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a b s t r a c t
Sediment is a major source of non-point pollution. Suspended sediment can transport nutrients, toxicants and
pesticides, and can contribute to eutrophication of rivers and lakes. Modeling suspended sediment in rivers is
of particular importance in the ﬁeld of environmental science and engineering. However, understanding and
quantifying nonlinear interactions between river discharge and sediment dynamics has always been a challenge.
In this paper, we introduce a parsimonious probabilistic model to describe the relationship between Suspended
Sediment Load (SSL) and discharge volume. This model, rooted in multivariate probability theory and Bayesian
Network, infers conditional marginal distribution of SSL for a given discharge level. The proposed framework
relaxes the need for detailed information about the physical characteristics of the watershed, climatic forcings,
and the nature of rainfall-runoﬀ transformation, by drawing samples from the probability distribution functions
(PDFs) of the underlying process (here, discharge and SSL data). Discharge and SSL PDFs can be simpliﬁed into a
joint distribution that describes the relationship between SSL and discharge, in which the latter acts as a proxy for
diﬀerent predictors of SSL. The joint distribution is created based on historical discharge and SSL data, and stores
information about the discharge-SSL relationship and sediment transport process of the watershed of interest. We
test this framework for seven major rivers in the U.S., results of which show promising performance to predict
SSL and its likelihood given diﬀerent discharge levels.

1. Introduction
Understanding and quantifying nonlinear interactions between river
discharge and sediment dynamics, and its short- and long- term impacts
on the river morphology, and terrestrial and aquatic ecosystems is challenging, given the heterogeneity of watersheds, stochastic nature of turbulent ﬂow, and characteristics of erosion processes (Garcia, 2008; Malmon et al., 2002). Sediment transport and deposition can induce major
environmental problems such as deteriorating aquatic habitat and surface water quality, ﬁlling reservoirs, redirecting the course of streams,
widening ﬂoodplains of rivers, and destroying buildings and properties (Best and Bristow, 1993; Morris and Fan, 1998; Parker and Ikeda,
1989). Hence, understanding and modeling sedimentation processes in
streams and rivers is important in diﬀerent ﬁelds of study, including environmental quality and resource management, river management and
river transportation (Aytek and Kişi, 2008; Lovejoy et al., 1997; Schumm
et al., 1984).

∗

Sediment transport can occur in two general forms: 1. suspended
load, and 2. bed load, which in great part depends on sediment particle size distribution (Garcia, 2008). For example, cohesive clay particles
form consolidated particles, which can increase critical shear stress and
subsequently fall velocity of the consolidated particles (Berlamont et al.,
1993). This property decreases sediment transport rate and hence lessen
suspended sediment concentration (Wiberg and Smith, 1987). On the
other hand, silt particles have lower fall velocity compared to the consolidated clay particles. Silt is usually eroded from watershed surface and
is dominantly transported as suspended load in rivers (Bagnold, 1962).
Sand contents, on the contrary, mostly source from the river bed, and
their suspension depends on discharge value and shape of the river
(Garcia, 2008). Moreover, land use and cover can also aﬀect sediment
transport. Urban land cover, for example, can augment impervious area
and increase ﬂood peaks, which in turn decreases erosion at the source
but enhances suspension of bed load (Wolman, 1967). Agricultural land
use can also increase watershed’s sediment yield as a result of removing
natural vegetal cover and disturbing soil surface (Walling, 1999). On
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the contrary, forest can protect land surface from erosion and diminish
soil mobility (Leopold, 1968). These parameters along with ﬂow shear
stress govern sediment transport in rivers (Yang, 1996).
Sediment transport modeling is commonly interconnected to hydraulic engineering (Yang, 1996). Traditionally, physical models have
been used to tackle this challenge (Van Rijn, 1984; Vanoni, 2006), but
more recently computational and empirical models have gained popularity with the advancement of computational power (Garcia, 2008;
Morgan et al., 1998; Warner et al., 2008). Also, black-box approaches
such as artiﬁcial intelligence techniques and machine learning algorithms have recently been used in various ﬁelds of environmental modeling, including sediment transport (Cobaner et al., 2009; Kisi et al.,
2012). Stochastic approaches for modeling sediment transport and yield,
however, received less attention, and were only sparsely used to account
for processes related to rivers’ hydraulic properties, such as turbulence
eﬀect on incipient motion of bed load material, particle motion on a
mobile bed, and particle trajectory estimation (Kleinhans and van Rijn,
2002; Lisle et al., 1998; Van Rijn et al., 1993).
In this study, we introduce a stochastic approach for modeling Suspended Sediment Load (SSL) in alluvial rivers. This event-based probabilistic approach draws insights from the multivariate probability theory
and Bayesian Networks, and estimates the conditional marginal distribution of SSL in a high ﬂow event given the discharge volume. SSL consists
of wash load (from upstream erosion) and suspended bed load, which
are both dependent on stochastic processes such as ﬂow turbulence, and
precipitation intensity, energy and angle, among others (Garcia, 2008).
SSL is highly interrelated with high ﬂow volume (Chalov et al., 2015). In
fact, a majority of watersheds sediment yield is transported during ﬂood
events (Rankl, 2004). We model this correlation structure using copulas,
and exploit this dependence structure to estimate SSL based on discharge
volume. This approach has a sound probabilistic basis, and estimates
likelihood of diﬀerent SSL levels, which in turn provides insights for uncertainty quantiﬁcation of predictions. The proposed approach characterizes the underlying data generating Probability Distribution Function
(PDF), from which random samples are drawn to construct the conditional marginal distribution of SSL. The underlying data generating PDF
is constructed from historical observed data and stores key components
of the watersheds’ sedimentation processes (such as slope, vegetation
cover, and soil characteristics, among others). This framework not only
relaxes the need for detailed information about watershed characteristics and climatic forcing, but also requires a signiﬁcantly lower computational cost to model SSL compared to its computational and physical
counterparts. Note that in this study, the joint distribution of SSL and
discharge has been exploited given the availability of long-term observations of both variables. One may construct the joint distribution of SSL,
discharge, velocity proﬁle and pressure ﬁeld, among others; and condition the marginal distribution of SSL on multiple drivers for a more
conﬁned uncertainty range. However, lack of long-term observation of
such detailed information might be prohibitive.

2.2. Bayesian network
We can employ Bayesian Networks (BNs) to derive the underlying
data generating conditional PDF, F(.|.), for environmental modeling.
BNs are probabilistic graphical models that describe a set of random
variables, R, and their conditional dependencies, F(ri |rj ), through a directed acyclic graph (Thulasiraman and Swamy, 1992). The joint density
function, f(.), of random variables, R, that collectively form a BN, given
an ordering similar to that of the parent variables, can be described as
Russel and Norvig (2003),
∏
𝑓 ( R) =
𝑓 (𝑟𝑗 (𝑛)|𝑟𝑗 (𝑛 − 1), ⋯ , 𝑟𝑗 (1)),
(1)
∀𝑟𝑗 ∈R

which using the chain rule in the probability theory can be reorganized
to Madadgar and Moradkhani (2013),
𝑓 (𝑟𝑗 (𝑛)|𝑟𝑗 (𝑛 − 1), ⋯ , 𝑟𝑗 (1)) =

𝑓 (𝑟𝑗 (𝑛), 𝑟𝑗 (𝑛 − 1), ⋯ , 𝑟𝑗 (1))
𝑓 (𝑟𝑗 (𝑛 − 1), ⋯ , 𝑟𝑗 (1))

.

(2)

The joint density function, f(.), in Eq. 2 can then be modeled using
copulas.
2.3. Copulas
Copulas are mathematical functions that describe the dependence
structure between two, or more, time-independent random variables,
regardless of their marginal distributions (Joe, 2014). A bivariate copula, informally deﬁned, maps from a space I × I (I ∈ [0, 1]) to the space I
(Nelsen, 2007). If 𝐹1 (𝑟1 ) = 𝑢1 and 𝐹2 (𝑟2 ) = 𝑢2 are marginal distributions
of random variables r1 and r2 , according to Sklar’s theorem (Sklar, 1959)
there is a copula that explains their multivariate cumulative distribution
function,
𝐹 (𝑟1 , 𝑟2 ) = 𝐶(𝐹1 (𝑟1 ), 𝐹2 (𝑟2 )) = 𝐶(𝑢1 , 𝑢2 ),

(3)

and the copula function, C, is unique if the marginal distributions, F1
and F2 , are continuous. The copula density function, c(.), can then be
simply derived as Sadegh et al. (2018b),
𝑐(𝑢1 , 𝑢2 ) =

𝜕 2 𝐶(𝑢1 , 𝑢2 )
.
𝜕𝑢1 𝜕𝑢2

(4)

The joint density function can be decomposed as Madadgar and Moradkhani (2013),
𝑓 (𝑟1 , 𝑟2 ) = 𝑐(𝑢1 , 𝑢2 )

2
∏
𝑖=1

𝑓𝑖 (𝑟𝑖 ),

(5)

which reorganizes Eq. 2 to Madadgar et al. (2017); Mazdiyasni et al.
(2017),
𝑓 (𝑟2 |𝑟1 ) =

𝑐(𝑢1 , 𝑢2 )𝑓 (𝑟2 )𝑓 (𝑟1 )
= 𝑐(𝑢1 , 𝑢2 )𝑓 (𝑟2 )
𝑓 (𝑟1 )

(6)

This framework can be readily extended to higher dimensions. To
ﬁnd the best copula model to describe the dependence structure between
SSL and discharge, we employ the 26 copula families of the Multivariate Copula Analysis Toolbox (MvCAT, Sadegh et al. (2017)), namely:
1. Gaussian, 2. t-, 3. Clayton, 4. Frank, 5. Gumbel, 6. Independence, 7.
Ali-Kikhail-Haq (AMH), 8. Joe, 9. Farlie-Gumbel-Morgenstern (FGM),
10. Gumbel-Barnett, 11. Plackett, 12. Cuadras-Auge, 13. Raftery, 14.
Shih-Louis, 15. Linear-Spearman, 16. Cubic, 17. Burr, 18. Nelsen, 19.
Galambos, 20. Marshall-Olkin, 21. Fischer-Hinzmann, 22. Roch-Alegre,
23. Fischer-Kock, 24. BB1, 25. BB5, and 26. Tawn copulas (refer to
Table 1 of Sadegh et al. (2017) for more information). Also, to ﬁnd
the best marginal distribution of the observed data, r1 and r2 , we use 17
diﬀerent continuous marginal distribution functions, including: 1. Beta,
2. Birnbaum-Saunders, 3. Exponential, 4. Extreme value, 5. Gamma, 6.
Generalized extreme value, 7. Generalized Pareto, 8. Inverse Gaussian,
9. Logistic, 10. Log-logistic, 11. Lognormal, 12. Nakagami, 13. Normal,
14. Rayleigh, 15. Rician, 16. t location-scale, and 17. Weibull distributions (Bowman and Azzalini, 1997; Johnson et al., 1993; 1994).

2. Methodology
2.1. Stochastic modeling of environmental processes
Environmental models strive to capture response of a system to some
drivers, which might not be necessarily unique (Sadegh et al., 2018a).
If the relationship between observed inputs, R = {𝑟1 , 𝑟2 , ⋯ , 𝑟𝑛 }, states,
X, and system response, Y, is stochastic, the modeling approach should
also be stochastic. Indeed, most environmental modeling frameworks
should adopt a stochastic nature, considering the random characteristics of the measurement errors. The underlying data generating process
for an environmental system, then, can be described as a conditional
PDF, 𝐹 (Y|X, R), derived from the joint PDF 𝐹 (Y, X, R), constrained by
the conservation principles and the physical limitations of the system
(Bulygina and Gupta, 2009; 2010; Bulygina et al., 2009; 2011).
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Table 1
Average annual SSL and discharge of the nine USGS stations of this study, and the fraction of annual SSL transported during the high ﬂow ( > 70th percentile of
discharge distribution) events. Last column presents Pearson correlation coeﬃcient between high ﬂow events’ SSL and discharge volume.
River

Location

USGS
station
number

Average

Fraction of SSL in high ﬂow
events (%)

Pearson correlation
coeﬃcient: SSL and discharge

86.4
87.8
68.3
89.0
86.0
80.2
78.5
95.1
78.8

0.907
0.954
0.851
0.889
0.908
0.903
0.949
0.966
0.946

SSL × 106 (ton/year) Discharge (km3 /year)
Colorado (A)
Colorado (B)
Mississippi (C)
Hudson (D)
Sacramento (E)
Missouri (F)
San Joaquin (G)
Arkansas (H)
Mississippi (I)

near Grand Canyon, AZ
near Cisco, UT
at Mcgregor, IA
at Stillwater, NY
near Freeport, CA
at Hermann, MO
near Vernalis, CA
at Arkansas City, KS
at Thebes, IL

9402500
9180500
5389500
1331095
11447650
6934500
11303500
7146500
7022000

111.5
9.15
1.6
0.078
1.95
104.03
0.313
2.38
97.84

14.27
6.09
37.37
5.87
20.24
64.36
3.65
1.82
219.76

2.4. Modeling SSL given discharge volume

to errors, which in turn introduce a level of uncertainty to the modeling
approach.

High ﬂow events are major contributors (70-80%) of the annual sediment yield of most basins (Chalov et al., 2015). We therefore focused
our attention on modeling the relationship between discharge volume
and SSL during high ﬂow events, as deﬁned by the daily discharge levels exceeding xth percentile of the long-term discharge series. We have
considered diﬀerent levels of 𝑥 = {65th, 70th, ⋯ , 90th} percentiles of discharge series, and selected 70th percentile as a good representative for
the threshold of high ﬂows. This threshold warrants that the high ﬂow
events are associated with a majority of the sediment load of the watersheds (Table 1). Indeed, ∼ 70-90% (Table 1, column 6) of annual
suspended sediment yield of our case studies are transported in such
events (more in Section 3).
Our proposed framework is graphically presented in Fig. 1. We ﬁrst
identify high ﬂow events (as deﬁned by discharge above 70th percentile
of historical ﬂow record, Fig. 1.1) and devise a set of discharge volumes
and associated SSLs from these events (Fig. 1.2). We then ﬁt marginal
distributions to the SSL and discharge volume observations (Figs. 1.3.1
and 3.2), which are in turn used in constructing copula models (Fig. 1.4).
We then, using ﬁtted marginal and copula models, exploit Eq. 6 to derive the conditional marginal distribution of SSL given discharge volume
(Fig. 1.5).
It is worth mentioning that we have carefully examined the high ﬂow
events for temporal independence. Each single event is at least two days
apart from the following and preceding events. The SSL associated with
each ﬂood event is estimated as total sediment load during the extended
period of the event, which includes one day before the start and one day
after the ﬁnish date of the event. Discharge volume and SSL show signiﬁcant inter-dependency (at 1% signiﬁcance level) as documented by
the Pearson correlation coeﬃcient in Table 1 (last column). It is also
noteworthy that we have tested the historical data for hysteresis eﬀects
(Buendia et al., 2016; Sherriﬀ et al., 2016), and concluded that such effect is negligible given the watershed sizes and average annual discharge
of the rivers (Table 1, column 5).

4. Results and discussion
To evaluate the performance of the proposed framework, the derived
event-based data are divided into calibration and evaluation periods,
with the calibration section including 70% of the record (randomly selected) and the evaluation section comprising of the rest of the record.
We then ﬁt the proposed model (Eq. 6) to the calibration data, and evaluate the ﬁtted model against the out-of-sample evaluation data. In doing
so, the ﬁrst step is to ﬁnd the marginal distributions, F1 (r1 ) and F2 (r2 ),
that best ﬁt the observed data, r1 and r2 . We ﬁt the 17 aforementioned
marginal distribution functions to the log-transformed discharge, r1 , and
SSL, r2 , observations (Sadegh et al., 2018a) , and select the best model
according to the Bayesian Information Criterion (BIC), as formulated by,
⎛ ∑𝑛 (𝑟 (𝑖) − 𝑟̂ (𝑖))2 ⎞
𝑗
𝑖=1 𝑗
⎟ + 𝑘 log(𝑛),
BIC = 𝑛 log ⎜
⎜
⎟
𝑛
⎝
⎠

(7)

in which, n denotes the length of record, k signiﬁes the model’s degrees
of freedom, and rj (i) and 𝑟̂𝑗 (𝑖) are the ith elements of the modeled and
observed values of the 𝑗 th (𝑗 = 1, 2) driver (i.e. discharge and SSL), respectively. Next step is to ﬁnd the copula model, C(r1 , r2 ) in Eq. 3, from
the aforementioned 26 copula models that best describes the dependence structure of the two drivers in this study, i.e. river discharge, r1 ,
and SSL, r2 . One approach to select the best bivariate model could be
to ﬁnd the copula function, C(r1 , r2 ), with the best performance metric
(i.e. minimum BIC). An alternative approach could be selection of the
copula model, C(r1 , r2 ), that collectively with the marginal distribution
function of SSL, F2 (r2 ), as characterized by the Eq. 6, yield the best prediction of SSL compared to the observed data. Both approaches merge
to the selection of a common model, mostly; but we have adopted the
latter method, and selected a copula model, C(r1 , r2 ), for which the most
likely prediction of SSL (mode in the conditional marginal distribution
of Eq. 6) is closest to that of the observation, as documented by the
Nash-Sutcliﬀe Eﬃciency,
)2
∑𝑛 (
𝑟2 (𝑖) − 𝑟̂2 (𝑖)
NSE = 1 − ∑𝑖=1 (
(8)
) ,
𝑛
̂ 2
𝑖=1 𝑟̂2 (𝑖) − 𝑟̄2

3. Case studies
We test the capability of the proposed model (Fig. 1) for prediction of
SSL given discharge volumes over seven major rivers (nine United States
Geological Survey, USGS, stations), geographically dispersed across the
contiguous U.S. We carefully select stations, obtained from the sediment
portal of the USGS (https://cida.usgs.gov/sediment/), with a historical
record of at least 15 years of daily river discharge and SSL. These stations are listed in Table 1, and Fig. 2 displays their geographical locations in the U.S. as well as their long-term daily river discharge and SSL
observations. It is noteworthy that USGS usually estimates SSL based on
Suspended Sediment Concentration (SSC) measurements. SSC measurement and derivation of SSL as well as discharge measurement are prone

in which 𝑟̂̄2 represents average value of the second driver, i.e. SSL. BIC
and NSE hold properties that ﬁt the interests of this study. BIC takes
into account the length of record and model complexity to select the
best model. Usually models with higher degrees of freedom are more
ﬂexible, and hence tend to yield a closer ﬁt to the observed data. This,
however, might result in overﬁtting the calibration data, in which the
model closely follows the observed data but fails to accurately describe
the out-of-sample data record. BIC, hence, fairly compares the models
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Fig. 1. The proposed framework for modeling Suspended Sediment Load (SSL) given river discharge volume.

with diﬀerent degrees of freedom. NSE, on the other hand, scales the
goodness of performance of the models into the interval of (−∞, 1], for
which NSE = 1 is associated with a perfect ﬁt. This helps us compare
performance of the proposed model for diﬀerent rivers.
Table 2 lists the marginal distributions that best ﬁt the logtransformed discharge and SSL data for each of the nine USGS stations, as well as the selected copula model. Interestingly, the Generalized Pareto (GP) distribution is consistently selected to represent the
discharge distribution, except for the Mississippi river (I). This selection
is consistent with the literature that use the GP distribution to model
hydroclimate variables above a certain threshold. In our study, 70th percentile of long-term ﬂow time series is selected as the threshold. The SSL
distribution, however, is represented by a variety of diﬀerent distribution functions, namely Generalized Extreme Value (GEV), Generalized
Pareto (GP), Gamma, and Inverse Gaussian distribution functions for
diﬀerent stations. As for the copula models, Placket seems to be more
frequently selected, but Gumbel, Burr and Galambos copulas are also
used for some stations. Table 2 also presents the statistics of model performance for prediction of observed SSL values in terms of NSE, as well
as the coverage and spread of the uncertainty ranges. NSE is calculated
based on the divergence of the highest likely estimation of SSL from

the observed value. The results show good performance of the proposed
model with NSE values in the range of ∼ 0.7 to ∼ 0.9 for all the stations
(Table 2). Moreover, the model prediction performance is consistent
over the calibration and evaluation periods (in terms of similar NSEs).
The coverage of the observed SSL within the 68% and 95% predictive
uncertainty ranges, along with the average width (spread, in terms of
fraction of average annual SSL delivery) of the uncertainty bounds, are
also presented in Table 2 (last eight columns). As expected, the coverage
within the 68% and 95% uncertainty bounds fall in the vicinity of 68%
and 95%. This conﬁrms that our methodology is indeed able to capture
the overall behavior of the underlying data generating PDF.
Fig. 3 visually demonstrates SSL model simulations given discharge
volume for the calibration data for all the nine USGS stations of this
study. High ﬂow discharge volume (x-axis, km3 ) and SSL (y-axis, ton)
are both presented in log-scale. Each vertical line represents the conditional marginal distribution of SSL for a given discharge volume (as
presented on the x-axis), color coded to display the density levels. Red
sections represent higher density levels (more likely), whereas blue sections portray lower densities (less likely). As expected, greater discharge
volumes (bigger high ﬂow events) are associated with larger SSL levels.
However, the relationship between them is nonlinear (for example see
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S.A. Shojaeezadeh et al.

Advances in Water Resources 119 (2018) 188–196

Fig. 2. Daily historical time-series of discharge (blue line) and SSL (red line) for the nine USGS stations of this study. The horizontal black line in each ﬁgure shows
the 70th percentile of the discharge distribution, which is selected as the threshold for high ﬂows. (For interpretation of the references to colour in this ﬁgure legend,
the reader is referred to the web version of this article.)
Table 2
Selected marginal distributions and copula functions for each station, as well as the NSE for the best prediction of SSL, and the statistics of 68% and
95% predictive uncertainty ranges in the calibration and evaluation periods. Coverage describes the fraction of observation points encapsulated in the
uncertainty bounds, and the average uncertainty spread is presented in terms of fraction of the average annual SSL delivery of each watershed (river
section).
River name

Selected model
Marginal distribution

Colorado (A)
Colorado (B)
Mississippi (C)
Hudson (D)
Sacramento (E)
Missouri (F)
San Joaquin (G)
Arkansas (H)
Mississippi (I)
∗

Discharge

SSL

GP∗
GP
GP
GP
GP
GP
GP
GP
Rayleigh

GEV∗∗
Gamma
Gamma
GEV
GP
GEV
GEV
Inverse Gaussian
GEV

Best prediction
Copula

Placket
Gumbel
Burr
Placket
Galambus
Placket
Placket
Placket
Placket

NSE

Statistics of 68% uncertainty range

Statistics of 95% uncertainty range

Coverage (%)

Spread

Coverage (%)

Spread

Calib.

Eval.

Calib.

Eval.

Calib.

Eval.

Calib.

Eval.

Calib.

Eval.

0.692
0.900
0.773
0.661
0.775
0.671
0.866
0.662
0.837

0.747
0.673
0.700
0.770
0.794
0.659
0.901
0.731
0.845

75.29
72.52
67.47
74.74
69.11
64.95
56.31
61.11
70.58

54.05
61.53
65.71
69.04
77.58
54.83
59.09
64.51
69.76

0.349
0.278
0.541
0.200
1.005
0.121
0.690
0.118
0.448

0.370
0.631
0.384
0.245
0.789
0.152
0.803
0.180
0.412

100
98.90
93.98
99.0
94.11
98.29
97.08
95.83
99.01

97.29
92.30
97.14
97.61
94.82
98.33
100
96.77
100

1.654
1.938
1.472
1.546
2.804
0.534
9.976
0.895
1.644

1.925
5.153
0.971
1.734
2.638
0.669
9.142
1.296
1.843

GP: Generalized Pareto,
GEV: Generalized Extreme Value.

∗∗

human activities, among others (Asselman et al., 2003; Garcia, 2008;
Gupta, 2008; Hall et al., 2010; Kuhnle et al., 1996). While the impacts
of such factors are captured in the constructed underlying data generating PDF, our parsimonious framework condition SSL only on the discharge level, and presents the impacts of the other determining factors
as the uncertainty ranges around the most likely prediction. In fact, the
hydrologic and hydraulic forces, as represented by the proxy variable
of discharge volume, play a major role in generating and transporting
sediment loads; and hence our simpliﬁcation is quite pragmatic. Future
studies will focus on extending the conditional framework to include
states of the system such as burned area and seasonality impacts.

Fig. 3I). These results display that the proposed modeling framework can
closely track the SSL levels, with highly likely ranges of prediction (red
section of the conditional marginal distribution) covering the majority
of observed SSLs (black dots). It is also noticeable in this ﬁgure that the
relationship between SSL and discharge volume is highly stochastic. See
Fig. 3E, for example, in which a similar discharge volume ( ∼ 0.4 km3 )
can yield hugely diﬀerent SSLs (∼ 2 × 104 − 105 ).
The sedimentation processes are, indeed, dependent on several factors, including the river shape, the distribution of sediment particle size,
the heterogeneous spatio-temporal characteristics of the watershed, climate forcing, availability of sediment load, impacts of wildﬁres, river
ﬂow energy to transport suspended sediment, land cover and use, and
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Fig. 3. Model predictions of SSL based on high ﬂow volumes for the calibration data. Each vertical line represents the conditional marginal distribution of SSL,
color-coded based on the density values. Red sections present higher densities, whereas blue sections display lower density levels. Black dots display the observed
SSL level for each discharge volume. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

To elaborate the concept of model prediction in terms of conditional
marginal distribution, Fig. 4 displays the estimated distribution of SSL
at a discharge volume of 1 km3 for all the studied stations. In other
words, this ﬁgure shows the probabilistic prediction of suspended sediment delivery, as deﬁned by accumulated suspended sediment load
passing a speciﬁc cross section of a river (Garcia, 2008), given a high
ﬂow event with 1 km3 volume. The suspended sediment delivery at the
lower station (A) on the Colorado river, for example, is one order of
magnitude larger than that of the upper station (B) for a high ﬂow
event of 1 km3 in volume (0.5 × 106 vs 0.5 × 107 ton). Diﬀerent factors
play into this behavior. Station A is downstream of station B, and some
branches of the Colorado river such as the Green river discharge signiﬁcant quantities of sediment to the river in between these two cross
sections (Andrews, 1991). Moreover, although upstream sediment load
could be deposited along the river bed between points A and B, likelihood of such behavior is minimal given the high energy level of the high
ﬂow events. In fact, not only they have enough energy to transport upstream sediment loads to the downstream, but also ﬂood events could
prompt suspension of the bed materials (Garcia, 2008). Note that the
study period for station A is bound between 1930 and 1962, before the
construction of the Glen Canyon Dam (Lake Powell), which signiﬁcantly
changed the behavior of the Colorado river.
The conditional marginal distributions also provide insights into the
likelihood of SSL levels. Highest likely SSL level for the Missouri river
(F), for example, has a density of ∼ 0.95, which holds a higher conﬁdence degree compared to that of the Arkansas river (H) with a density
of ∼ 0.4. Higher conﬁdence is associated with lower variance in the distributions. Indeed, the SSL distribution of the Missouri river (F) is least
scattered compared to the other cases. Note that the scatter of SSL distributions might signiﬁcantly change at a diﬀerent high ﬂow volume level
(see Fig. 3C, for example). Furthermore, while most of the predictive

distribution forms are close to Gaussian, those of the upper Mississippi
river (C) and the Hudson river (D) are skewed to the left, and the SSL
distribution of the middle Mississippi river (I) is skewed to the right.
Finally, Fig. 5 depicts the conditional marginal distributions of SSL
for the out-of-sample evaluation data for the nine stations of this study.
These results conﬁrm our previous claim (Table 2) that the performance
of the proposed model is consistent for the calibration and the evaluation sections (compare Figs. 4 and dummyTXdummy- 6). An interesting observation here is that the uncertainty span of SSL predictions for
smaller and larger high ﬂow events (in terms of discharge volumes for
each station) are considerably higher than that of the medium range
high ﬂow events. The smaller events might include ﬂash ﬂoods as a result of relatively large quantities of precipitation over a short period
of time, sediment generation of which is highly dependent on the seasonality of the event as well as the availability of sediment for erosion.
For example, majority of the Hudson river’s (D) watershed area ( ∼ 68%,
Phillips and Hanchar (1996)) is covered by forest, which during spring
and summer yields lower sediment load and during fall yields more.
Another example is the Colorado river (A, B) watershed which experiences signiﬁcant number of wildﬁres throughout the dry summer and
fall months. This can potentially prompt generation of large quantities
of sediment with precipitation over the burned area (Wohl et al., 1998).
One potential approach is to perform this study at seasonal scale to diminish such impacts, but the drawback is that some seasons may not
hold a long enough record to do the analysis.
The larger (extreme) events are generally diﬃcult to model in the
ﬁeld of environmental science (Sadegh and Vrugt, 2013; Sadegh et al.,
2016; Sadegh and Vrugt, 2014). Indeed, these events are rare, and usually there is not enough data to suﬃciently constrain the components
of the model associated with them. Results for the upper Mississippi (C)
and Sacramento (E) rivers, however, contradict this ﬁnding. The upper
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Fig. 4. Conditional marginal distributions of SSL for a given high ﬂow volume of 1 km3 . The light gray section on each distribution presents the 95% uncertainty
bounds, whereas the dark gray region shows the 68% predictive uncertainty ranges.

Fig. 5. Model predictions of SSL for diﬀerent high ﬂow volumes in the evaluation data. Each vertical line represents the conditional marginal distribution of SSL,
color-coded based on the density values. Red sections present higher densities, whereas blue sections display lower density levels. Black dots display the observed
SSL level for each discharge volume. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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Mississippi river holds a peculiar characteristic, with a watershed and a
river bed that can store and remobilize sediment with a lag-time of several years to decades (Initiative, 1993). This basin-wide property makes
it very diﬃcult to model the sedimentation processes in this section of
the Mississippi river. However, it is the choice of the Burr copula model
that dominates the uncertainty ranges for prediction of SSL for larger
high ﬂow events in this case. Figures S31-35 (supplementary materials)
show the uncertainty bounds of the marginal distributions of SSL for
large ﬂood events are indeed very wide using Gaussian, Clayton, Frank,
Gumbel and AMH copulas. As previously discussed, we select the copula model to maximize the NSE performance metric for the best SSL
prediction without recourse to the uncertainty levels. This depicts the
importance of the choice of model, as well as the signiﬁcance of the
selection metric.
The Sacramento river’s (Fig. 5E) sediment yield is sourced from agricultural activities in the watershed, the bankline shifts of the river, and
the wildﬁre induced sediment load, among others (Hall et al., 2010). We
hypothesize that the larger high ﬂow events are bounded by the sediment availability in the watershed, and hence show a lower uncertainty
range for the prediction of SSL. This hypothesis is, however, to be tested
in future detailed studies. Our relative conﬁdence in such hypothesis
stems from the conditional marginal distributions of SSL that are skewed
to the left for the large high ﬂow events ( > 10 km3 ). The smaller high
ﬂow events ( ∼ < 0.2 km3 ) for this river, on the contrary, have conditional marginal distributions of SSL that are skewed to the right. This
might suggest the availability of sediment load but the lack of energy
in the ”small” high ﬂow event to transport the sediment load. The SSL’s
conditional distribution form for the mid-sized high ﬂow events (0.2–
10 km3 ) in the Sacramento river (E), as well as for most of the high ﬂow
events for other rivers is close to normal.
One remark is due here that the proposed framework requires the
underlying data generating process to be stationary. Indeed, most of
the environmental modeling practices assume, by default, that the behavior of the studied processes are time-invariant, and vary around a
constant mean value with a ﬁxed variance and serial correlation structure (Clarke, 2007). This assumption is convenient and opens an arsenal of statistical and numerical frameworks for environmental modeling
(Sadegh et al., 2015). We have carefully examined the selected rivers
for stationarity assumption in the period of study. Indeed, none of these
cases have undergone signiﬁcant development in the period of observation. However, time-series of the Sacramento (E) and San Joaquin (G)
rivers might suggest that some watershed management practices have
been employed in the recent decades (Fig. 2). While we don’t have physical evidence to prove these two rivers has endured nonstationarity, we
hypothesize the wide uncertainty ranges of the SSL predictions for these
two rivers (average 95% predictive uncertainty spread of ∼ 2.6 and ∼ 9
× average annual sediment yield for the Sacramento and San Joaquin
rivers, Table 2) might be partly inﬂuenced by the anthropogenic interventions in the sediment generation processes.
To wrap up, sedimentation processes are stochastic in nature, and a
stochastic framework is hence required to adequately capture the system behavior and explain the underlying uncertainties. In this paper, we
propose a probabilistic modeling scheme that can accurately and precisely predict the suspended sediment load and its uncertainty ranges
in alluvial rivers. The proposed approach is a data-driven model, which
requires long-term observations of SSL and discharge. This drawback is,
however, shadowed by relaxing the need for detailed physical characteristics of the watershed and by diminishing the computational burden of physics-based models. Modeling the sediment load in rivers is
of paramount importance in the ﬁeld of environmental engineering and
science (Belmont et al., 2011), as moderate concentrations of ﬁne sediment deliver important nutrient loads to the aquatic biota and the downstream agricultural sector (Mohajeri et al., 2016), but excessive concentrations of sediment inﬂict detrimental environmental impacts (Heppell
et al., 2009; Wood and Armitage, 1997). Indeed, excessive nutrients
may prompt algal blooms, reduce dissolved oxygen, harm aquatic life

and limit the recreational services of the bodies of water (Wohl et al.,
1998). Sediments also transport pesticides, toxicants, salts and heavy
metals to the downstream river and lake habitats (Mussetter Engineering, 2000).
5. Conclusion
Accurate modeling of sediment transport, and characterizing its underlying uncertainties, in alluvial rivers has historically been a challenge. Sediment is not only a non-point source of pollution, but it also
transports pesticides, toxicants and heavy metals. Numerical models of
sediment transport are computationally demanding and require large
amounts of data that are often not available. Here, we have introduced a
stochastic framework, rooted in the multivariate probability theory and
Bayesian Network, to model Suspended Sediment Load (SSL) in rivers.
The majority of the annual sediment load of rivers (70-90%) is transported in high ﬂow events and hence, the SSL and discharge volume are
highly interdependent. We exploit their dependence structure to estimate SSL based on discharge volume as the predictor. This event-based
approach approximates the conditional marginal distribution of SSL for
any given high ﬂow volume. The proposed model characterizes the likelihood of the SSL prediction, and pinpoints the modeling uncertainties.
The presented framework relaxes the need for detailed information
about the physical characteristics of the watershed and river system,
and employs a parsimonious model to describe the highly nonlinear relationship between discharge and SSL. We have tested this approach for
nine USGS stations, the results of which highlight the capability of this
model to describe the probability distribution function of SSL for diﬀerent discharge values in major rivers of the US. The proposed methods
oﬀers uncertainty bounds of the SSL predictions which shed light on the
stochastic nature of the sediment transport processes.
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