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Highlights

New surrogate modeling approach to reduce the computational cost is proposed.

The mathematical basis of the modeling approach is discussed.

Models to predict the impact of CO, and brine leakage on groundwater are
developed.

The application of the modeling approach on CCS risk assessment is
demonstrated.

Abstract

Numerical modeling is essential to support natural resource management and
environmental policy-making. In the context of CO, geological sequestration, these
models are indispensible parts of risk assessment tools. However, because of
increasing complexity, modern numerical models require a great computational effort,
which in some cases may be infeasible. An increasingly popular approach to overcome
computational limitations is the use of surrogate models. This paper presents a new
surrogate modeling approach to reduce the computational cost of running a complex,
high-fidelity model. The approach is based on the simplification the high-fidelity model
into computationally efficient, lower-fidelity models and on linking them with a
mathematical function (linking function) that addresses the discrepancies between
outputs from models with different levels of fidelity. The resulting linking function model,
which can be developed with small computational effort, can be efficiently used in
numerical applications where multiple runs of the original high-fidelity model are
required, such as for uncertainty quantification or sensitivity analysis. The proposed
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approach was then applied to the development of a reduced order model for the
prediction of groundwater quality impacts from CO. and brine leakage for the National
Risk Assessment Partnership (NRAP) project.
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1. Introduction and background

Despite the outstanding and consistent progress in computational efficiency, a
systematic application of computer simulations to support natural resource management
and environmental policy-making is still limited because of the great computational effort
required to run modern environmental models. Advances in computational power,
together with progresses in scientific knowledge, have in fact pushed for the
development of more and more complex models with an increasingly larger number of
processes and input parameters. The toll for the improved realism of these modern
complex models is paid in terms of execution time, which can easily become practically
infeasible when the spatial and/or temporal scale of the natural system is large, or when
a large number of model responses needs to be calculated. The latter is typical of
important numerical applications such as automatic model calibration, multi-objective
optimization, sensitivity analysis, and uncertainty quantification.

CO, geologic storage is being considered as a possible measure to curb the
anthropogenic emissions of greenhouse gases. A careful assessment of the risks
associated with CO, geologic storage is critical to deployment of large scale
CO.geological storage. One of the potential risks is the impact of CO. leakage from
deep subsurface reservoirs into overlying groundwater aquifers. Therefore,
contamination of groundwater due to leakage in shallow aquifers is considered one of
the major risks considered in risk profiles developed by the National Risk Assessment
Partnership (NRAP) project, a program that quantifies the behavior of engineered-
natural system for CO, storage and uses science-based predictions to inform decisions
tied to CO, geological sequestration. Numerical models for evaluating the impact of
CO, leakage on groundwater, a process involving multiphase flow and reactive transport



with complex chemical reactions, are very complex and also involve large uncertainties.
Therefore, more computationally efficient models are needed for the development of risk
profiles.

An increasingly popular approach to overcome computational limitations is the use of
surrogate models (i.e., reduced order models, metamodels, emulators, and lower-fidelity
models), which represent simplified and faster-to-run models that mimic (emulate) the
output of the original model for a specified set of input parameters. Surrogate modeling
has been applied in several scientific and engineering disciplines mainly in support of
engineering design optimization and calibration (Simpson et al., 2001, Simpson et al.,
2008, Jones, 2001, Queipo et al., 2005, Wang and Shan, 2007, Forrester and Keane,
2009, Forrester, 2010). In the context of environmental sciences, surrogate models

have been used for performing sensitivity analysis and calibration of complex models
(Liong et al., 2001, Mugunthan et al., 2005, Bliznyuk et al., 2008, Matott and Rabideau
2008, Ratto et al., 2012, Sun et al., 2012), design of groundwater wells and pumping
management (Hemker et al., 2008, Kourakos and Mantoglou, 2009, Kourakos and
Mantoglou, 2013), and optimization of groundwater and soil remediation systems (Bau_
and Mayer, 2006, Regis and Shoemaker, 2007, Regis and Shoemaker, 2009, Fen et al.
2009). In NRAP, reduced order models (ROMs) simulating CO.transport in reservair,
wellbore leakage (e.g. Jordan et al., 2015) and groundwater contamination (Dai et al.
2014) were included in a system tool for estimating the long-term risks of

CO, sequestration projects (Pawar et al., 2014).

Surrogate models can be classified into two broad categories (Razavi et al., 2012a).
The first is represented by response surface models based on data-driven functions that
empirically emulate the output of the original model (e.g., Dyn et al., 1986, Sacks et al.
1989, Mckay et al., 1979, Myers and Montgomery, 1995). These functions are
developed by fitting a set of original model runs at specific points or design sites in the
input parameter space. For instance, the ROMs developed in NRAP belong to this
category. The second category of surrogate models includes simplified, physically-
based lower-fidelity models that are used in place of a computationally demanding
model. In this context, the original model is usually designated as the “high-fidelity”
model and the term “fidelity” is intended as the ability to represent the system of
interest. In comparison with response surface surrogates, lower-fidelity surrogates

provide more accurate results in those regions of the input parameter space that do not
include a large number of design sites (Razavi et al., 2012a). Moreover, this type of
surrogate models are not afflicted by the problem of dimensionality, which limits the
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application of response surface surrogates to problems with a large number of input
parameters (e.g., Koch et al., 1999, Simpson et al., 2008).

Lower-fidelity surrogate modeling has been mostly applied to reduce the computational
load of optimization problems (Alexandrov et al., 2001, Vitali et al., 2002, Eldred et al.
2004, Gano et al., 2006, Robinson et al., 2006, Forrester et al., 2007, Forrester and
Keane, 2009, Sun et al., 2010, Berci et al., 2011, Koziel and Leifsson, 2012). With this
approach, known as “multi-fidelity” or “variable-fidelity” optimization in the literature, the
difference or the ratio between outputs from high-fidelity and lower-fidelity models is
simulated with a correction function usually represented by a polynomial (Madsen and
Langthjem, 2001, Viana et al., 2009, Sun et al., 2010), but also modeled with other
approaches such as kriging (Huang et al., 2006, Gano et al., 2006, Forrester et al.,
2007, Kleijnen, 2009) and neural networks (Leary et al., 2003, Kim et al., 2007, Sun et
al., 2010).

Despite the considerable amount of literature about surrogate models and the
development of several different approaches for coupling lower-fidelity and high-fidelity
models, very few studies have considered systems that can be simulated with more
than two levels of fidelity. Correction functions used in multi-fidelity optimization are in
fact typically designed to model the discrepancies between the high-fidelity model and a
single lower-fidelity model. The only exceptions include the co-kriging approach
presented by Forrester et al. (2007), and the Bayesian Gaussian process model

introduced by Kennedy and O’Hagan (2000), and subsequently extended by Qian et al.
(2006) and Qian and Wu (2008) and by Goh et al. (2012). However, these approaches

can be extended to multiple lower-fidelity models by assuming a hierarchical
combination of models. In other words, outputs from the model with the highest fidelity
can be written as a combination of the functions describing the discrepancies between
each pair of lower-fidelity models. Moreover, the majority of surrogate modeling
approaches is applicable when the number of input parameters (known as the input
parameter space) in the high-fidelity model is the same as in the lower-fidelity model.
The development of methods for handling multi-fidelity models with different input
parameter spaces has received very little attention in the surrogate modeling literature
(Simpson et al., 2008).

In this work we propose a surrogate modeling approach to emulate the output of a high-
fidelity model from the outputs of a number of independent (i.e., not hierarchical), lower-
fidelity models or ROMs. This approach, which we refer to as Linking Function
Surrogate Modeling (LFSM), can be particularly effective to emulate the response of
large-scale environmental models considering several physical and chemical
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processes. These models are commonly used in risk assessment in Carbon Capture
and Storage applications. It is in fact common, especially in the simulation of natural
systems, that each of these processes can be simulated separately (provided these
processes are not tightly coupled), even if the highest level of realism is achieved with a
high-fidelity model that couples all the relevant processes in its mathematical
formulation. Unfortunately, the use of such a high-fidelity model in computationally
expensive numerical analysis (e.g., global sensitivity analysis, uncertainty quantification,
optimization, and risk assessment) is often computationally infeasible. The proposed
approach can be a valid support to significantly reduce execution time without
compromising the realism and the accuracy of the simulation. Even though our focus is
on simulations of multiphase flow and solute transport in geological media, the method
is general and it can be applied in other scientific and engineering disciplines.

1.1. Role of surrogate modeling in NRAP

NRAP is adapting and building system platforms for performing integrated assessment
modeling of CO, storage sites. Surrogate models (i.e., ROMs) that provide reliable
results in a small fraction of the time required to run complex process-based numerical
simulations are required to assess the risk of CO.leakage in shallow groundwater. To
overcome the difficulty of deriving such surrogate models from multiple runs of high-
fidelity numerical models considering 3-D heterogeneous multiphase flow and reactive
transport processes, two separate ROMs are used to represent the complex
hydrogeological and geochemical conditions in a heterogeneous aquifer. The first ROM
was developed from a numerical model that accounts for the heterogeneous flow and
transport conditions in the presence of multiple leakage wells. The second ROM was
obtained from numerical models that feature greatly simplified flow and transport
conditions, but allow for a more complex representation of all relevant geochemical
reactions. Clearly, neither ROM can separately provide an accurate prediction of the risk
profile, because of the simplifications inherent in these models. The proposed LFSM
provides an alternative approach that allows linking the outputs from two separate
ROMs to calculate reliable predictions of the volume of aquifer impacted by leakage of
CO./brine from CO, geological storage formations. This paper intends to describe the
mathematical basis of the linking function approach and test its application to a
relatively simple hypothetical case study. The application of LFSM, with chemical
scaling function being a particular case, for the evaluation of risk of CO, site on shallow
groundwater is given in Carroll et al. (2014).
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2. Method
2.1. Assumptions and formulations

We consider a deterministic high-fidelity model (HFM) calculating a scalar

output Y. = f(X.=) for a set of input parameters X = (X, ..., X,). We assume that the
physical system considered by the HFM can also be simulated with lower-fidelity
models (LFMs), each of which representing a simplification of the HFM. Differently from
previous works (Kennedy and O’'Hagan, 2000, Qian et al., 2006, Qian and Wu,

2008, Huang et al., 2006, Goh et al., 2012), we do not require a priori ranking of the
lower-fidelity models in terms of fidelity, nor do we assume a hierarchical framework. We
only assume that the HFM is more computationally demanding than the LFMs because
it takes into account a larger number of parameters and processes describing the
physical system. On the other hand, the lower-fidelity models provide only a partial
representation of the complexity of the system, but their execution times are shorter
than the HFM. Different approaches can be taken for simplifying the HFM. For example,
the lower-fidelity models may have a coarser spatial discretization of the model domain
with respect to the HFM, or a lower dimensional representation (i.e., two-dimensional
instead of three-dimensional). In other cases, the lower-fidelity models may be less
accurate because they do not consider heterogeneity, or because some of the physical
or chemical processes that are simulated by the HFM are not taken into account.
Furthermore, simplifying assumptions about the conceptual model of the physical
system may be made, allowing the use of analytical solutions in the lower-fidelity
models rather than complex numerical solutions provided by the HFM.

By defining the lower-fidelity as simplifications of the HFM, we made the fundamental
assumption that the HFM and the lower-fidelity models share some basic features and
therefore are correlated in some way (Kennedy and O’Hagan, 2000). With this
assumption, we can identify the input parameters of the lower-fidelity models as subsets
of the set of input parameters of the HFM (x.). For the case with two lower-fidelity
models, we can then write the output from the first lower-fidelity model (LFM-1) as Y.q.
1 = f(Xiru), Where X.q. IS @ subset of x.-», and the output from the second lower-fidelity
model (LFM-2) as Y.e. = f(X.u2), Where X.-«. is another subset. We propose that the
relationship between the outputs from the HFM and from the two lower-fidelity models
can be represented by a mathematical function, and therefore the output from the HFM
can then be written as:

(1)YHFM=g(YLFM-1,YLFM-2,B)+¢
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where g is a mathematical function, hereafter referred to as the “linking function”, B is a
vector of unknown parameters of the linking function, and ¢ is a regression error term.
Eq. (1) is the core of the LFSM approach. The linking function represents a surrogate
model that “links” outputs from models with different levels of fidelity, and formally
addresses their discrepancies.

So far, we considered a case with only three levels of fidelity (HFM, LFM-1 and LFM-2).
However, we can easily extend our approach to multiple levels of fidelity. Suppose the
HFM can be simplified with a number k of lower-fidelity models Y....(i =1, ..., k), each
sharing some of the input parameters and simulated processes of the high-fidelity
model. Extending Eg. (1) to such a case, the output from the HFM can then be defined
as follows:

(2)YHFM=g(YLFM-i,B)+¢(i=1,...,k)

A special case is when only two levels of fidelity are considered (i.e., HFM and LFM-1).
In this case, the proposed methodology can be seen as similar to another surrogate
modeling approach, known as Space Mapping (Bandler et al., 1994, Robinson et al.,
2006).

2.2. Shape of the linking function

The linking function can assume different forms, which must be defined on a case-by-
case basis. In very simple cases, the shape of the linking function might be obvious and
be defined on the basis of the physics of the problem. However, for more complex
problems where there is no obvious relationship, an empirical relationship must be
adopted. In these situations, the implementation of the linking function is analogous to
the development of a response surface representing the relationship between lower-
fidelity models outputs and the correspondent outputs from the high-fidelity model. In
the field of response surface surrogate modeling, different mathematical approaches
have been applied to approximate the relationships between input parameters, also
known as explanatory variables, and the original model output. The most popular
approaches include polynomials, kriging, artificial neural networks, radial basis
functions, and multivariate adaptive regression splines. The same mathematical
functions can be used as linking functions, and we refer to several comparative studies
(e.g., Giunta et al., 1998, Simpson et al., 2001; Fang et al., 2005, Forsberg and Nilsson,

2005, Wang and Shan, 2007, Zhao and Xue, 2010, Razavi et al., 2012b) for the details
of each method and discussions on their advantages and disadvantages.
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In this work we focus on polynomials, which can be very flexible and take a wide variety
of functional forms. Assuming the linking function g in Eqg. (2) is a polynomial of

degree n, then it can be written as:

(3)g(YLFM-i,B)=0+3 iBiYLMF-i+3 i j>iBijY LFM-iY LFM-j+ S iBiiY LFM-i2+5 i S j>i ¥ k>jBijkY LFM-
i'YLEM-jYLEM-K+- -+ S iii...iYLFM-in

The coefficients B of the polynomial are determined through the least-squares solution
of the equation G = Y...,, where G is a matrix operator, and Y. is a vector of outputs
determined from a number m of runs of the HFM (see Section 2.3). The maximum
likelihood estimates of the coefficients are then defined as B=(GTG)-1GTYHFM. If we
consider for simplicity three levels of fidelity — one high-fidelity model and two lower-
fidelity models (LFM-1 and LFM-2) — and we assume that the linking function can be
written in the form of a 2nd order polynomial (n = 2), the matrix operator G is defined as:
(4)G=1YLFM-11YLFM-21YLFM-11YLFM-21YLFM-112YLFM-2121YLFM-12YLFM-22YLFM-
12YLFM-22YLFM-122YLFM-222: -« creeereeereess 1YLFM-ImYLFM-2mYLFM-1mYLFM-2mYLFM-
1Im2YLFM-2m2

where YLFM-1t and YLFM-2t, with t = (1, ..., m), are the outputs from the tth-run of the
first and second lower-fidelity model, respectively. Since the nth-order polynomial
approximation of a certain function can be seen as a Taylor Series expansion of the
function truncated after n + 1 terms (Box and Draper, 1987), higher-order polynomials
(more expansion terms) can provide a more accurate approximation. However, since
the number of input parameters is usually large in most of the engineering and
environmental applications, the use of higher-order polynomials (n > 2) as response
surface surrogates is often infeasible (Farrester et al., 2007, Razavi et al., 2012a). This
is because the minimum number of runs (m..,) required for the estimation of the

coefficients B, which is a function of both the number of parameters and the order n,
may become prohibitively large for high-dimensional problems. For a D-dimensional
parameter input space, m., is given by:

(5)mmin=(n+D)!n!D!

For instance, at least 1001 runs of the original model are required to estimate the
coefficients of a 4th-order polynomial for a system with ten explanatory variables

(D = 10). The issue of dimensionality is not expected to be a factor in the application of
polynomials as linking functions. This is because the number of possible lower-fidelity
models, which in the proposed LFSM framework represents the variable D in Eq. (5), is
expected to be much lower than the number of input parameters of the original HFM.
For this reason, with respect to the application of polynomials, the LFSM approach has
two immediate advantages over traditional response surface modeling approach. The
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first is that fewer HFM runs are required for estimating the coefficients of the polynomial.
The second advantage is that polynomial linking functions of higher order, which may
provide a better representation of the relationship between the models outputs, can be
adopted with a relatively small number of additional runs of the HFM. In the case of a
system with three levels of fidelity, for example, only 9 additional runs are necessary to
develop a 4th order polynomial linking function instead of a 2nd order polynomial.
Nevertheless, we emphasize the use of standard model selection criteria used in
regression analysis (e.g., Akaike, 1973, Schwarz, 1978), to avoid the problem of over
fitting or the risk of developing an excessively complex model that may yield a poor
generalization.

2.3. Overview of the procedure

The following steps represent a guide through the implementation of the proposed
LFSM approach for a general case study. A schematization of the procedure for three
models with different levels of fidelity is shown in Fig. 1.

HFM semplification DoE Multiple models runs LF development
(Step 1 and 2} (Step 3) (Step 4) (Step5)
HFM

Xg

LF”'H’ i

YJ’.FM.!

1. Download high-res image (310KB)

2. Download full-size image
Fig. 1. Linking function surrogate modeling (LFSM) framework.
Step 1. Implement the high-fidelity model (HFM) that provides the most realistic
representation of the system of interest by taking into account the highest number of
processes and parameters controlling the system.
Step 2. Identify strategies to simplify the HFM, and apply them to the implementation of
the lower-fidelity models (LFM-i). Different approaches may be taken for the
simplification of the HFM such as simplification of the conceptual model, coarsening of
the spatial or temporal discretization, parameter upscaling, and exclusion of certain
physical or chemical processes. However, it is important that the HFM and the LFM-

v LFM-

X, LFM-1

LFM-2

LFM-2
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i are somehow correlated, meaning that input parameters of the lower-fidelity models
correspond to subsets of the input parameters of the HFM. If, for instance, x; (/ = 1,

..., h) is the set of n-input parameters of the HFM, then the subset x; (j =r, ..., p),
where r =2 1 and p < n, may represent the input parameters of the lower-fidelity model
LFM-1. If a second lower-fidelity model LFM-2 is implemented, which may take into
account the processes and parameters omitted in LFM-1, then its input parameters are
defined in another subset xi (k =s, ..., n). If s <p, as shown in Fig. 1, then the LFM-2
model shares some of the input parameters with both the HFM and the LFM-1.
However, the LFSM approach can also be applied when s = p.

Step 3. Generate a sample m of input parameters for the HFM. From the generated
input parameters sets, extract the subsets corresponding to each LFM-i. Sample
generation should be made according to one of the design of experiments (DoE)
methods to minimize the number of HFM model evaluations, while maximizing our
understanding of the model behavior. There is a large variety of space-filling DoE
strategies in the literature, including fractional factorial sampling, Latin hypercube
sampling, and different strategies based on sequences of quasi-random numbers.
Details on DoE methods can be found, for example, in Saltelli et al. (2008).

Step 4. Perform m runs of the HFM and the LFM-i models with the generated samples
of input parameters to calculate the vectors of outputs Y. = (Yiemz, ooy Yerum)

and Y = (Yiwias -y Yiewim), fOr each of the implemented models.

Step 5. Use the generated numerical data Y.« and Y.« to identify a mathematical
function (i.e., the linking function), representing the best match between outputs from
the different models. In practice, this step consists of a regression analysis in

which Y., is the dependent variable and the outputs from the lower-fidelity models Y.
; are the independent variables. The shape and the coefficients of the linking function
can be estimated with the least-square-regression method or other methods (see
Section 2.2). Once the linking function has been identified, the linking function surrogate
model can be used to emulate the output from the HFM by: (1) running the lower-fidelity
models with a set of parameters of interest; (2) use lower-fidelity responses as inputs in
the linking function and approximate the response of the HFM.

Before illustrating the proposed method with a numerical example, we provide a few
more comments on the proposed approach. The application of a linking function model
can be very advantageous especially for certain types of numerical investigations, such
as engineering design optimization or global sensitivity analysis, which require multiple
runs of a potentially slow and numerically unstable HFM. By addressing the
discrepancies between the HFM and the lower-fidelity models, the linking function can
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retain the level of realism and detailed information associated with the HFM, while at the
same time avoiding the long computational times usually associated with running such
models. However, an important factor to consider is the numerical efficiency of the
lower-fidelity models. It is obvious that the LFSM approach is attractive only if the sum
of execution times of the lower-fidelity models is appreciably lower than the time
required for running the HFM. In this regard, it is noteworthy that with our approach the
lower-fidelity models can be substituted by other types of surrogate models such as
previously developed response surface models or ROMs. With more computational
effort, response surface surrogates of the physically-based lower-fidelity models can
even be developed at the same time as the linking function. This will translate to an
even faster emulation of the HFM response.

The LFSM approach is based on the assumption that there is a correlation, represented
by the linking function, between the outputs from the lower-fidelity models and those
from the HFM. Clearly, if the goodness-of-fit of the linking function is poor, or is
acceptable only in selected sectors of the input parameter space, the emulated outputs
will not be accurate. Finding an accurate linking function may become an issue when
model outputs for a given set of input parameters are very different from the outputs for
a slightly different set. To some extent, this issue can be solved by changing the
strategy used for simplifying the HFM because it may be the result of the
oversimplification of the HFM, which causes the development of lower-fidelity models
that are not sufficiently representative of the system of interest. However, increasing the
level of fidelity of the lower-fidelity models may have the effect of increasing their
execution times, which inevitably reduces the computational efficiency of the approach.

Although the development of the linking function requires some computational cost,
given by the time to collect the necessary data from the model runs, this cost is
expected to be less than that required for the development of a response surface
surrogate for the same system of interest. This is because the number of HFM runs
required for the development of a robust response surface is a function of the number of
input parameters. Conversely, the number of HFM runs required for developing a robust
linking function depends on the number of lower-fidelity models considered, which will
always be less than the number of input parameters in the HFM. The limitation of the
number of HFM runs provides another advantage. It allows the HFM to consider a
higher level of complexity than would be feasible in the development of a response
surface model.



3. Example of application to CO, storage risk assessment

The LFSM approach was employed to build the reduced order models (ROM) that
predict the impact of a hypothetical CO, and brine leakage on groundwater quality in an
hypothetical aquifer with hydrological and hydrochemical properties similar to those of
the High Plains aquifer (USA). To define the impact of leakage on groundwater quality,
we performed numerical simulation of multiphase flow and reactive transport to estimate
concentrations of certain chemical species. The impact of leakage was then measured
by calculating the following metrics:

Volume of aquifer reaching pH < 6.5;

Volume of aquifer reaching TDS > 500 mg/L;

Volume of aquifer reaching concentrations of As > 1.33 x 10 mol/kg;

Volume of aquifer reaching concentrations of Cd > 4.05 x 10-¢ mol/kg;

Volume of aquifer reaching concentrations of Pb > 7.24 x 10 mol/kg.
Statistical analyses were conducted on the groundwater concentration data collected in
a 2010 U.S. Geological Survey (USGS) groundwater survey of 30 wells within the High
Plains aquifer and thresholds for estimating the volume of impacted aquifer (e.g.
1.33 x 107 mol/kg for As) were calculated as the 95%-confidence, 95%-coverage
tolerance from the data.

3.1. Problem statement and hydrogeological setting

We consider a two-dimensional cross-section of a hypothetical aquifer of length equal to
10,000 m and thickness equal to 240 m. The lithological characterization of the aquifer
is based on the lithological descriptions of 48 wells located in Haskell County, in South
West Kansas. The source of these data is the Water Well Completion Records (WWC5)
Database (Kansas Geological Survey, 2012). Lithological descriptions of the well logs
include different types of unconsolidated sediments with a highly heterogeneous
granulometric distribution, typical of a fluvial depositional environment. For simplicity, the
original lithological descriptions were classified into two hydrostratigraphic units on the
basis of grain size (coarse/fine) and permeability (high/low). The lithologies included in
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each of these units are provided in Table 1. The aquifer is assumed to be confined, and
the mean groundwater flow is from east to west with a hydraulic gradient of 0.003.
Aquifer thickness is uniform and equal to 240 m, which corresponds to the average
thickness of the High Plain Aquifer in Heskell County.

Table 1. Lithologies associated with the hydrostratigraphic units of the test case.
Mean length Mean length

ﬁz'i(tirostratlgraphlc Lithologies (horizontal (vertical V:(l)uz;itil(;l:
direction) direction) prop
Sand, coarse sand, medium
Unit 1 sand, sand with gravel, gravel =, 8.3m 0.60
with sand, medium gravel,
gravel, coarse gravel
Fine sand, very fine sand, silty
Unit 2 sand, silt, silty clay, shale, 478.5 m 5.6m 0.40

sandstone, caliche, gypsum
rock, clay, limestone.

The distribution of the two hydrostratigraphic units was simulated with the T-PROGS
approach (Carle and Fogg, 1996, Carle and Fogg, 1997, Carle et al., 1998; Carle, 1999)
based on the transition probabilities between different categories and on a single
Markov Chain equation in each direction. Transition probabilities are defined as the
probability that a certain category j occurs at the location u + h conditioned to the
occurrence of another category i at the location u. Here u and h are a location and a
movement vector, respectively. One advantage of this methodology is the increased
realism of the simulations, making it thereby possible to account for observable
geological features such as mean lengths and juxtapositional tendencies. T-PROGS
simulations of the aquifer heterogeneity were conducted with mean lengths and
volumetric proportions for the two different hydrostratigraphic estimated from the
analysis of their spatial distributions in the 48 wells. Values for these two parameters are
given in Table 1. The spatial distribution of the two hydrostratigraphic units corresponds
to one unconditional realization of the T-PROGS geostatistical model. The interpolation
grid is composed of rectangular cells with constant dimensions equal to 100 m and 5 m
in the X-direction and Z-direction, respectively (Fig. 2). In the implementation of the
multiphase and transport models described in the next sections, different hydrological
parameters (i.e., permeability, porosity, etc.) were assigned to each unit.
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Fig. 2. Heterogeneous distribution of two hydrostratigraphic units generated with T-
PROGS (a). Numerical model mesh used for the TOUGHREACT simulations (b). The
black circle indicates the location of the CO, and brine leakage point.
Leakage of CO, and brine from a wellbore is simulated by assuming a point source at
the point of coordinates (2200 m, —190 m) and a duration of 200 years with variable
leakage rates. The maximum values of these leakage rates are plotted as a function of
simulation time in Fig. 3. These rates represent a hypothetical leakage pathway related
to a deep leaky well connecting a deep geologic reservoir for CO, storage with a shallow
groundwater resource. We assumed that leakage is driven by reservoir over pressure
and CO., and brine saturations. These parameters were used as input in a wellbore
leakage model based on multiphase and non-isothermal flow simulations (Jordan et al.,
2013) to calculate the flux into the aquifer and the leakage rate over time. The CO, rates
sharply increase during the initial 5 years and then oscillate, with variations ranging from
0.039 kg/s to 0.046 kg/s. The brine leakage rates are more stable, with very little
variation around an average of 0.012 kg/s.
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Fig. 3. CO, and brine leakage rates over time.

3.2. High and lower fidelity models

Leakage of CO, and brine in the hypothetical aquifer was modeled with a 2-D high
fidelity model (HFM) considering a comprehensive set physical and chemical factors, as
well as with two lower-fidelity models (LFM-1 and LFM2), which take into account only
some of the parameters and processes considered by the HFM. For all models,
multiphase flow and reactive transport were simulated with the finite-volume code
TOUGHREACT 2.0 (Xu et al., 2011).

The first lower fidelity model (LFM-1) is a simple model considering 1-D flow parallel to
the average flow direction in the hypothetical aquifer. The simulation domain is

10,000 m in X direction which is discretized into 1000 grid blocks and 1 m

in Y and Z direction without discretization. The aquifer is considered homogenous, and
a hydraulic gradient equal to 0.003 is applied by fixing the pressure at grid blocks on the
left and right boundaries. Chemical reactions are considered in the model including
agueous complexation, mineral dissolution/precipitation, cation exchange and
adsorption/desorption via surface complexation. Details of these reactions are given

in Bianchi et al. (2013). In this model, the dissolution of calcite and surface protonation
reactions are the main pH buffering processes. Surface complexation reactions on
goethite, illite, kaolinite and smectite are the dominant reactions that control the release
of As, Pb and Cd.
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The second lower fidelity (LFM-2) model simulates 2-D flow and solute transport and
assumes a heterogeneous distribution of permeability in the hypothetical aquifer (Fig._
2). The simulation domain is 10,000 m in X direction, 240 m in Zdirection and 1000 m
in Y direction. However, the domain is discretized only in the X and Z directions Unlike
LFM-1, LFM-2 does not consider chemical processes i.e. the chemical species are
treated as conservative species. Specified hydraulic head boundary conditions were
imposed at the left and right boundaries, while no-flow boundary conditions were
applied at the top and bottom of the domain. A preliminary gravity equilibration run,
without CO, and brine injection, was run long enough to establish quasi-steady-state
initial conditions, for the CO, and brine leakage simulations. These were conducted at
constant temperature (17 °C). Simulated plumes for the considered chemical species
are shown in Fig. 4. These results are representative of a base-case run used to
understand the system behavior and to manually test the sensitivity of the model to the
different input parameters. Input parameters for this base-case scenario are presented
in Table 2. After 200 years of continuous release of brine and CO, from the leakage
point, the area with lowered pH values and the plumes of three considered metals (As,
Pb, and Cd) moved about 7 km downgradient. As expected, the major role in
determining the shape of these plumes is played by the heterogeneous distribution of
the two hydrostratigraphic units, with the plume following preferential flow paths
according to the distribution of the highest permeable unit.
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Fig. 4. Results of the LFM-2 base-case simulation after 200 years of continuous leakage
(unreactive transport). pH distribution (a), AsO, concentration (b), Pb= concentration (c),
Cd= concentration (d).

Table 2. Input parameters for the LFM-2 base case run.

Parameter Base case value
Porosity (unit 1) 0.250

Porosity (unit 2) 0.330

Rock density (unit 1) 2400 kg/m?
Rock density (unit 2) 2400 kg/m?
Permeability (unit 1) 3.162 x 10" m?
Permeability (unit 2) 3.162 x 10" m?
Van Genuchten parameter m (unit 1) 0.655

Van Genuchten parameter m (unit 2) 0.190

Van Genuchten parameter alpha (unit 1) 5.62 x 10" m™
Van Genuchten parameter alpha (unit 2) 1.51 x 10* m™

The high fidelity model (HFM) considers multi-phase flow and transport in a
heterogeneous system and geochemical reactions. The model setup, hydrogeological
parameterization, and leakage functions of CO. and brine are the same as in the lower-
fidelity model LFM-2. The HFM also incorporates all the chemical reactions considered
by LFM-1. Because of its complexity, this HFM is expected to provide the most accurate
representation of the natural system, taking into account uncertainties in flow, transport,
and chemical processes. Fig. 5 shows the plumes of pH, As, Pb, and Cd for a base-
case simulation similar to that considered for LFM-1 and LFM-2.
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Fig. 5. Results of the HFM base-case simulation after 200 years of continuous leakage
(reactive transport). pH distribution (a), AsO. concentration (b), Pb> concentration (c),
Cd=concentration (d).

3.3. Development of the linking function surrogate model and results

Multiple runs of the HFM and of the two lower-fidelity models LFM-1 and LFM-2 were
performed to collect the data required for developing the linking function. Initially, 450
sample points in the HFM parameter space were generated using a quasi-random

sequence algorithm (LPt, Sobol et al., 1992). Correspondent input parameters for the

lower-fidelity models were then extracted from the generated sets, according to the
previously described procedure. Details on the considered input parameters and on
their ranges are presented in Table 3.

Table 3. Input parameters ranges for the development of the linking functions for the test case.

Parameter Range (min-max) Model

Porosity (unit 1) 0.25-0.50 HFM, LFM-2
Porosity (unit 2) 0.33-0.60 HFM, LFM-2
Rock density (unit 1) 2400-2800 kg/m? HFM, LFM-2
Rock density (unit 2) 2400-2800 kg/m? HFM, LFM-2
Permeability (unit 1) —13.5 to —10.5* log(m?) HFM, LFM-2
Permeability (unit 2) —15.0 to —18.0° log(m?) HFM, LFM-2
Van Genuchten parameter m (unit 1) 0.52-0.79 HFM, LFM-2
Van Genuchten parameter m (unit 2) 0.06-0.32 HFM, LFM-2
Van Genuchten parameter alpha (unit 1) —4.69 to —3.81: log(m™) HFM, LFM-2
Van Genuchten parameter alpha (unit 2) —5.50 to —4.14" log(m™) HFM, LFM-2
CO:. leakage rate scaling parameter: 0.1-1.0 HFM, LFM-2
Brine leakage rate scaling parameter® 0.1-1.0 HFM, LFM-2
Chloride concentration in brine —-2.0 to 1.0* log(mol/L) HFM, LFM-1
Arsenic concentration in brine -9.0 to —5.0° log(mol/L) HFM, LFM-1
Calcite initial volume fraction 0-0.2 HFM, LFM-1
Sorption scaling parameter: —2.0to 2.0 HFM, LFM-1

*

Indicates log,, values.

a

This factor was applied to the maximum CO, leakage rate.
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b

This factor was applied to the maximum brine leakage rate.

Cc

This factor was applied to the adsorption capacity of different mineral phases.
For each set of input parameters, we ran the HFM and the two lower-fidelity models to
estimate three different predictions (i.e., one from each model) of the impact of CO, and
brine leakage for 20 simulated time periods (one every 10 years up to 200 years). At the
end of these numerical simulations, three vectors of output values were estimated and
used in the least-squares regression analysis to estimate the coefficients of the
polynomial representing the linking function between the HFM and LFM-1 and LFM-2
(Eq. (3)). For all the output variables and for all the simulation times, a second order
polynomial was found to provide a sufficiently accurate match between the simple and
complex model outputs. An example of the shape of this polynomial function is shown
in Fig. 6. The goodness of fit for the developed linking functions was analyzed by
calculating the coefficient of determination (R?). Taking into account all the linking
functions, the calculated R’ values are between 0.635 and 0.998, with the majority of
values higher than 0.800. A better accuracy in terms of R* values can be obviously
obtained by augmenting the order of the polynomial linking functions, but this can also
increase the risk of overfitting and, consequentially, compromise the predictability power
of the developed LFSM. In general the highest R? values, indicating higher accuracy, are
calculated for the linking functions that predict the volume of TDS > 500 mg/L
(R> between 0.970 and 0.987). For the linking functions considering pH, the R? values
ranges between 0.822 and 0.944. Relatively less accuracy is associated with the linking
functions for estimating the volume of aquifer contaminated with As (R? between 0.911
and 0.723), Pb (0.725-0.638) and Cd (0.753-0.635). We also built scatter plots of the
responses estimated with the linking function and those of the complex model (Fig. 7).
In general, the cloud of points is distributed along a y = x line, showing the accuracy of
the fitting. The highest accuracy is for smaller simulations times.
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Fig. 6. Second order polynomial linking function for estimating the volume of pH < 6.5
(m?) after 180 days of leakage. Points represent the calculated responses from the two
lower fidelity models (LFM-1 and LFM-2) and those from the high fidelity model (HFM).
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Fig. 7. Comparison between HFM model outputs (volumes in m:) and linking functions
responses. Simulation time is 200 years. (a) pH (R: = 0.822); (b) TDS(R: = 0.987); (c) As
(R:=0.723); Pb (R =0. 638); Cd (R = 0. 635).

3.4. Application of the linking function surrogate models in NRAP

The development of ROMs generally relies on conducting a number of high-fidelity
numerical simulations that consider all relevant flow, transport, and chemical processes
that could potentially have an impact on CO, and brine leakage into groundwater. These
high-fidelity simulations are then used to “train” simpler ROMs (e.g., look-up tables,
functional relationships) that sufficiently represent their outputs for a wide range of
uncertain input parameters. To overcome the problem of running a very complex and
extremely computationally demanding model considering all the parameters and
processes that are relevant to brine and CO, leakage in shallow aquifers, within NRAP
we make an attempt to represent the complex hydrogeological and geochemical
conditions in a heterogeneous aquifer by using two separate lower-fidelity models. The
outputs from these lower-fidelity models are then used as input for the linking functions
developed in this work. In particular, one lower-fidelity model is represented by a ROM
that estimates the volume impacted by CO, and brine leakage by taking into account
heterogeneous flow and transport conditions in the presence of multiple leakage wells.
This ROM, developed by Lawrence Livermore National Laboratory (Carroll et al., 2013)
and referred to as hydrological ROM, considers uncertainties related to flow, transport,
and leakage parameters, but it has a simplified representation of the chemical reactions

induced by leakage. Complex chemical reactions are instead considered in detail by a
second ROM, which, on the other hand, does not include parameters for a more
accurate representation of the hydrological complexity. In particular, the input
parameters of this ROM do not include properties defining aquifer heterogeneity. This
ROM which was developed by Lawrence Berkeley National Laboratory, and is here
referred to as geochemical ROM, allows to define uncertainties related to chemical
parameters and reactions. In the context of the previously described linking function
development, the geochemical ROM is comparable to the lower-fidelity model LFM-1,
while the hydrological ROM is comparable to the lower- fidelity model LFM-2. Moreover,
the similarity between the two previously described lower fidelity models and the two
ROMs is also determined by the fact that all models were developed on the basis of
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physical and chemical parameters values that are consistent with the characteristics of
the High Plains Aquifer (Becker et al., 2002).

Clearly, neither the hydrological ROM nor the geochemical ROM can separately provide
an accurate prediction of the risk profile, because of the simplifications inherent in these
models. Therefore, we used the developed LFSM to link the outputs from the two ROMs
as described in the workflow shown in Fig. 8. In practice, once the outputs from the
hydrological and geochemical ROMs for a particular objective variable (e.g., TDS, pH,
As, Cd, or Pb) and simulation time are obtained, these are directly used as input in the
corresponding linking functions to estimate the final volume of aquifer impacted by

CO, and brine leakage. This final volume is expected to represent a reasonable
approximation of the output from a time consuming and computationally expensive
computer model. In theory, a complex 3-D model should be ideally implemented and run
multiple times to estimate the HFM outputs for the development of the linking functions
to link the outputs from the two ROMs (Fig. 1). However, due to the complexity of the
systems considered in NRAP, the development of such high-fidelity numerical model
that incorporates 3-D heterogeneous flow and reactive transport is very challenging and
too computationally demanding with the currently available numerical codes. Therefore,
for now, we have made the assumption that the linking functions developed to emulate
the outputs from a complex 2-D model can be extrapolated in 3-D and provide reliable
estimates of impacted aquifer volumes. However, once computational power will be
available, future research should dedicate to test the reliability of the 2-D assumption by
comparing the outputs from the developed LFSMs with the corresponding outputs from
a complex 3-D model.
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Fig. 8. Flow chart for applying the linking function approach.
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4. Conclusions
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We present a new surrogate modeling approach, named Linking Function Surrogate
Modeling (LFSM), which is based on the simplification of a computationally expensive
high-fidelity model into computationally less expensive and simpler models, followed by
the development of a mathematical function that links their outputs to emulate the
output from the high-fidelity model. When the sum of execution times of the lower-
fidelity models is less than the execution time of the high-fidelity model, this approach
can significantly reduce the computational cost without jeopardizing the accuracy of the
results. In comparison with other surrogate modeling methods, the main advantage of
the proposed approach is that it can manage problems where the number of input
parameters of lower-fidelity models is different from that in the high-fidelity model.

The proposed approach was applied to the development of reduced order models that
estimate the impact of CO, and brine leakage on groundwater quality in a
heterogeneous shallow aquifer. A computationally expensive high-fidelity multiphase
flow and reactive transport model (HFM) was simplified into two lower-fidelity models,
LFM-1 and LFM-2, each taking into account a subset of the processes simulated in the
HFM. In particular, LFM-1 is a simple 1-D model with homogenous flow field, but it takes
into account several chemical reactions. On the other hand LFM-2 is 2-D model
considering aquifer heterogeneity but no reactions. We showed that outputs from the
HFM can be emulated with satisfactory accuracy with the proposed linking function
surrogate modeling approach. For all the model responses considered, the linking
functions are represented by 2nd order polynomials. These functions were developed
with a limited computational cost through a least-squares regression analysis in which
the outputs from the LFM-1 and LFM-2 are used as independent variables to fit the
outputs from HFM.

Within NRAP, the developed linking functions are applied to link the output from two
ROMs. These two ROMs are in fact similar in terms of input parameters and considered
processes to the lower-fidelity models LFM-1 and LFM-2 used for the testing the
proposed linking function approach. The first ROM (hydrological ROM) was in fact
derived from a low-fidelity model that accounts for the heterogeneous flow and transport
conditions in the presence of multiple leakage wells, which considered uncertainties
related to flow, transport, and leakage parameters, but has a simplified representation of
chemical reactions. The second ROM (geochemical ROM) was obtained from models
that feature greatly simplified flow and transport conditions, but allow for a more
complex representation of relevant geochemical reactions. This ROM deals with
uncertainties related to chemical parameters and reactions. The proposed linking



function approach allows to combine the outputs from these two ROMSs to provide
estimations of volume of aquifer impacted by CO. and brine leakage without the need of
performing multiple evaluations of a complex and computationally infeasible high-fidelity
model.

Acknowledgments

This work was funded by the Assistant Secretary for Fossil Energy, National Energy
Technology Laboratory, National Risk Assessment Partnership, of the U.S. Department
of Energy under Contract No. DEAC02-05CH11231. The Guest Editor Susan Carrol and
two anonymous reviewers are grateful acknowledged for their comments, which helped
improving the final version of the manuscript.

References

Akaike, 1973
H. Akaikelnformation theory as an extension of the maximum likelihood principle

B.N. Petrov, F. Csaki (Eds.), Second International Symposium on Information Theory, Akademiai
Kiado, Budapest, Hungary (1973), pp. 267-281

View Record in Scopus

Alexandrov et al., 2001

N.M. Alexandrov, R.M. Lewis, C.R. Gumbert, L.L. Green, P.A. NewmanApproximation and

model management in aerodynamic optimization with variable-fidelity models
J. Aircraft, 38 (6) (2001), pp. 1093-1101

CrossRefView Record in Scopus
Bandler et al., 1994

J. Bandler, R. Biernacki, S. Chen, P. Grobelny, R. HemmersSpace mapping technique for

electromagnetic optimization
IEEE Trans. Microw. Theory Tech., 42 (12) (1994), pp. 2536-2544, 10.1109/22.339794
CrossRefView Record in Scopus

Bal and Mayer, 2006
D. Bau, A.S. MayerStochastic management of pump-and-treat strategies using surrogate

functions
Adv. Water Resour., 29 (12) (2006), pp. 1901-1917
ArticleDownload PDFView Record in Scopus
Berci et al., 2011
M. Berci, P.H. Gaskell, R.W. Hewson, V.V. ToporovMultifidelity metamodel building as a route

to aeroelastic optimization of flexible wings
Proc. Inst. Mech. Eng. Part C: J. Mech. Eng. Sci., 225 (2011), pp. 2115-
2137, 10.1177/0954406211403549


https://doi.org/10.1177/0954406211403549
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0030
https://www.scopus.com/inward/record.url?eid=2-s2.0-33750000341&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0309170806000261/pdfft?md5=6871bdaefcaeb0acf3cbdc60e042e1c8&pid=1-s2.0-S0309170806000261-main.pdf
https://www.sciencedirect.com/science/article/pii/S0309170806000261
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0025
https://www.scopus.com/inward/record.url?eid=2-s2.0-0028748992&partnerID=10&rel=R3.0.0
https://doi.org/10.1109/22.339794
https://doi.org/10.1109/22.339794
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0020
https://www.scopus.com/inward/record.url?eid=2-s2.0-0035517086&partnerID=10&rel=R3.0.0
https://doi.org/10.2514/2.2877
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0010
https://www.scopus.com/inward/record.url?eid=2-s2.0-0242339007&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0005

CrossRefView Record in Scopus
Becker et al., 2002

M.F. Becker, B.W. Bruce, L.M. Pope, W.J. AndrewsGround-water quality in the central high

plains aquifer, Colorado, Kansas, New Mexico, Oklahoma, and Texas, 1999
U.S. Geological Survey, Water-Resources Investigations Report, 02-4112 (2002)

Bianchi et al., 2013
M. Bianchi, L. Zheng, N. Spycher, J. BirkholzerReduced Order Models for Prediction of
Groundwater Quality Impacts from CO. and Brine Leakage: Application to the High Plains
Aquifer, NRAP-TRS-Ill-xxx-2013; NRAP Technical Report Series
U.S. Department Energy, National Energy Technology Laboratory, Morgantown, WV (2013), p. 52

View Record in Scopus

Bliznyuk et al., 2008
N. Bliznyuk, D. Ruppert, C. Shoemaker, R. Regis, S. Wild, P. MugunthanBayesian calibration

and uncertainty analysis for computationally expensive models using optimization and
radial basis function approximation

J. Comput. Graph. Stat., 17 (2) (2008), pp. 270-294

CrossRefView Record in Scopus

Box and Draper, 1987
G.E.P. Box, N.R. DraperEmpirical Model-Building and Response Surfaces

John Wiley & Sons, New York, NY (1987)

Carle, 1999
S.F. CarleT-PROGS: Transition Probability Geostatistical Software, version 2.1
University of California, Davis, CA (1999)

Carle and Fogg, 1996
S.F. Carle, G.E. FoggTransition probability-based indicator geostatistics

Math. Geol., 28 (4) (1996), pp. 453-476
CrossRef
Carle and Foqgg,
1997
S.F. Carle, G.E. FoggModeling spatial variability with one and multidimensional continuous-
lag Markov chains
Math. Geol., 29 (7) (1997), pp. 891-918

CrossRefView Record in Scopus
Carle et

al.,

1998
S.F. Carle, E.M. LaBolle, G.S. Weissmann, D. VanBrocklin, G.E. FoggGeostatistical simulation
of hydrostratigraphic architecture: a transition probability/Markov approach


https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0062
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0062
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0062
https://www.scopus.com/inward/record.url?eid=2-s2.0-0031432328&partnerID=10&rel=R3.0.0
https://doi.org/10.1023/A:1022303706942
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0061
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0061
https://doi.org/10.1007/BF02083656
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0059
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0058
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0055
https://www.scopus.com/inward/record.url?eid=2-s2.0-46849085381&partnerID=10&rel=R3.0.0
https://doi.org/10.1198/106186008X320681
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0045
https://www.scopus.com/inward/record.url?eid=2-s2.0-84956629428&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0040
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0035
https://www.scopus.com/inward/record.url?eid=2-s2.0-80052790228&partnerID=10&rel=R3.0.0
https://doi.org/10.1177/0954406211403549

Concepts in Hydrogeology and Environmental Geology No. 2, SEPM Special Publication(1998),
pp. 147-170

CrossRefView Record in Scopus

1= 1= [[}) |O

I (o]

I l—=+ ICD

]

- -

w - o IN

S.A. Carroll, K. Mansoor, Y. SunSecond Generation Reduced Order Model for Calculating

Groundwater Impacts as a Function of pH, Total Dissolved Solids, and Trace Metal

Concentration; NRAP-TRS-111-2013; NRAP Technical Report Series

U.S. Department of Energy, National Energy Technology Laboratory, Morgantown, WV (2013)
Carroll
etal.
2014

S.A. Carroll, M. Bianchi, K. Mansoor, L. Zheng, Y. Sun, N. Spycher, J. BirkholtzerReduced-Order

Model for Estimating Impacts from CO, Storage Leakage to Alluvium Aquifers: Third-

Generation Combines Physical and Chemical Processes. NRAP Technical Report Series
U.S. Department of Energy, National Energy Technology Laboratory, Morgantown, WV (2014),
p. 39

View Record in Scopus

Dai et al., 2014

Z. Dai, E. Keating, D. Bacon, H. Viswanathan, P. Stauffer, A. Jordan, R. PawarProbabilistic
evaluation of shallow groundwater resources at a hypothetical carbon sequestration site
Sci. Rep., 4 (2014), p. 4006


https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0075
https://www.scopus.com/inward/record.url?eid=2-s2.0-84903268569&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0065
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0065
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0065
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0060
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0060
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0060
https://www.scopus.com/inward/record.url?eid=2-s2.0-0001635586&partnerID=10&rel=R3.0.0
https://doi.org/10.2110/sepmcheg.01.147

Dyn et al., 1986
N. Dyn, D. Levin, S. RippaNumerical procedures for surface fitting of scattered data by

radial basis function
SIAM J. Sci. Stat. Comput., 7 (1) (1986), pp. 639-659
CrossRef
Eldred et al., 20(

M.S. Eldred, A.A. Giunta, S.S. CollisSecond-order corrections for surrogate-based
optimization with model hierarchies
10th AIAA/ISSMO Multidisciplinary Analysis and Optimization Conference, Albany, New York, 30—
31 August 2004 (2004)
Fang et al., 200t
H. Fang, M. Rais-Rohani, Z. Liu, M.F. HorstemeyerA comparative study of metamodeling
methods for multiobjective crashworthiness optimization
Comput. Struct., 83 (25-26) (2005), pp. 2121-2136
ArticleDownload PDFView Record in Scopus

Fen et al., 2009

C.S. Fen, C.C. Chan, H.C. ChengAssessing a response surface-based optimization
approach for soil vapor extraction system design
J. Water Resour. Plann. Manage., 135 (3) (2009), pp. 198-207

CrossRefView Record in Scopus
Forrester et al., ¢

A.l.J. Forrester, A. Sobester, A.J. KeaneMulti-fidelity optimization via surrogate modelling
Proc. R. Soc. A, 463 (2088) (2007), pp. 3251-3269

CrossRefView Record in Scopus

Forsberg and Nil
J. Forsberg, L. NilssonOn polynomial response surfaces and kriging for use in structural

optimization of crashworthiness
Struct. Multidisc. Optim., 29 (3) (2005), pp. 232-243

CrossRefView Record in Scopus
Forrester, 2010

A.l1.J. ForresterBlack-box calibration for complex-system simulation
Phil. Trans. R. Soc. A, 368 (2010), pp. 3567-3579, 10.1098/rsta.2010.0051

CrossRefView Record in Scopus
Forrester and Ke

A.l.J. Forrester, A.J. KeaneRecent advances in surrogate-based optimization
Prog. Aerosp. Sci., 45 (1-3) (2009), pp. 50-79

ArticleDownload PDFView Record in Scopus
Gano et al., 200¢



https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0130
https://www.scopus.com/inward/record.url?eid=2-s2.0-58549086381&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0376042108000766/pdfft?md5=6a2e02e83fa404e48eb17590e5a62545&pid=1-s2.0-S0376042108000766-main.pdf
https://www.sciencedirect.com/science/article/pii/S0376042108000766
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0125
https://www.scopus.com/inward/record.url?eid=2-s2.0-77956470886&partnerID=10&rel=R3.0.0
https://doi.org/10.1098/rsta.2010.0051
https://doi.org/10.1098/rsta.2010.0051
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0120
https://www.scopus.com/inward/record.url?eid=2-s2.0-16244414924&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s00158-004-0487-8
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0115
https://www.scopus.com/inward/record.url?eid=2-s2.0-36348935692&partnerID=10&rel=R3.0.0
https://doi.org/10.1098/rspa.2007.1900
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0110
https://www.scopus.com/inward/record.url?eid=2-s2.0-65449138254&partnerID=10&rel=R3.0.0
https://doi.org/10.1061/(ASCE)0733-9496(2009)135:3(198)
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0105
https://www.scopus.com/inward/record.url?eid=2-s2.0-23144459061&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0045794905001355/pdfft?md5=5a5c81c88694ce61eca3b7551d3db5ec&pid=1-s2.0-S0045794905001355-main.pdf
https://www.sciencedirect.com/science/article/pii/S0045794905001355
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0100
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0095
https://doi.org/10.1137/0907043
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0090

S.E. Gano, J.E. Renaud, J.D. Martin, T.W. SimpsonUpdate strategies for kriging models used
in variable fidelity optimization

Struct. Multidiscip. Optim., 32 (4) (2006), pp. 287-298

CrossRefView Record in Scopus

Giunta et al., 19¢

A. Giunta, L.T. Watson, J. KoehlerA comparison of approximation modeling techniques:
polynomial versus interpolating models
Proceedings of the 7th AIAA/JUSAF/NASA/ISSMO symposium on multidisciplinary analysis &
optimization, No. AIAA-98-4758, St. Louis, MO, 1998 (1998)
Goh et al., 2012
J. Goh, D. Bingham, J.P. Holloway, M.J. Grosskopf, FW. Doss, E. Rutter, C.C.KuranzComputer
model calibration using outputs from multi fidelity simulators

American Physical Society, 53rd Annual Meeting of the APS Division of Plasma
Physics, November 14-18, 2011, abstract #PP9.132 (2012)
Hemker et al., 2(

T. Hemker, K.R. Fowler, M.W. Farthing, O. vonStrykA mixed-integer simulation-based
optimization approach with surrogate functions in water resources management
Optim. Eng., 9 (4) (2008), pp. 341-360

CrossRefView Record in Scopus

Huang et al., 20(
D. Huang, T.T. Allen, W.l. Notz, R.A. MillerSequential kriging optimization using multiple-

fidelity evaluations
Struct. Multidisc. Optim., 32 (2006), pp. 369-382, 10.1007/s00158-005-0587-0

CrossRefView Record in Scopus

Jordan et al., 20.
A.B. Jordan, P.H. Stauffer, D.R. Harp, J.W. Carey, R.J. PawarA Method for Predicting CO, and
Brine Leakage from Geologic Sequestration along Cemented Wellbores in System-Level
Models
Los Alamos National Laboratory Rep (2013)
LA-UR-13-29243

Jordan et al., 20

A.B. Jordan, P.H. Stauffer, D. Harp, J.W. Carey, R.J. PawarA response surface model to
predict CO, and brine leakage along cemented wellbores

Int. J. Greenhouse Gas Control, 33 (2015), pp. 27-39

ArticleDownload PDFView Record in Scopus

Jones, 2001
D. JonesA taxonomy of global optimization methods based on response surfaces
J. Global Optim., 21 (4) (2001), pp. 345-383, 10.1023/A:1012771025575

CrossRefView Record in Scopus


https://www.scopus.com/inward/record.url?eid=2-s2.0-0035577808&partnerID=10&rel=R3.0.0
https://doi.org/10.1023/A:1012771025575
https://doi.org/10.1023/A:1012771025575
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0170
https://www.scopus.com/inward/record.url?eid=2-s2.0-84921340592&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1750583614003600/pdfft?md5=abb93a174bb9ac5f4fa363406dbfeafd&pid=1-s2.0-S1750583614003600-main.pdf
https://www.sciencedirect.com/science/article/pii/S1750583614003600
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0165
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0160
https://www.scopus.com/inward/record.url?eid=2-s2.0-33749239058&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s00158-005-0587-0
https://doi.org/10.1007/s00158-005-0587-0
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0155
https://www.scopus.com/inward/record.url?eid=2-s2.0-54049097945&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s11081-008-9048-0
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0150
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0140
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0135
https://www.scopus.com/inward/record.url?eid=2-s2.0-33747602064&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s00158-006-0025-y

Kansas Geologic
Kansas Geological SurveyWater Well Completion Records (WWCS5) Database

(2012)
Available from: www.kgs.ku.edu/Magellan/WaterWell/index.html

Kennedy and O’
M.C. Kennedy, A. O’'HaganPredicting the output from a complex computer code when fast

approximations are available
Biometrika, 87 (1) (2000), pp. 1-13

CrossRefView Record in Scopus
Kim et al., 2007

H.S. Kim, M. Koc, J. NiA hybrid multi-fidelity approach to the optimal design of warm
forming processes using a knowledge-based artificial neural network

Int. J. Mach. Tools Manuf., 47 (2) (2007), pp. 211-222

ArticleDownload PDFView Record in Scopus

Kleijnen, 2009
J.P.C. KleijnenKriging metamodeling in simulation: a review

Eur. J. Oper. Res., 192 (3) (2009), pp. 707-716

ArticleDownload PDFView Record in Scopus
Koch et al., 199¢

P.N. Koch, T.W. Simpson, J.K. Allen, F. MistreeStatistical approximations for multidisciplinary

optimization: the problem of size
J. Aircraft, 36 (1) (1999), pp. 275-286
(Special Multidisciplinary Design Optimization Issue)
CrossRefView Record in Scopus
Kourakos and M
G. Kourakos, A. MantoglouPumping optimization of coastal aquifers based on evolutionary
algorithms and surrogate modular neural network models
Adv. Water Resour., 32 (4) (2009), pp. 507-521
ArticleDownload PDFView Record in Scopus
Kourakos and M
G. Kourakos, A. MantoglouDevelopment of a multi-objective optimization algorithm using
surrogate models for coastal aquifer management

J. Hydrol., 479 (2013), pp. 13-23, 10.1016/j.jhydrol.2012.10.050

ArticleDownload PDFView Record in Scopus
Koziel and Leifss

S. Koziel, L. LeifssonSimulation-driven design using surrogate-based optimization and
variable-resolution computational fluid dynamic models

J. Computat. Methods Sci. Eng., 12 (1-2) (2012), pp. 75-98, 10.3233/JCM-2012-0405
View Record in Scopus



https://www.scopus.com/inward/record.url?eid=2-s2.0-84861921201&partnerID=10&rel=R3.0.0
https://doi.org/10.3233/JCM-2012-0405
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0215
https://www.scopus.com/inward/record.url?eid=2-s2.0-84872371718&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0022169412009511/pdfft?md5=4537157a915531c4f06e5f85919af328&pid=1-s2.0-S0022169412009511-main.pdf
https://www.sciencedirect.com/science/article/pii/S0022169412009511
https://doi.org/10.1016/j.jhydrol.2012.10.050
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0210
https://www.scopus.com/inward/record.url?eid=2-s2.0-62349136438&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0309170809000025/pdfft?md5=838890122eda02f96cf8c92ef3386a5b&pid=1-s2.0-S0309170809000025-main.pdf
https://www.sciencedirect.com/science/article/pii/S0309170809000025
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0205
https://www.scopus.com/inward/record.url?eid=2-s2.0-0032715185&partnerID=10&rel=R3.0.0
https://doi.org/10.2514/2.2435
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0200
https://www.scopus.com/inward/record.url?eid=2-s2.0-51649116012&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0377221707010090/pdfft?md5=0a9106dd8804729b7cb94a108746e272&pid=1-s2.0-S0377221707010090-main.pdf
https://www.sciencedirect.com/science/article/pii/S0377221707010090
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0195
https://www.scopus.com/inward/record.url?eid=2-s2.0-33751049305&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0890695506001192/pdfft?md5=d780383b9e9f079a9784b1da7a126103&pid=1-s2.0-S0890695506001192-main.pdf
https://www.sciencedirect.com/science/article/pii/S0890695506001192
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0190
https://www.scopus.com/inward/record.url?eid=2-s2.0-0007312235&partnerID=10&rel=R3.0.0
https://doi.org/10.1093/biomet/87.1.1
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0180
http://www.kgs.ku.edu/Magellan/WaterWell/index.html
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0175

Leary et al., 200:
S.J. Leary, A. Bhaskar, A.J. KeaneA knowledge-based approach to response surface

modelling in multifidelity optimization
J. Global Optim., 26 (3) (2003), pp. 297-319
CrossRefView Record in Scopus

Liong et al., 200:
S.Y. Liong, S.T. Khu, W.T. ChanDerivation of Pareto front with genetic algorithm and neural

network
J. Hydrol. Eng., 6 (1) (2001), pp. 52-61
CrossRefView Record in Scopus
Mckay et al., 197
M.D. Mckay, R.J. Beckman, W.J. ConoverA comparison of three methods for selecting values

of input variables from a computer code
Technometrics, 21 (2) (1979), pp. 239-245
CrossRefView Record in Scopus
Madsen and Lar
J.I. Madsen, M. LangthjemMultifidelity response surface approximations for the optimum
design of diffuser flows
Optim. Eng., 2 (2001), pp. 453-468
CrossRefView Record in Scopus
Matott and Rabic
L.S. Matott, A.J. RabideauCalibration of complex subsurface reaction models using a
surrogate-model approach
Adv. Water Resour., 31 (12) (2008), pp. 1697-1707, 10.1016/j.advwatres.2008.08.006
ArticleDownload PDFView Record in Scopus

Mugunthan et al
P. Mugunthan, C.A. Shoemaker, R.G. RegisComparison of function approximation, heuristic,

and derivative-based methods for automatic calibration of computationally expensive
groundwater bioremediation models
Water Resour. Res., 41 (2005), p. W11427, 10.1029/2005WR004134

Myers and Montgomery, 1995

R.H. Myers, D.C. MontgomeryResponse Surface Methodology: Process and Product
Optimization Using Designed Experiments
Wiley, New York (1995)
Pawar et al., 2014
R. Pawar, G. Bromhal, S. Carroll, S. Chu, R. Dilmore, J. Gastelum, C. Oldenburg, P. Stauffer, Y. Z

hang, G. GuthrieQuantification of key long-term risks at CO. sequestration sites: latest

results from US DOE's National Risk Assessment Partnership (NRAP) Project
Energy Procedia, 63 (2014), pp. 4816-4823


https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0270
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0265
https://doi.org/10.1029/2005WR004134
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0260
https://www.scopus.com/inward/record.url?eid=2-s2.0-55649086629&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0309170808001504/pdfft?md5=6ca781a8ee0343accd3ab8eba3e90fe8&pid=1-s2.0-S0309170808001504-main.pdf
https://www.sciencedirect.com/science/article/pii/S0309170808001504
https://doi.org/10.1016/j.advwatres.2008.08.006
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0245
https://www.scopus.com/inward/record.url?eid=2-s2.0-17044420063&partnerID=10&rel=R3.0.0
https://doi.org/10.1023/A:1016046606831
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0240
https://www.scopus.com/inward/record.url?eid=2-s2.0-0018468345&partnerID=10&rel=R3.0.0
https://doi.org/10.1080/00401706.1979.10489755
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0235
https://www.scopus.com/inward/record.url?eid=2-s2.0-0034746067&partnerID=10&rel=R3.0.0
https://doi.org/10.1061/(ASCE)1084-0699(2001)6:1(52)
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0230
https://www.scopus.com/inward/record.url?eid=2-s2.0-84867968955&partnerID=10&rel=R3.0.0
https://doi.org/10.1023/A:1023283917997
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0220

ArticleDownload PDFView Record in Scopus

Qian et al., 2006
Z.G. Qian, C.C. Seepersad, V.R. Joseph, J.K. Allen, J.C.F. WuBuilding surrogate models

based on detailed and approximate simulations
ASME J. Mech. Des., 128 (2006), pp. 668-677
CrossRefView Record in Scopus

Qian and Wu, 2008

P.Z.G. Qian, J.C.F. WuBayesian hierarchical modeling for integrating low-accuracy and
high-accuracy experiments
Technometrics, 50 (2008), pp. 192-204
CrossRefView Record in Scopus
Queipo et al., 2005
N.V. Queipo, R.T. Haftka, W. Shyy, T. Goel, R. Vaidyanathan, P.K. TuckerSurrogate-based
analysis and optimization
Prog. Aerosp. Sci., 41 (1) (2005), pp. 1-28, 10.1016/j.paerosci.2005.02.001

ArticleDownload PDFView Record in Scopus
Ratto et al., 2012

M. Ratto, A. Castelletti, A. PaganoEmulation techniques for the reduction and sensitivity

analysis of complex environmental models
Environ. Modell. Softw., 34 (2012), pp. 1-4, 10.1016/j.envsoft.2011.11.003

ArticleDownload PDFView Record in Scopus
Razavi et al., 2012a

S. Razavi, B.A. Tolson, D.H. BurnReview of surrogate modeling in water resources
Water Resour. Res., 48 (2012), p. W07401, 10.1029/2011WR011527

Razavi et al., 2012b
S. Razavi, B.A. Tolson, D.H. BurnNumerical assessment of metamodelling strategies in

computationally intensive optimization
Environ. Modell. Softw., 34 (2012), pp. 67-86

ArticleDownload PDFView Record in Scopus

Regis and Shoemaker, 2007
R.G. Regis, C.A. ShoemakerA stochastic radial basis function method for the global

optimization of expensive functions
INFORMS J. Comput., 19 (4) (2007), pp. 497-509
CrossRefView Record in Scopus

Regis and Shoemaker, 2009
R.G. Regis, C.A. ShoemakerParallel stochastic global optimization using radial basis

functions
INFORMS J. Comput., 21 (3) (2009), pp. 411-426

CrossRefView Record in Scopus


https://www.scopus.com/inward/record.url?eid=2-s2.0-68849102459&partnerID=10&rel=R3.0.0
https://doi.org/10.1287/ijoc.1090.0325
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0310
https://www.scopus.com/inward/record.url?eid=2-s2.0-46849106023&partnerID=10&rel=R3.0.0
https://doi.org/10.1287/ijoc.1060.0182
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0305
https://www.scopus.com/inward/record.url?eid=2-s2.0-84859099633&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1364815211002088/pdfft?md5=0cad10df6f2e1f8a2c5c9f6c4f4a3b03&pid=1-s2.0-S1364815211002088-main.pdf
https://www.sciencedirect.com/science/article/pii/S1364815211002088
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0300
https://doi.org/10.1029/2011WR011527
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0295
https://www.scopus.com/inward/record.url?eid=2-s2.0-84859110544&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1364815211002489/pdfft?md5=2b5fb6272e2db1fe4d4c6796abc9c566&pid=1-s2.0-S1364815211002489-main.pdf
https://www.sciencedirect.com/science/article/pii/S1364815211002489
https://doi.org/10.1016/j.envsoft.2011.11.003
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0290
https://www.scopus.com/inward/record.url?eid=2-s2.0-17444368645&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0376042105000102/pdfft?md5=ab8239e910d8d40c435a1bee7299a8af&pid=1-s2.0-S0376042105000102-main.pdf
https://www.sciencedirect.com/science/article/pii/S0376042105000102
https://doi.org/10.1016/j.paerosci.2005.02.001
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0285
https://www.scopus.com/inward/record.url?eid=2-s2.0-46749084250&partnerID=10&rel=R3.0.0
https://doi.org/10.1198/004017008000000082
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0280
https://www.scopus.com/inward/record.url?eid=2-s2.0-33746430459&partnerID=10&rel=R3.0.0
https://doi.org/10.1115/1.2179459
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0275
https://www.scopus.com/inward/record.url?eid=2-s2.0-84922934375&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1876610214023273/pdf?md5=8979e67e5089f1ff1e41ff3fb48088ae&pid=1-s2.0-S1876610214023273-main.pdf
https://www.sciencedirect.com/science/article/pii/S1876610214023273

Robinson et al., 2006
T. Robinson, M. Eldred, K. Willcox, R. HaimesStrategies for multifidelity optimization with

variable dimensional hierarchical models
AIAA Paper 2006-1819, 47th AIAA/JASME/ASCE/AHS/ASC Structures, Structural Dynamics, and
Materials Conference, Newport, RI, 1-4 May (2006)
Sacks et al., 1989
J. Sacks, W.J. Welch, T.J. Mitchell, H.P. WynnDesign and analysis of computer experiments
Stat. Sci., 4 (1989), pp. 409-423
CrossRefView Record in Scopus
Saltelli et al., 2008
A. Saltelli, M. Ratto, T. Andres, F. Campolongo, J. Cariboni, D. Gatelli, M.Saisana, S. TarantolaGl
obal Sensitivity Analysis. The Primer
John Wiley and Sons, Ltd, New York (2008)
Schwarz, 1978
G. SchwarzEstimating the dimension of a model
Ann. Stat., 6 (1978), pp. 461-464
CrossRefView Record in Scopus

Simpson et al., 2001
T.W. Simpson, J. Peplinski, P.N. Koch, J.K. AllenMetamodels for computer-based engineering

design: survey and recommendations
Eng. Comput., 17 (2) (2001), pp. 129-150
CrossRefView Record in Scopus
Simpson et al., 2008
T.W. Simpson, V. Toropov, V. Balabanov, F.A.C. VianaDesign and analysis of computer
experiments in multidisciplinary design optimization: a review of how far we have come-or
not
Proceedings of the 12th AIAA/ISSMO multidisciplinary analysis and optimization conference, No.
AIAA 2008-5802, Victoria, Canada (2008), p. 2008
View Record in Scopus
Sobol et al., 1992
I.M. Sobol, V.I. Turchaninov, Y.L. Levitan, B.V. ShukhmanQuasirandom Sequence Generators

Keldysh Institute Of Applied Mathematics Russian Academy Of Sciences, Moscow (Russia)
(1992)
(IPM ZAK. no0.30)
Sun et al., 2010
G. Sun, G. Li, M. Stone, Q. LiA two-stage multi-fidelity optimization procedure for

honeycomb-type cellular materials
Comput. Mater. Sci., 49 (3) (2010), pp. 500-511
ArticleDownload PDFView Record in Scopus



https://www.scopus.com/inward/record.url?eid=2-s2.0-77955468939&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0927025610003137/pdfft?md5=44e66e3ebae824150abe64a2d8135ffe&pid=1-s2.0-S0927025610003137-main.pdf
https://www.sciencedirect.com/science/article/pii/S0927025610003137
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0390
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0375
https://www.scopus.com/inward/record.url?eid=2-s2.0-84859976100&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0370
https://www.scopus.com/inward/record.url?eid=2-s2.0-0034933620&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/PL00007198
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0365
https://www.scopus.com/inward/record.url?eid=2-s2.0-25144513628&partnerID=10&rel=R3.0.0
https://doi.org/10.1214/aos/1176344136
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0355
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0330
https://www.scopus.com/inward/record.url?eid=2-s2.0-84901817383&partnerID=10&rel=R3.0.0
https://doi.org/10.1214/ss/1177012413
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0320
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0315

Sun et al., 2012
Y. Sun, C. Tong, Q. Duan, T.A. Buscheck, J.A. BlinkCombining simulation and emulation for

calibrating sequentially reactive transport systems
Transp. Porous Media, 92 (2) (2012), pp. 509-526
CrossRefView Record in Scopus
Viana et al., 2009
F.A.C. Viana, V. Steffen Jr., S. Butkewitsch, M.D.F. LealOptimization of aircraft structural

components by using nature-inspired algorithms and multi-fidelity approximations
J. Global Optim., 45 (3) (2009), pp. 427-449

CrossRefView Record in Scopus
Vitali et al., 2002

R. Vitali, R.T. Haftka, B.V. SankarMulti-fidelity design of stiffened composite panel with a

crack
Struct. Multidiscip. Optim., 23 (5) (2002), pp. 347-356
CrossRefView Record in Scopus

Wang and Shan, 2007
G.G. Wang, S. ShanReview of metamodeling techniques in support of engineering design

optimization
J. Mech. Des., 129 (1) (2007), pp. 370-380
CrossRefView Record in Scopus
Xu et al., 2011
T. Xu, N. Spycher, E. Sonnenthal, G. Zhang, L. Zheng, K. PruessTOUGHREACT Version 2.0: a
simulator for subsurface reactive transport under non-isothermal multiphase flow

conditions
Comp. Geosci., 37 (6) (2011), pp. 763-774

ArticleDownload PDFView Record in Scopus
Zhao and Xue, 2010

D. Zhao, D. XueA comparative study of metamodeling methods considering sample quality

merits
Struct. Multidiscip. Optim., 42 (6) (2010), pp. 923-938

CrossRefView Record in Scopus

=


https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bfn0005
https://www.scopus.com/inward/record.url?eid=2-s2.0-78049408577&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s00158-010-0529-3
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0415
https://www.scopus.com/inward/record.url?eid=2-s2.0-79957538320&partnerID=10&rel=R3.0.0
https://www.sciencedirect.com/science/article/pii/S0098300410003316/pdfft?md5=cfb7ec83d925c7c79d43e52ba1f4af11&pid=1-s2.0-S0098300410003316-main.pdf
https://www.sciencedirect.com/science/article/pii/S0098300410003316
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0416
https://www.scopus.com/inward/record.url?eid=2-s2.0-34248346299&partnerID=10&rel=R3.0.0
https://doi.org/10.1115/1.2429697
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0410
https://www.scopus.com/inward/record.url?eid=2-s2.0-0036600605&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s00158-002-0195-1
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0405
https://www.scopus.com/inward/record.url?eid=2-s2.0-70349680767&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s10898-008-9383-x
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0400
https://www.scopus.com/inward/record.url?eid=2-s2.0-84857787818&partnerID=10&rel=R3.0.0
https://doi.org/10.1007/s11242-011-9917-4
https://www.sciencedirect.com/science/article/pii/S1750583616300093?via%3Dihub#bbib0395

	Combining multiple lower-fidelity models for emulating complex model responses for CCS environmental risk assessment
	Highlights
	Abstract
	Keywords
	1. Introduction and background
	1.1. Role of surrogate modeling in NRAP

	2. Method
	2.1. Assumptions and formulations
	2.2. Shape of the linking function
	2.3. Overview of the procedure

	3. Example of application to CO2 storage risk assessment
	3.1. Problem statement and hydrogeological setting
	3.2. High and lower fidelity models
	3.3. Development of the linking function surrogate model and results
	3.4. Application of the linking function surrogate models in NRAP

	4. Conclusions
	Acknowledgments
	References




