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Abstract: Particle-laden flows are a very complex natural phenomenon and considered one of the most responsible for
sediment transport and deposition that lead to the formation of basins hosting oil reservoirs. Those turbulent flows are
triggered by small differences in the fluid density induced by the presence of sediment particles. A detailed modelling
of this phenomenon may offer new insights to help geologists to understand the deposition mechanisms and the final
stratigraphic form of the reservoirs. The increasing reliance on numerical simulation for the analysis of these complex
physical systems has led in recent years to a strong development of knowledge in this area. In this sense, Uncertainty
Quantification (UQ) provides a framework to enable robust computer simulations that take into account the unavoidable
uncertainties present in input parameters and in the model structure (model discrepancy). The present work extends the
efforts of the authors to build a reliable computational model for the prediction of deposition of sediments transported
by particle laden-flows. It presents a UQ analysis, employing a probabilistic perspective, to consider the impact of using
phenomenological models on quantities of interest such as bottom shear stresses and deposition maps. Those models
combine experimental observations with physical intuition and try to capture the influence of the sediment concentration
on the local flow viscosity and settling velocity. Both parameter uncertainties and different forms of model discrepancy
(stochastic spatial fields) are considered in the simulations through non-intrusive stochastic collocation methods while
a parallel Navier-Stokes solver handles the underlying deterministic model. A scientific workflow management engine
tool designed for high-performance computers supports the whole procedure.
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INTRODUCTION

A significant number of applications rely on the use of computational predictive models. The success of such approach
depends on a good understanding of how uncertainties present on the available information beforehand affect the reliabil-
ity of the output predictions. Despite there are different approaches for handling uncertainties, here only a probabilistic
perspective is considered. The traditional computational statistical tool for Uncertainty Quantification (UQ) in science
and engineering is the Monte Carlo method. This method starts with the generation of an ensemble of random realizations
associated to the uncertain model inputs, and afterwards applies deterministic solvers repetitively to obtain the ensemble
of results. This output ensemble allows the computation of the model responses statistics, like, for instance, mean and
standard deviation. Monte Carlo implementation is straightforward and independent of the stochastic dimension of the
input space, but its convergence rate is very slow (proportional to the inverse of the square root of the number of realiza-
tions) which makes the method infeasible due to the large computational costs. It is still more critical when those models
are built upon physics principles described through Partial Differential Equations (PDEs). Another technique developed
to enhance the computational efficiency of UQ analysis is the Stochastic Galerkin method (SG), which employs spectral
representations of inputs and solution through Polynomial Chaos expansions [8]. A Galerkin projection minimizes the
error of the truncated expansion, and the resulting set of coupled equations is solved to obtain the expansion coefficients.
SG methods are highly suited to dealing with PDEs, even in the case of nonlinear dependence on the random data. The
main SG drawback is the need to solve a system of coupled equations requiring efficient and robust solvers and, most
importantly, the modification of an existing deterministic code. This last issue entails difficulties on using commercial or
legacy codes. A non-intrusive method referred to as Stochastic Collocation (SC), see [54], arises aiming at addressing this
point. SC methods combine multivariate polynomial interpolation and deterministic solvers. Similarly to SG methods,
SC methods achieve fast convergence when the solution has sufficient smoothness in random space. The presence of steep
gradients or finite discontinuities in the input-output mapping may lead these methods to converge very slowly or even
fail to converge.

This work examines an interesting UQ situation involving particle-laden flow models used in preliminary analyses of
subsea sedimentary systems. Such systems are a particular case of gravity currents [49], often also called density currents.
They consist of flows generated from (possibly small) differences in the local fluid density. The density difference pro-
motes a pressure gradient that triggers and drives the flow. This spatial density variability might result from local changes
in salinity or temperature. Moreover, it can also be due to the presence of sediment particles in suspension, what motivates
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the resulting currents to be known as particle-laden or particle-driven flows. Indeed, gravity currents are present in many
different contexts and occur naturally as well as caused by human actions [40]. Natural examples are avalanches, deep
water turbidity currents and volcanic eruptions. On the other hand, industrial accidents can cause dispersion of heavy
gases in the atmosphere that propagate through a forehead. A comprehensive list of examples may be found in [49], [6]
and [40]. The particles can be carried out for long distances and, eventually they will settle, being responsible for sediment
deposits generating geological formations of considerable interest for the oil and gas industry. Sedimentation and erosion
promoted by particle-laden flows can mold the seabed producing different geological structures such as canyons, dunes
and ripples. Such geological flows phenomena are the main focus here. They typically develop strong turbulence, which
impacts the particles ability to move relatively to the carrying fluid. For instance, data recorded for turbidity currents
in the ocean suggests Reynolds numbers of the order of 109 [40]. Two mechanisms involving the transport of sediment
are particularly important. Near the bottom the particles tend either to settle or to be re-entrained from the seabed, and
depending on what prevails, settling or resuspension, the current, and its turbulent structures, might evolve in an entirely
different manner, and consequently those flow changes affect the transport of particles. In the present analysis we only
address settling effects.

Here, following [41], a monodisperse mixture model is considered, comprising the Navier-Stokes equations to describe
the incompressible viscous flow of the carrier fluid and the advective-diffusive transport to represent the mass balance of
sediments. Therefore, in contrast with others in the literature, this model is set on a Eulerian-Eulerian framework. The
coupling between both equations is through the Boussinesq approximation introduced in the vector of body forces in
order to reproduce the gravitational effects associated with small variations in density. Nasr-Azadani et al [41], employ
Direct Numerical Simulation to deal with turbulence, which leads to excessive computational time. On the other hand,
Large Eddy Simulation (LES) models [50], built upon spatial filters are used in the simulations of [45] and [46], offering
better balance between computational effort and accuracy. This is particularly helpful in the context of UQ analysis,
that requires running a large number of simulations corresponding to the SC grid points. The present investigation uses
the Residual Based Variational Multiscale finite element method (RBVMS), that consistently approximates the effects
of the subgrid scales on the resolved scales ([36], [32] and references therein) and can also be viewed as a LES method
[50]. Another crucial aspect towards building a tractable computational tool within the present context is to fully explore
the capabilities of high performance computers. Here, optimized parallel deterministic solvers, generating a significant
amount of data, are supported and steered by Chiron [44], a Scientific Workflow management engine designed for high
performance computer applications.

The primary objective here is to present an accurate, reliable, and computationally efficient approach to build a depo-
sition map describing the spatial distribution of sediments left by a special type of particle-laden flow, that is, a turbidity
current. This map might help geologists to understand the formation of geological structures (reservoirs) that occurred a
long time ago. More specifically, this map, which is probabilistic due to the unavoidable presence of uncertainties, might
guide the pinpointing of spots of interest for oil exploitation and the geological connection among already explored wells
and potential zones for drilling. The ingredients for achieving our objective is the combination of stochastic collocation, a
high performance and accurate flow solver and the use of a Scientific Workflow management engine. Putting all together,
a stochastic, high-fidelity coupled multi-physics based computational model is built, enabling the efficient construction of
probabilistic deposition maps through computer simulations.

The remainder of this paper is organized as follows. Section 2 presents the mathematical model for the particle-laden
flows of interest, that is, polydisperse turbidity currents. The following Section discusses the stochastic modeling and
the uncertainty quantification. Section 4 is dedicated to the presentation and discussion of the results and the last Section
summarizes the main findings.

MATHEMATICAL MODEL: MONODISPERSE MIXTURE

This section presents the mathematical setting for the numerical simulation of particle-laden flows within a Eulerian -
Eulerian framework introduced in [41] for monodisperse currents. The term polydisperse refers to the possibility of the
mixture of sediment particles to contain N different grain sizes. The flows of interest here are mainly driven by small
differences in the density promoted by the heterogeneous presence of sediment particles within the fluid, that explains
why they are deemed particle-laden flows. The double mention above to Eulerian is to emphasize that the mass of
sediment particles is modeled as a continuum in dilute proportion embedded in a mixture with clear fluid. That motivates
to assume that the sediment motion can be accurately described by an advection-diffusion transport equation. This pure
Eulerian formulation is in contrast with other formulations that employ Lagrangian tracking of particles [39]. Moreover,
the interaction between the two phases, carrier fluid and sediments, considers a two-way coupling that also takes into
consideration the particle effects on the flow. In the remaining of this section, governing equations for the monodisperse
mixture along with the proposed computational formulation are discussed.
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Governing Equations for Incompressible Flows Coupled with Sediment Transport

The spatial domain in which the flow takes place along the time interval [0, tf ] is denoted by Ω ⊂ Rndim , where
ndim is the number of spatial dimensions, and Γ the boundary of Ω. A velocity-pressure non-conservative form of the
Navier-Stokes (NS) equations describes the incompressible turbulent fluid flows carrying dilute suspensions of sediments.
Confining the present modeling to small particle volume fractions allows for assuming that particles inertia and particle-
particle interactions can be neglected. Moreover, we also apply the Boussinesq hypothesis which accounts for the fluid -
particle interaction by means of a forcing term proportional to the local difference in the fluid density due to the presence
of sediments. Fluid motion drives the particles, but they are also endowed with extra mobility modeled by their settling
velocity uSi

(i = 1, ..., N), assumed constant in the gravity direction eg and proportional to their sizes, such that coarser
grains drop faster. The constant settling velocities are either estimated by experiments or analytically, in the last case
admitting slow relative motion (Stokes flow) [38]. Thus, N uncoupled advection-diffusion equations model the sediment
transport. The motion of each grain size embedded in the mixture is mapped by the fields ci = Ci/C0, the scaled
concentrations, expressing the volume fraction occupied by each particle size. Ci and C0 are, respectively, the actual
concentration and a normalization value, the latter typically taken as the total initial volume fraction of the particles.
Diffusion is supposed to be quite small, and its inclusion in the modeling is often motivated by numerical reasons [18].
Therefore, the dimensionless equations that govern the particle-laden flow are:

∂u

∂t
+ u · ∇u = −∇p+

1√
Gr

∆u + cT eg in Ω× [0, tf ] (1)

∇ · u = 0 in Ω× [0, tf ] (2)
∂ci
∂t

+ (u + uSi e
g) · ∇ci = ∇ ·

(
1

Sci
√
Gr
∇ci

)
(i = 1, .., N) in Ω× [0, tf ] (3)

where u, p and t are, respectively, non-dimensional velocity, pressure and time. Above, p, many times referred in the
literature as the dynamic pressure, results after removing the hydrostatic component of the pressure. Moreover, cT =∑N
i=1 ci is the total concentration of sediment and Gr is the Grashof number that expresses the ratio between buoyancy

and viscous effects given by:

Gr =
( ub
νH

)2
(4)

with ν is the fluid kinematic viscosity, H is a characteristic length of the flow and ub =
√
gHC0(ρ̃p − ρ̃f )/ρ̃f is the

buoyancy velocity; g stands for the gravity acceleration and ρ̃p and ρ̃f for, respectively, particles and fluid densities. It
is assumed that the different grains have the same density. A second dimensionless number resulting from turning the
governing equations into a non-dimensional form is Sci, the Schmidt number, that expresses the ratio between diffusion
and viscous effects given by:

Sci =
νi
κi

(5)

where κi are the diffusion coefficients, supposed to be very small.

Essential and natural boundary conditions for Equation (1) are u = g on Γg and n ·
(
−p Id + 1√

Gr
∇u
)

= h on Γh,
where Γg and Γh are complementary subsets of the domain boundary Γ. Functions g and h are given, and n is the unit
outward normal vector of Γ. A divergence-free velocity field u0(x) is the initial condition for the velocity and ci(x, 0)
describing grain size composition and concentration of the suspended sediment in the begining of the current have to be
prescribed for the transport equation. For equation (3), boundary conditions modeling the transport of particles into and
out the flow domain are: c = cin on Γciin , (uSie

g ci −
(

1
Sci
√
Gr

)
∇ci) · n = 0 on Γcih and ∂ci

∂t − uSi∇ci · n = 0 on
Γbottom, with Γ = Γciin ∪ Γcih ∪ Γbottom and Γciin ∩ Γcih ∩ Γbottom = ∅. The former, a Dirichlet condition, describes the
quantity of sediment entering in the flow domain. The second and third boundary conditions are enforced to reproduce
physical mechanisms of particle motion through the remaining boundary, either by diffusion or advection. Sedimentation
is allowed at the bottom on Γbottom. This last condition implies in loss of sediment, but does not take into account any
modification of the bottom geometry by deposition. Moreover, no explicit particle resuspension mechanism, allowing
particles going back to the flow after hitting the bottom, like erosion, is included. No significant amount of resuspension
is expected for the flow conditions analyzed here [38]. Therefore, at the bottom, the boundary condition is nothing but the
net flux of sediment mass deposited by the current. Moreover, for each spatial point x on Γbottom, the contribution of the
i-th grain size to the layer thickness resulting from the deposition is given by integrating the particles fluxes till the time t
resulting in surfaces defined over the bottom as:

Di(x, t) =

∫ t

0

uSi ci(x, t) dτ (6)

The resulting deposit thickness is obtained by summing up all the i-th grain size contributions. Therefore, at each time t,
the total height corresponding to the deposition on a specific point at the bottom isDT =

∑N
i=1Di. The final spatial maps
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computed at the end of the current (t = t∞), Di(x,∞), are considered in the present study of high interested and will
be dubbed as Quantities of Interest (QoI), inasmuch they characterize the deposition patterns which can be used to infer
a geological model of the basin [13]. Those maps contain both thickness and composition of the deposits. At this point,
it is important to recognize that the genesis of the final geologic formation occurs along a long period of time resulting
from different events. The above model is supposed to reproduce a single event. However, to obtain the final form we
have to consider a sequence of simulations in which each event deposits, and might erode, stacking sediment mass over
the previous ones.

Finite Element Formulation and Turbulence Subgrid Modeling

The solver for the sediment transport coupled problem employed here relies on a weak formulation based on the Resid-
ual Based Variational Multiscale Method (RBVMS) introduced within the context of stabilized finite element methods.
RBVMS have been used with success in the simulation of turbulent flows [10] , [21] and [32], free-surface flows [37] and
multi-transport [25] and [9], two key aspects of the present problem. Indeed, the finite element formulation employed
here is a direct extension of the one proposed in [32] for polydisperse currents. The interested reader will find all details
about the formulation, with special emphasis on the role of the subgrid modeling in the turbulent transport of the sedi-
ments in [32]. Therefore, here, only specific aspects will be detailed. RBVMS relies on a scales splitting of the physical
variables combined with variational projections [32]. This splitting involving the large scales (those explicitly captured
by the numerical grid) and the fine scales (subgrid scales), that is,

u = uh + u′

p = ph + p′ (7)
ci = chi + c′i

where the subscript h denotes the large scale component of the solution, while the superscript ′ refers to the subgrid
complement. The above splitting of scales is to be inserted in a standard weak formulation built upon Equations (1) to
(3), assuming as in [32], a simple algebraic model for the fine scales, that is,

p′ = τcRc

u′ = τmRm (8)
c′i = τtiRti

where Rc, Rm and Rti , i = 1, ..., N are the discrete residuals of the coarse scale equations. The τ ′s are mesh dependent
parameters, computed as in [32]. The final finite formulation is obtained substituting the above expressions in the weak
formulation for the coarse scales. It can be shown that RBVMS stabilizes the numerical solution for convection-dominated
flows and also allows equal-order interpolation for velocity and pressure, as is the case of the present work. Furthermore,
the final formulation is now understood ([48], [16]) to lead to Large Eddy Simulation (LES) framework, in which the fine
scales model above provides a subgrid model for turbulence. The use of a LES approach, although computationally inten-
sive, is considered crucial to improve the turbulence prediction. The turbulence structures within the turbidity currents, as
the computational simulations to be presented later in this paper, involving recirculation and separation of the flow have
great impact on the final depositional pattern.

The solution of all test problems presented in this work employs the EdgeCFD software. EdgeCFD is a paral-
lel Fortran90 finite element code where the computational solution kernel consists of a staggered implicit predictor–
multicorrector time integration scheme as described in [27] for both incompressible fluid flow and particle transport
equations. The generalized trapezoidal rule is employed in the time discretization, with an adaptive time stepping proce-
dure based on a proportional-integral-derivative (PID) controller (see [53] for further details). The nonlinearities due to
the convective term on the Navier–Stokes equation is treated by an Inexact Newton–GMRES algorithm as described in
Elias et al [26]. In this solution algorithm, at the beginning of the nonlinear iterations in each time step, the algorithm com-
putes large linear tolerances, producing fast nonlinear steps. As the iterations progress towards the solution, the inexact
nonlinear method adapts the GMRES tolerances to reach the desired accuracy. A nodal-block diagonal preconditioner is
employed for the flow equation and a diagonal preconditioner for each transport equation. Linear tetrahedra together with
an edge-based data structure are used in all computations [26]. EdgeCFD is also able to solve fluid-structure interaction
(FSI) problems where the mesh movement is treated by the Arbitrary Lagrangian Eulerian (ALE) formulation, which is
useful to describe bed morphodynamics [17].

INPUTS STOCHASTIC MODELING AND UNCERTAINTY PROPAGATION

Uncertainty Quantification for high fidelity computations built upon physical-based models combines three main com-
ponents. The first consists in putting together robust numerical tools, typically fast solvers, for handling large discrete
versions of the underlying deterministic problem, which are often implemented in a parallel environment due to the as-
sociated large computational costs. The other two components address the involved stochastic aspects: modeling and
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characterizing the input uncertainties and a method to efficiently propagate those uncertainties. At this point, it is worth
mentioning that only the impact of input uncertainties on the simulations outputs are considered here particualry be in-
vestigate model discrepancies [35]. Below, a brief description about how these three aspects are treated in this study is
presented.

Nonintrusive UQ methods, roughly describing, use a (expected small) number of runs of a deterministic computational
model, each one having as inputs judiciously chosen points of the stochastic input space. Statistics of the outputs are
then estimated from the deterministic computations, generating a significant amount of data and thus requiring careful
management [31].

Phenomenological modeling: closure equations and uncertainties

The interdependence of the motion of the two components of the mixture, fluid and sediments, is expressed in the above
balance equations through a buouyancy force proportional to the total sediments concentration at each spatial point acting
on the fluid, the depostion mechanism embedded in the botton boundary condition, the convective velocity in the transport
equation, and, the particular focus here, phenomenological relations to describe the effect of higher concentrations on the
viscosity and settling velocity of the particles. The modeling of this modified rheological behavior introduces two closure
equations to the mathematical problem. Here we adopt, despite the variety of possibilites found in the literature [5], for
the viscosity the model of Krieger and Dougherty [1]

µm = µ0

(
1− c

cm

)−2.5∗cm
(9)

where cm is the maximum volumetric concentration. This particular model has been used in [2] to help in the understand-
ing of turbulence modulation in nondilute sediment transport.

The above nonlinear phenomenological models are supposed to reproduce the rheological response of the mixture
with a limited degree of accuracy. They are employed to pursue a compromise between computational costs and fidelity to
reality. More sophisticated models, like those based on the two-fluid approach [2], are supposed to deliver more accuracy
but the simulations would, tipically, lead to more intense computations as well. In order to fullfill the compromise and
provide reliable results with computational simulations, it is crucial to estimate the impact of potential pitfalls of those
models in the final predictions. [4] presents an analysis of how the dynamics of turbidity currents are sensitive with respect
to empirical relations describing mass exchange with the surroundings and carries out a validation of turbulent closure
models for particle-laden flows.

Uncertainty Quantification (UQ) is considered a central component for the analysis of complex computer models.
In general terms, it deals with connecting inputs uncertainties with their respective impact observed in the outputs of
the computational simulations. We can identify two main sources of uncertainties associated to those phenomenological
models. The first is related to the estimation of parameters, which often employs standard experimental techniques that
entails some level of uncertainty due to noise in measurements or extrapolation arising from differences between the
experimental scenarios and those of the applications. More relevant in the present context as a source for uncertainties
is the model discrepancy. [3], that is intended to express the lack of information about the physics due to the assumed
functional form used in the models.

Probabilistic approaches have become a common option within the realm of UQ. Parameters are represented by ran-
dom variables (or fields), what requires for a complete characterization the estimation of joint probabilities density func-
tions (PDF). Due to the different phenomenoligies involved in 5, we adopt two different strategies to model the inherent
uncertainties. Building descriptions for model discrepancies requires a deep knowledge of the problem in hand, which,
typically, makes it more difficult to handle than parameter uncertainties. Moreover, model discrepancy was shown in [?]
to play a key role in computer models calibration and validation, integrand parts on the mitigation of negative impacts
of uncertainties on the predictions. The authors employ a Bayesian perspective and they sugest to add in the observation
equation a statistical representation of the model discrepancy. Some limitations of such approach in the context of a
physics based model like the one proposed here are discussed in [3]. Amongst them, the difficults of naturally imposing
physical constraints represents a significant drawback.

Here, we propose a discrepancy model to be embedded in the viscosity model reffered before. That garantees that the
resulting closure model reproduces the physics observed for sediment-water mixtures in standard rheological experiments.
Figure 1 unveils that the phenomenological models built upon those tests display same trends of growth but also bear
important differences in terms of the viscosity values predicted for a specific concentration, especially for medium and
high concentrations. Indeed, the grey area indicates such dispersion that can be captured in the following stochastical
model

µm = µ0

(
1− c

cm

)−λ∗cm
(10)
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Figure 1 – Sample of statistics for reduced velocity Ur = 6.9

with cm = 0.74and having λ = 2.6 a typical value for monodisperse dispersions of particles.

λ = λ (1 + δξ)

where λ is a random variable that encapsulates the model discrepancy with ξ is an independent uniform random variables
with support [-1,1]. Moreover λ = 2.6, δ = 0.46. i.e. λ varying in the interval [1.4, 3.8].

It is important to emphasize that we propose, as discussed in [3], that the model error is embedded in this one parameter.
That choice reflects the diversity found in the literature, or in other words our uncertainty about models, and the need for
having a tractable computational model. We are performing a UQ analysis, in which we intend to estimate the impact of
such model uncertainty in the predictions.

Towards modeling nondilute currents
• Complex underlying physics : non-Boussinesq and non-Newtonian behavior, particle-particle interaction, bed-load

behaves like flow through porous media.

• In the present context, two-phase flows models are computer intensive.

• One phase-flow employing enhanced models for the rheology of the mixture can provide a good balance between
computational costs and predictive capabilities.

• As example, Krieger and Dougherty equation for viscosity of suspensions, Pseudo-Newtonian fluid with viscosity
dependence on the sediment concentration,

In this sense the physical reasoning: What would be the effect in the model response if we consider one phenomenological
law covering the behavior of all other. Thus, model discrepancy (error) is embedded in a parameter uncertainty:

COMPUTATIONAL RESULTS AND ANALYSIS

All the computations involved in the UQ analysis were performed taking into consideration the same physical scenario
corresponding to the lock-exchange configuration schematically depicted in Figure 2. The lock area contains the fluid
mixed with sediments of two different grain sizes, which are assumed to form a homogeneous suspension, and is connected
to the basin deposition region through a narrow channel. Upon the lock barrier release, the current starts to flow along
the channel, with no deposition as the channel bottom is assumed to be impervious. After reaching the channel end the
current spreads laterally, still moving forward, as depicted in the right part of Figure 2. As the current evolves, leaving
sediments on the bottom, it tends to lose strength and eventually dissipates (t = t∞).
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Figure 2 – Computational setup

This computational configuration, that mimics typical experimental setups with a channel with Lcx = 6.0 (streamwise
direction), Lcy = 0.4 (spamwise direction), Lcz = 0.5 (height of the channel) and a inlet window with heigth Lwz = 0.04.
The area have flat topography. One sediment grain size are uniformly mixed with water and injected by the windows
with Q = 1l/m. Those values, combined with the settling velocities and initial concentrations defined previously, lead to
Grashoff number Gr = 1010, which meets laboratory standards, but it does not correspond to typically values of turbidity
currents in nature. Despite that, this Grashoff number allows the formation of turbulent structures that interact with the
sediments and are responsible for the deposition patterns.

Figure 3 portrays a top view of concentration for standard simulation with constant concentration and considering the
Krieger law for nominal value and the diferences at the bottom, all of result at final time of simulation. It is important to
note, however, that both snapshots (flow and sediment transport) present complex spatial characteristics, demonstrating
the importance of employing a three-dimensional model. Figure 4 shows the lateral view of concentration for standard

Figure 3 – Diferences bettwen constant and variable viscocity using Krieger law, top view of concentration

simulation with constant concentration and considering the Krieger law for nominal value and the diferences at the bottom,
all of result at final time of simulation. It is important to note, however, that both snapshots (flow and sediment transport)
present complex spatial characteristics, demonstrating the importance of employing a three-dimensional model. Figures
5 and 6 depicts the mean values of the stochastic fields and their respective standard deviations. At the end of simulation a
large amount of sediments had already been deposited. Figure 7 shows the spatial distribution of the sediments deposition
mean and standard deviation at the bottom at t = 24. An important aspect to be noticed in this figure is the segregation of
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Figure 4 – Diferences bettwen constant and variable viscocity using Krieger law, top view of concentration

Figure 5 – Top view of viscocity at bottom mean and standard deviation

grain sizes resulting from the combination of the two transport mechanisms (flow and deposition), which will determine
the heterogeneous deposition pattern. The sediment deposits, as expected, earlier and closer to the entrance of the basin.

The likelihood of occurrence of a determined event lies in the core of UQ analyses and can be explored in order to help
decision making, like in [24] where a hazard map related to geoflows was built with the help of computational simulations.
Here, the estimation of probabilities related to the deposits can be computed by sampling over the input stochastic space.
Interrogating the inputs-outputs map provided by SGSC using those samples allow us to estimate high-order statistics,
like, for instance, probability density functions (PDFs) of the composition. Figure 8 depicts such PDFs that not only are
measures of the uncertainties impacts on the simulations predictions, but also can provide analysts important information
like the plausibility of finding a certain amount of one of the grain-sizes deposit at specific regions.

CONCLUSIONS AND FUTURE WORK

A high-fidelity coupled multi-physics based computational model was employed to enhance the understanding, qual-
itatively and quantitatively, of sedimentary depositional systems resulting from turbidity currents. This model takes into
consideration the physics of the flow, sediment transport and deposition mechanisms. The computations lead to high
resolution spatial and temporal three-dimensional predictions about general features of the flow and its deposits, and
great emphasis is placed in quantifying uncertainty on those predictions. These unavoidable uncertainties are induced by
the lack of knowledge related to typical inputs of forward solvers associated to the modeling, like, for instance, initial
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Figure 6 – Side view of mean and standard deviation of velocity field

Figure 7 – Top view of deposition mean and standard deviation

conditions and parameters introduced through phenomenological assumptions used to build the model. Uncertainty is
addressed here within a probabilistic perspective in which inputs are modeled as random variables or fields. Therefore,
outputs of the simulations are consequently also random, and the underlying mathematical problem is transformed into
a system of stochastic partial differential equations. The discrete equations are solved in parallel on a high performance
computing environment.

The numerical experiments involve a single turbidity event for a relative high Gr number, in an environment that
replicates laboratory setups. They illustrate the ability of the proposed stochastic model to assess the effect of parameter
uncertainties in the study of geologic depositions systems. The deposition patterns are studied through the computed
deposition maps, represented here by spatial stochastic fields. The analysis is supported by scrutinizing spatial correlation
functions, mean and standard deviation of the output fields, and high order statistics (PDFs) at given observation points.
The study of depositional systems deriving from turbidity currents gains particular relevance in the context of improving
reservoir models that can be explored towards optimizing the production. Besides geostatistical techniques, different
approaches (see [43] and [42]), ranging from the use of complex physics-based models like the one proposed here, to less
computationally intensive simulations, that employ geological rules learnt from observations and accumulated knowledge
by experts, can be used to tackle these problems.

The emphasis here is on the impact on the predictions of uncertainties related to the parameters associated to the
main mechanisms that drive deposition. The interplay of turbulent flow transport and settling motion responsible for
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Figure 8 – Probability distribition function for deposition in two points of central line of channel

the final form of the geologic formation, amplifies and spreads uncertainties along the current endurance. The under-
standing and quantification of such uncertainties is a key point for enabling the use of computational simulations as an
effective tool for modeling complex geological formations like those of reservoirs [43], and, eventually, support decision
making [47]. Moreover, extending the present UQ analysis for more realistic scenarios, comprising successive turbidity
depositions events within a long geological period under hydrodynamical conditions observed in the field (high Gr num-
bers, considering the modifications in the bottom topography resulting from deposition and erosion), poses a tremendous
computational challenge.

That can be tackled by pursuing different approaches. On one side, the computational burden of running the computa-
tional codes many times might be alleviated by the use of surrogates, like Gaussian Process Models which are, frequently,
built within a Bayesian approach [12]. A probabilistic Bayesian framework also enables to incorporate actual field data
available (well logs for instance) to the computational simulations, improving the credibility of the numerical predictions
[11] and [15]. The authors expect to report on those challenges in the near future.
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