant environmental and ecological challenges. While watershed
models have been used to predict sediment loads in rivers, their reliance on vast amounts of input data and
calibration efforts limits their efficiency. Additionally, the lack of good linear correlations between streamflow
and sediment load in many watersheds complicates predictions using traditional methods.

To address these challenges, this study developed an alternative approach using copula-based regression. The
process included selecting the best copula, verifying it against field measurements, and developing regression
equations for predicting sediment concentrations and loads. Validation with field measured data showed very
good statistical performance, highlighting the copula-based regression method as a robust tool for predicting
sediment concentrations and loads based on streamflow data.

Compared to the SWAT model, the copula-based regression method is more time-saving and cost-effective.
Additionally, this method has potential to predict other water quality constituents, provided there is a good
correlation (dependence) validating by the 7 and p values after copula transformation.

Furthermore, while the copula-based regression method is a promising approach for estimating sediment con-
centration and load using streamflow data, further study is warranted to test its applicability by comparing with
machine learning approaches. Although real-time predictions of sediment concentration and load in streams are
not considered in this study, interested readers can apply the copula-based method to predict real-time sediment
concertation and load if the real-time sediment and streamflow data is available.
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