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METHODS AND SYSTEMS FOR RESERVOIR HISTORY MATCHING FOR 

IMPROVED ESTIMATION OF RESERVOIR PERFORMANCE 

TECHNICAL FIELD 

5 [0001] 	Embodiments described herein pertain generally to reservoir 

modeling. Some embodiments relate to predictive modeling. 

BACKGROUND 

[0002] 	Mathematical models are currently used by engineers to make 

10 estimations of future oil and gas production from underground hydrocarbon 

reservoirs. Such models typically involve solving a collection of differential 

equations to arrive at the desired estimations. Typically, a number of reservoir-

related parameters appear in these equations, such as rock permeability, porosity, 

relative permeability and others. These models are often executed by a 

15 computer, which often takes the values of these parameters as input for purposes 

of solving the differential equations. 

[0003] 	To estimate the values of these inputted parameters, engineers 

typically rely on historical production data (production rates, pressures, etc.), 

which, in many cases, is available from some observational point in the past up 

20 

25 

to a later time, in some cases the present. During parameter estimation from 

historical production data, parameter values associated with a target geological 

region (e.g. an underground hydrocarbon reservoir and the surrounding 

geological material) are adjusted so that the solution of the corresponding 

equations, from the beginning of production up to the latest point in time, 

matches the historical production data. This exercise is known as "history 

matching." The underlying rationale for history matching is that if parameter 

values are adjusted in a way that produces the best possible match between 

historical production data and model-generated production data then the 

resulting model will most likely provide the best production estimations into the 

30 future. 

[0004] 	There are, however, several limitations associated with these 

history matching techniques. For example, one key limitation is that excellent 

history matching does not universally result in excellent future production data 

1 

WO 2014/189523 PCT/US2013/042711 

METHODS AND SYSTEMS FOR RESERVOIR HISTORY MATCHING FOR 

IMPROVED ESTIMATION OF RESERVOIR PERFORMANCE 

TECHNICAL FIELD 

5 [0001] Embodiments described herein pertain generally to reservoir 

modeling. Some embodiments relate to predictive modeling. 

BACKGROUND 

[0002] Mathematical models are currently used by engineers to make 

10 estimations of future oil and gas production from underground hydrocarbon 

reservoirs. Such models typically involve solving a collection of differential 

equations to arrive at the desired estimations. Typically, a number of reservoir-

related parameters appear in these equations, such as rock permeability, porosity, 

relative permeability and others. These models are often executed by a 

15 computer, which often takes the values of these parameters as input for purposes 

of solving the differential equations. 

[0003] To estimate the values of these inputted parameters, engineers 

typically rely on historical production data (production rates, pressures, etc.), 

which, in many cases, is available from some observational point in the past up 

20 to a later time, in some cases the present. During parameter estimation from 

historical production data, parameter values associated with a target geological 

region (e.g. an underground hydrocarbon reservoir and the surrounding 

geological material) are adjusted so that the solution of the corresponding 

equations, from the beginning of production up to the latest point in time, 

25 matches the historical production data. This exercise is known as "history 

matching." The underlying rationale for history matching is that if parameter 

values are adjusted in a way that produces the best possible match between 

historical production data and model-generated production data then the 

resulting model will most likely provide the best production estimations into the 

30 future. 

[0004] There are, however, several limitations associated with these 

history matching techniques. For example, one key limitation is that excellent 

history matching does not universally result in excellent future production data 

1 



WO 2014/189523 	 PCT/US2013/042711 

predictions. This situation is all too common in model building, and has many 

facets. In the simplest example, one could think of building a model of the form 

y = F(t) to match the observed production values ofyi to yn at n time points ti to 

to  by simply considering a function F with n or more geological parameters (e.g. 

5 porosity, permeability, etc.). However, without any additional structure, such a 

function F would be essentially useless for making any estimation on y at a 

future time t. 

[0005] 	When building a model for a hydrocarbon reservoir, a typical 

model would entail millions of parameter values, each corresponding to 

10 parameters in one of the millions of small blocks into which the reservoir is 

discretized, for numerical solution of corresponding equations. However, the 

production history can, at best, include daily values over a few decades—

namely, at most, a few tens of thousands of data points. Consequently, when 

performing history matching-based parameter estimation, one is faced with 

15 problem estimating millions of parameter values using only thousands of data 

points. Such a problem is unsolvable, per se. To become solvable, the problem 

must somehow be modified using additional information. A variety of 

approaches to such modification exist. For example, in the Bayesian approach, a 

prior probability distribution is assumed for the parameters to be estimated. 

20 Typical sources for such a priori information include geological models of the 

reservoir. Available historical production data is subsequently used to update 

that prior probability distribution, for example, to generate a posterior 

probability distribution of the estimated parameters. This approach is 

computationally demanding and can be implemented in a number of ways. In 

25 one implementation, referred to as ensemble-based history matching, the 

posterior probability distributions are generated numerically. While other 

approaches exist as well, they each require an unattractive computational load. 

Hence, modern reservoir history matching algorithms have focused on 

expediting computations needed for estimation of reservoir model parameters. 

30 [0006] 	Typically, these algorithms rely on parameter compression 

techniques known as reparameterization, streamline sensitivities calculation to 

increase the acceptance rate, and high performance computing in order to 

accommodate higher resolution geologic models. Common parameterization 
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techniques involve mathematical transformations such as principal component 

analysis, kernel principal component analysis, discrete cosine transformation, 

adaptive spatial zonation, and coarsening of the reservoir model. However, the 

rationale for reparametrization, namely for the choice of model complexity and 

5 size of parameter space (i.e. degree of compression) is based on prior knowledge 

(i.e. optimal compression which can reproduce the original parameter estimates 

with insignificant en-or). As a result, these parameterization techniques are 

relatively ill-equipped for estimation of the values of reservoir parameters so that 

future production predictions are reliable. Thus, improved history matching 

10 methods are needed for improving the prediction capability of reservoir models. 

SUMMARY 

[0007] 	The present disclosure presents methods and apparatus for improved 

estimation of reservoir performance, for example, such as prediction of future oil 

15 or gas production rates and pressures. As described herein, these methods and 

apparatus use cross-validation to determine an optimum number of parameters 

and numerical values of parameters upon which to base a production forecasting 

model. For example, the present disclosure describes a method of determining a 

geological model which may include the act of identifying an array of parameter 

20 sets, wherein each parameter set is of a unique size and contains values of 

geological parameters estimated from historical production data associated with 

a target geological region. Additionally, such an example method may include 

determining a fitting error between a first set of the historical production data 

and modeled production data, wherein the modeled production data is obtained 

25 via execution of a simulation model based on each parameter set of the array, 

determining a validation error between a second set of the historical production 

data and extrapolated production data for each parameter set of the array, 

wherein the extrapolated production data is obtained based on the modeled 

production data for the respective parameter set of the array, and determining a 

30 combined error for each parameter set of the array based on the fitting error and 

the validation error. In addition, the example method may include identifying an 

optimal parameter set size for modeling the target geological region, wherein the 
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techniques involve mathematical transformations such as principal component 
analysis, kernel principal component analysis, discrete cosine transformation, 
adaptive spatial zonation, and coarsening of the reservoir model. However, the 
rationale for reparametrization, namely for the choice of model complexity and 

5 size of parameter space (i.e. degree of compression) is based on prior knowledge 

(i.e. optimal compression which can reproduce the original parameter estimates 

with insignificant error). As a result, these parameterization techniques are 
relatively ill-equipped for estimation of the values of reservoir parameters so that 
future production predictions are reliable. Thus, improved history matching 

10 methods are needed for improving the prediction capability of reservoir models. 

SUMMARY 

[0007] The present disclosure presents methods and apparatus for improved 
estimation of reservoir performance, for example, such as prediction of future oil 

15 or gas production rates and pressures. As described herein, these methods and 
apparatus use cross-validation to determine an optimum number of parameters 
and numerical values of parameters upon which to base a production forecasting 
model. For example, the present disclosure describes a method of determining a 
geological model which may include the act of identifying an array of parameter 

20 sets, wherein each parameter set is of a unique size and contains values of 
geological parameters estimated from historical production data associated with 
a target geological region. Additionally, such an example method may include 
determining a fitting error between a first set of the historical production data 
and modeled production data, wherein the modeled production data is obtained 

25 via execution of a simulation model based on each parameter set of the array, 
determining a validation error between a second set of the historical production 
data and extrapolated production data for each parameter set of the array, 
wherein the extrapolated production data is obtained based on the modeled 
production data for the respective parameter set of the array, and determining a 

30 combined error for each parameter set of the array based on the fitting error and 
the validation error. In addition, the example method may include identifying an 
optimal parameter set size for modeling the target geological region, wherein the 
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optimal parameter set size is determined in reference to a minimum combined 

error of the combined errors determined for each parameter set of the array. 

[0008] 	The above examples of the present disclosure present merely 

examples that will be further described and expanded in the detailed description 

5 and in view of the Figures presented below. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] 	FIG. 1 is a graphical representation of a modeled production data 

vector over time; 

10 [0010] 	FIG. 2 is a similar graphical representation of a modeled production 

data vector over time; 

[0011] 	FIG. 3 is a graphical representation displaying a combined error in 

relation to fitting error and validation error; 

[0012] 	FIG. 4 is a block diagram illustrating a computer device for production 

15 data estimation; 

[0013] 	FIG. 5 is a block diagram illustrating a module for production data 

estimation; 

[0014] 	FIG. 6 is a flow diagram illustrating an example method of production 

data estimation in an example of the disclosure; 

20 [0015] 	FIG. 7 is a block diagram illustrating an example grouping of 

electrical modules for production data estimation; and 

[0016] 	FIG. 8 is a block diagram illustrating a machine in the example form 

of a computer system, within which a set or sequence of instructions for causing 

the machine to perform any one of the methodologies discussed herein may be 

25 executed, according to an example embodiment. 

DETAILED DESCRIPTION 

[0017] 	The present disclosure presents methods, apparatuses, and systems for 

estimating parameter values of a target geological region, which may contain 

30 one or more underground reservoirs, based on cross-validation techniques in 

order to improve forecast capability of a simulation model based on estimated 

parameter values of a target geological region. For example, the present 

disclosure proposes a method for identifying an optimum number and numerical 
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values of parameters in a simulation model, through cross-validation. As used 

herein, the term "optimal" is used in the relative sense in regard to parameter 

sets to identify a preferable parameter set, out of identified possibly applicable 

data sets, for use in methods as generally disclosed herein, and not in the 

5 absolute sense that no other possible parameter set could possibly be "better" 

(i.e., could provide improved determinations of the types identified herein). 

Additionally, selection of an "optimal" parameter set may, unless otherwise 

specifically identified herein, be based on data or considerations in addition to 

addition to those identified herein. As a result, such example methods of the 

10 disclosure provide a new formulation of the optimization problem for history 

matching that considers the optimization of several variables, which may 

include, but are not limited to: a number of model parameters, fitting error, and 

validation error. Such an approach can achieve several objectives, including (1) 

avoidance of high resolution models that require massive processing power and 

15 (2) an increase in the production forecasting capability of the reservoir model of 

a target geological region. 

[0018] 	The following description refers to the accompanying drawings that 

depict various details of examples selected to show how the present invention 

may be practiced. The discussion addresses various examples of the inventive 

20 subject matter at least partially in reference to these drawings, and describes the 

depicted embodiments in sufficient detail to enable those skilled in the art to 

practice the invention. Many other embodiments may be utilized for practicing 

the inventive subject matter than the illustrative examples discussed herein, and 

many structural and operational changes in addition to the alternatives 

25 specifically discussed herein may be made without departing from the scope of 

the inventive subject matter. 

[0019] 	In this description, references to "one embodiment" or "an 

embodiment," or to "one example" or "an example" mean that the feature being 

referred to is, or may be, included in at least one embodiment or example of the 

30 invention. Separate references to "an embodiment" or "one embodiment" or to 

"one example" or "an example" in this description are not intended to 

necessarily refer to the same embodiment or example; however, neither are such 

embodiments mutually exclusive, unless so stated or as will be readily apparent 
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to those of ordinary skill in the art having the benefit of this disclosure. Thus, 

the present invention can include a variety of combinations and/or integrations 

of the embodiments and examples described herein, as well as further 

embodiments and examples as defined within the scope of all claims based on 

5 this disclosure, as well as all legal equivalents of such claims. 

[0020] 	To formulate a model for estimation of optimal size of parameter set, 

which may include parameters such as, but not limited to, porosity, relative 

permeability, etc. corresponding to a discretized portion of a target geological 

region, the methods, apparatus, and systems described herein utilize cross- 

10 validation methods. In cross-validation as applied in the description herein, a 

portion of an observed, historical production value data set is used to estimate 

parameter values for a certain model structure that fits the model calculated 

production data to the historical production value data set for some portion of the 

available historical production data. The resulting parameter estimates are then 

15 used to assess how well the remaining portion of the historical production data 

can be predicted by the model in a so-called validation test. The methods, 

apparatus, and systems herein may compute and analyze a combined error of the 

computed fitting error and validation error as an indicator of model quality. 

After determining an optimal parameter value set size and corresponding values 

20 of parameters and/or reliability based on the combined error, the example 

methods, apparatuses, and systems herein may forecast future production data of 

a target geological region by modeling the target geological region using the 

optimal parameter set. 

[0021] 	Turning to the figures, FIG. 1 is a graphical representation of a 

25 production data vector 100 determined using a fitting model based on a specific 

parameter set of choice. As indicated, FIG. 1 represents an example of varying 

modeled production data (y-axis) (e.g. oil, water, natural gas production or yield) 

of an example reservoir over a time interval (x-axis). In an example, the fitting 

model attempts to estimate a parameter set to determine production data vector 

30 100 that serves as a best fit for historical production data values 102 of the 

production data (e.g. previously measured, or "historical," data values for the 

target geological region) over a time period preceding time point tfit. As used 

herein, the term "parameter(s)" or "geological parameter(s)" refers to one or 
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apparatus, and systems herein may compute and analyze a combined error of the 
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20 of parameters and/or reliability based on the combined error, the example 
methods, apparatuses, and systems herein may forecast future production data of 
a target geological region by modeling the target geological region using the 
optimal parameter set. 
[0021] Turning to the figures, FIG. 1 is a graphical representation of a 

25 production data vector 100 determined using a fitting model based on a specific 
parameter set of choice. As indicated, FIG. 1 represents an example of varying 

modeled production data (v-axis) (e.g. oil, water, natural gas production or yield) 

of an example reservoir over a time interval (x-axis). In an example, the fitting 

model attempts to estimate a parameter set to determine production data vector 
30 100 that serves as a best fit for historical production data values 102 of the 

production data (e.g. previously measured, or "historical," data values for the 
target geological region) over a time period preceding time point tflt. As used 

herein, the term "parameter(s)" or "geological parameter(s)" refers to one or 
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more properties of a geological region or formation, such as, but not limited to, 

porosity, permeability, pressure, or any chemical, electromagnetic, or physical 

property of the geological region or formation; one or more properties of the 

fluids therein; and other variables impacting geological region, formation, or 

5 reservoir performance, as known to persons skilled in the art. 	Furthermore, as 

used herein, the term "target geological region" includes a subsurface region of 

interest, which may include one or more reservoirs and/or geological formations. 

[0022] 	In an example, parameter set estimation of the fitting model may be 

computed based on minimization of sum of square errors between a first set of 

10 historical production data values 102 and modeled production data vector 100 

via one or more numerical or mathematical optimization methods, which may 

include, but are not limited to, parameterization techniques involving 

mathematical transformations such as principal component analysis, kernel 

principal component analysis, discrete cosine transformation, adaptive spatial 

15 zonation, and coarsening of the reservoir model, or any other numerical 

optimization method. In an example of a fitting model, as mentioned above, a 

least-squares based optimization using discrete cosine transformation of the 

parameter vector p may be implemented to produce an estimate 	of the 

parameter vector p according to the following algorithm: 

20 ib = arg{min 
P 

E (d 	od 
1 (p))2 

 

t=0 

where dt  represents an historical production data value 102 and dt'dd  

represents determined value of production vector data (item 100 of FIG. 1) value 

at time t. 

[0023] 	Additionally, production data vector 100 may be computed according 

25 to other simulation or modeling techniques, such as, but not limited to, full- 

physics simulation and/or streamline simulation. In an example, full-physics 

simulation may include, but is not limited to, gridding and discretization of a 

geological region (e.g. reservoir) geometry, fluid property calculations, 

displacement modeling, and solving assembling matrix equations over time. 

30 [0024] 	In an example, where gridding and/or discretization methods are 

utilized, the reservoir is divided into a collection of cells, where the governing 
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equations for multiphase flow may be discretized. Fluid property and 

displacement modules (e.g. associated with a computing device) may compute 

various quantities and their derivatives needed for assembling the matrix 

equations during time stepping, which may comprise iterative calculations. 

5 Likewise, in some non-limiting examples, streamline simulation ("SLN") may 

include a process of numerical discretization that may leverage an "inertia" or 

"trend" of past data points to estimate future data values. 

10 

[0025] 	As illustrated in FIG. 1, when a fitting model is constructed, for 

example, according to one or more of the numerical methods mentioned above, 

there will typically be a fitting error Atting (item 104 of FIG. 1) between the 

historical production data at a point in time t and the value of the modeled 

production data vector 100 at time t. In the above-recited example where an 

optimization method is used to construct the modeled production data vector of 

the fitting model, this error may be obtained according to the following 

15 algorithm: 

(fitting _ E (dt  — 	model
( 
 (13))2 

t=0 

[0026] 	Continuing from FIG. 1, FIG. 2 is a graphical representation of a 

cross-validation technique for determining a validation error 204 associated with 

a second set of historical production data values 206 at various times t, which are 

20 observed during an interval tfit  < t 	T . FIG. 2 includes forecast calculation of 

production data extrapolated from production data vector 100 over time period 

t fit  < t 	T such that production data over this time period are estimated 

according to the model with parameter values equal to the estimates determined 

according to the fitting model of FIG. 1. Represented mathematically, the 

25 validation error f:, ,alidation (items 204 of FIG. 2) may be computed according to the 

following algorithm: 

i 	
model(  5))2  

fvalidation 	E ld 
t=t,.+1 

[0027] 	Furthermore, for purposes of the present disclosure, the terms 

"extrapolated data," "extrapolated production data," or the like refer to any 

30 information, such as production data, that is estimated based on previously 
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equations for multiphase flow may be discretized. Fluid property and 

displacement modules (e.g. associated with a computing device) may compute 

various quantities and their derivatives needed for assembling the matrix 

equations during time stepping, which may comprise iterative calculations. 

5 Likewise, in some non-limiting examples, streamline simulation ("SLN") may 

include a process of numerical discretization that may leverage an "inertia" or 

"trend" of past data points to estimate future data values. 

[0025] As illustrated in FIG. 1, when a fitting model is constructed, for 

example, according to one or more of the numerical methods mentioned above, 

10 there will typically be a fitting error ffltting (item 104 of FIG. 1) between the 

historical production data at a point in time t and the value of the modeled 

production data vector 100 at time t. In the above-recited example where an 

optimization method is used to construct the modeled production data vector of 

the fitting model, this error may be obtained according to the following 

15 algorithm: 

t=0 

[0026] Continuing from FIG. 1, FIG. 2 is a graphical representation of a 

cross-validation technique for determining a validation error 204 associated with 

a second set of historical production data values 206 at various times t, which are 

20 observed during an interval tflt <t <T. FIG. 2 includes forecast calculation of 

production data extrapolated from production data vector 100 over time period 

tflt <t <T such that production data over this time period are estimated 

according to the model with parameter values equal to the estimates determined 

according to the fitting model of FIG. 1. Represented mathematically, the 

25 validation error fvandation (items 204 of FIG. 2) may be computed according to the 

following algorithm: 

t=tfit+^ 

[0027] Furthermore, for purposes of the present disclosure, the terms 

"extrapolated data," "extrapolated production data," or the like refer to any 

30 information, such as production data, that is estimated based on previously 
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measured data values. In one example, "extrapolated production data" refers to 

production data that is predicted for the time period t fit  < t 	T based on 

previously measured production data values, such as those measured before t fit  . 

Similarly, the verb "extrapolate" refers to the act of predicting production data 

5 for the time period t fit  < t 	T based on previously measured production data 

values, such as those measured before t fit  . In addition, for purposes of the 

present disclosure, the terms "forecast production data" refers to production data 

that is predicted for a time period after T and based on production data observed 

before time T. Likewise, the verb "forecast" and "forecasting" refers to the act 

10 of predicting production data that is predicted for a time period after T and based 

on production data observed before time T. 

[0028] 	Turning to FIG. 3, the graph of this figure displays a combined error 

306 comprised of the sum of the fitting error 302 (see FIG. 1) and the validation 

error 304 (see FIG. 2) of a variety of parameter models having unique numbers 

15 of parameters upon which a production data vector is determined. In other 

words, FIG. 3 represents a landscape of the combined errors 306 of multiple 

iterations of fitting and validation model executions described in FIGS. 1 and 2, 

respectively, wherein each model iteration is computed using a unique number 

of parameters as input. As might be expected, the fitting error 302 over an 

20 observed time period in the past may decrease with a greater number of input 

parameters, as numerical methods executed with a large number of known input 

parameters are able to fit a modeled production data vector to the observed data 

points rather well. This fitting capability, though effective for fitting a vector to 

a set of known observed (historical) data points over a past time period, is ill- 

25 equipped to serve as a sole indicator of future values. This phenomenon is 

apparent in FIG. 3, where the validation error 302 increases as the number of 

parameters increases. 

[0029] 	To optimally leverage the positive examples of both fitting estimation 

and validation estimation, one may derive the combined error 306 from the 

30 fitting error 302 and validation error 304 across a spectrum of models, each 

using a varying number of parameters (e.g. N„„, to N), to obtain an optimal 

parameter set size //optima' 310. 
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[0030] 	In the described examples, this optimal parameter set size //optima' 310 

corresponds to the parameter set size (i.e. the number of parameters in the set) 

used for the fitting and validation models that produces a minimum combined 

errorfeonthined at point 308. In an example, as mentioned above, the combined 

5 error for a given number of parameters n of a range Nmjn 	n 	N may be 

computed by summing the fitting error 302 and validation error 304 associated 

with models using n parameters, or, represented mathematically, according to 

the following algorithms: 

fcombined (n) — /filling  n)
\
± fvalidation(n) 

10 
\ 2 	T  I 	del (x0)2  

(combined (n) = E(d - 	°de`oxn») + E V t — d 
t=0 	 t=t fit+i 

[0031] 	Thus, the minimum and optimal combined error (point 308) for the 

range of different numbers of parameters n may be computed according to the 

following algorithm: 

foptimal 	min 	
nun 
N Ifcombined(n) }— fcombined noptimal) 

15 Furthermore, once the optimal combined error 308 is found, the corresponding 

optimal parameter set size 310 may likewise be obtained and used for estimation 

of the parameter vector p based on a full historical production data value set (e.g. 

both the first set of historical production data 102 of FIG. 1 and the second set of 

historical production data 206 of FIG. 2), and, subsequently, future forecast of 

20 production data values. 

[0032] 	FIG. 4 represents an example computer device 400 that may be 

configured to forecast future values of one or more production data values 

associated with a target geological region. In an example, computer device 400 

may comprise any electronic device capable of processing data, which may 

25 include, but is not limited to, a processor, integrated circuit, desktop computer, 

laptop computer, smart phone, mobile device, tablet computer, or any other 

device or electrical module. In addition, computer device 400 may include a 

production forecasting module 402, which may be configured to execute 

parameter estimating algorithms and computations, perform data-fitting using 

30 numerical methods, compute error values, and forecast production values based 
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•foptima! HI! H J \.fromhirrc! ) j fcombined^'optimal^) 
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25 include, but is not limited to, a processor, integrated circuit, desktop computer, 

laptop computer, smart phone, mobile device, tablet computer, or any other 

device or electrical module. In addition, computer device 400 may include a 

production forecasting module 402, which may be configured to execute 

parameter estimating algorithms and computations, perform data-fitting using 

30 numerical methods, compute error values, and forecast production values based 
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on an optimal parameter set size, and corresponding values of parameters and/or 

perform any of the methods or evaluate any of the algorithms presented herein. 

[0033] 	FIG. 4 is a block diagram further illustrating production forecasting 

module 402 of FIG. 3; and Figure 5 depicts production forecasting module 402 

5 in greater detail. The functionality of production forecasting module 402 is 

expressed herein in terms of additional sub-modules herein. The described 

modules of FIGS. 4 and 5 represent conceptual modules representing 

functionality to be performed. In many examples, this functionality will be 

achieved through use of instructions encoded in a machine readable storage 

10 device for execution by one or more processors, computers or other controllers; 

and in other examples the functionality will be achieved at least in part through 

use of other hardware devices. The description of this functionality in terms of 

"modules" is not intended to imply any distinctness between modules, or any 

separate hardware or any grouping or segregation of stored instructions or data 

15 between such "modules." Although the modules shown in Figure 10 are shown 

and described as distinct modules, it should be understood that the described 

functionality may be implemented by any combination of hardware and software 

as may be desired to provide the described functionality. For example, in 

examples wherein the functionality of each module of Figure 5 is performed 

20 through execution by one or more processors of stored instructions, all such 

instructions may be stored in one or more machine readable storage devices and 

executed by one or more processors. 

[0034] 	In one example, production forecasting module 402 includes a 

parameter identifying module 502, which is configured to store or otherwise 

25 obtain one or more parameter sets 504. In an example, parameter sets 504 may 

include parameter sets of different sizes and which correspond to a variety of 

observed, measured, estimated, modeled, or otherwise obtained parameters 

associated with one or more points in a target geological region, such as, but not 

limited to, a geological region that includes a petrochemical reservoir. For 

30 example, parameter sets 504 may include parameter values corresponding to 

porosity, permeability, relative permeability, density, chemical makeup, or any 

other physical, chemical, magnetic, or electrical characteristic of the one or more 

points in the geological region. 
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[0035] 	In an example, parameter identifying module 502 may obtain values 

of parameter sets 504 of a particular size using observed parameter values, 

estimated parameter values, or both. In an example, where estimated parameter 

values are used, parameter identifying module 502 may estimate parameter 

5 values by utilizing historical production data values to estimate the values of 

parameters using one or more methods described herein. For example, 

parameter identifying module 502 may utilize or work cooperatively with fitting 

error determining module 506 to estimate parameter values associated with 

historical production data. Furthermore, parameter sets 504 may include an 

10 array of parameter sets, wherein each parameter set of the array contains a 

unique number of parameters and/or parameter values. 

[0036] 	In addition, parameter estimation module may include a fitting error 

determining module 506, which may be configured todetermine and/or minimize 

a fitting error associated with one or more executed models. In an example, 

15 fitting error determining module 506 may calculate a fitting error by using 

historical production data values, such as, but not limited to one or both of the 

first set of historical production data 102 of FIG. 1 and the second set of 

historical production data 206 of FIG. 2 and corresponding modeled production 

data vector 100 of FIG. 1. This fitting error may be calculated by using a fitting 

20 model estimated by one or more fitting algorithms 508, which may include 

optimization algorithms to minimize fitting error 104 FIG. 1 based on, but not 

limited to, parameterization techniques involving mathematical transformations. 

These may include parameterization techniques such as principal component 

analysis, kernel principal component analysis, discrete cosine transformation, 

25 adaptive spatial zonation, and coarsening of the reservoir model, or any other 

numerical optimization method. Additionally, one or more simulation models, 

including but not limited to full-physics or streamline simulation, may be 

utilized. In an example of a fitting model, as mentioned above, a least-squares 

based optimization using discrete cosine transformation may be implemented as 

30 a fitting algorithm 508 to produce an estimate is of the parameter vector p 

according to the following algorithm: 

is = arg min 
P  

{ 
„ 	\ E (d - 	'dd  (p))

2 

t=0 

12 

WO 2014/189523 PCT/US2013/042711 

10 

15 

20 

25 

[0035] In an example, parameter identifying module 502 may obtain values 

of parameter sets 504 of a particular size using observed parameter values, 

estimated parameter values, or both. In an example, where estimated parameter 
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parameters using one or more methods described herein. For example, 

parameter identifying module 502 may utilize or work cooperatively with fitting 

error determining module 506 to estimate parameter values associated with 

historical production data. Furthermore, parameter sets 504 may include an 
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where d t  represents an historical production data value (e.g. one or both of the 

first set of historical production data 102 of FIG. 1 and the second set of 

historical production data 206 of FIG. 2) and drwdel  represents determined value 

of production vector data (item 100 of FIG. 1) value at time t. 

5 [0037] 	Additionally, fitting error determining module 506 may determine a 

fitting error associated with a generated fitting model by comparing the modeled 

production data vector, at a previous time t, with each historical production data 

value obtained at time t over an interval preceding a selected fitting time tfit. In 

other words, fitting error determining module 506 may be configured to compute 

10 the following algorithm, as described in relation to FIG. 1, above: 

fflid g  = E(d - di—ddcb))2  
t=0 

[0038] 	Furthermore, FIG. 5 may include a validation error determining 

module 510, configured to determine a validation error according to one or more 

validation error algorithms 512, which in some examples will include algorithms 

15 that perform cross-validation. In some examples, validation error determining 

module 510 may separate a modeling timeframe into a first sub-timeframe and a 

second sub-timeframe. In some examples, the modeling timeframe may 

comprise a time interval beginning at some first measurement point in the past 

and ending, for example, at a present time T. 	Furthermore, first sub-timeframe 

20 may include a time interval preceding a time point tfit  and the second sub-

timeframe may include a time interval immediately following tfit  and ending, in 

some examples, at point T. In other words, for a modeling timeframe spanning a 

first measurement time point (referred to here as "0") to time T, validation error 

determining module 510 may separate the modeling timeframe into a first sub- 

25 timeframe 0 < t 	t fit  and a second sub-timeframe tfit  < t 	T . 

[0039] 	In addition, validation error determining module 510 may further be 

configured to determine second sub-timeframe modeled production data based 

on geological parameters estimated during the first sub-timeframe. In other 

words, validation error determining module 510 may be configured to 

30 extrapolate or otherwise predict or forecast modeled production data vector 

based on a fitting model past time tfit  and into second sub-timeframe up to time 
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ft,,,, =£(</,-</, 
t=0 
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[0039] In addition, validation error determining module 510 may further be 

configured to determine second sub-timeframe modeled production data based 

on geological parameters estimated during the first sub-timeframe. In other 

words, validation error determining module 510 may be configured to 

30 extrapolate or otherwise predict or forecast modeled production data vector 

based on a fitting model past time tflt and into second sub-timeframe up to time 
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T. In addition, validation error determining module 510 may be configured to 

compare the second sub-timeframe modeled production data to historical 

production data (e.g. the second set of historical production data 206 of FIG. 2) 

during the second sub-timeframe to determine the validation error associated 

5 with the extrapolated modeled production data vector based on the fitting model 

over the second sub-timeframe. In an example, this comparison of the second 

sub-timeframe modeled production data to observed data during the second sub-

timeframe may include computing a squared error between the second sub-

timeframe modeled production data to the observed data during the second sub- 

10 timeframe. Thus, as described in relation to FIG. 1, validation error determining 

module 510 may be configured to evaluate the following algorithm: 

fvalidation 	
I  (d  - d  mad 03))2  

t=t j,t +1 

[0040] 	In addition, production forecasting module 402 may include a 

combined error determining module 514, which may be configured to determine 

15 a combined error for a given parameter model based on the fitting error and the 

validation error. In an example, combined error determining module 514 may 

determine the combined error by summing the fitting error and the validation 

error determined by fitting error determining module 506 and validation error 

determining module 510, respectively. Thus, in an example, combined error 

20 determining module may be configured to evaluate the following algorithm for a 

parameter set consisting of n parameters, as described in relation to FIG. 3, 

above: 

T 	, 	 \ 2 

fcombined (n) — 	I (d 	
model (P(n)))2  + (1— 2) I (cl 	d model  (P(n))) 

t=c, 	 t=t,.+1 

where A represents a scaling factor that may be varied to provide relative weight 

25 to either of the fitting error or the validation error. 

[0041] 	Furthermore, production forecasting module 402 may include an 

optimal parameter set size identifying module 516, which may be configured to 

generate an optimal parameter set size associated with a parameter model that 

minimizes the combined error of the parameter sets 504 determined by 

30 combined error determining module 514. For example, in an example, of 
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T. In addition, validation error determining module 510 may be configured to 

compare the second sub-timeframe modeled production data to historical 

production data (e.g. the second set of historical production data 206 of FIG. 2) 

during the second sub-timeframe to determine the validation error associated 

5 with the extrapolated modeled production data vector based on the fitting model 

over the second sub-timeframe. In an example, this comparison of the second 

sub-timeframe modeled production data to observed data during the second sub-

timeframe may include computing a squared error between the second sub-

timeframe modeled production data to the observed data during the second sub-

10 timeframe. Thus, as described in relation to FIG. 1, validation error determining 

module 510 may be configured to evaluate the following algorithm: 

t=t yjj +1 

[0040] In addition, production forecasting module 402 may include a 

combined error determining module 514, which may be configured to determine 

15 a combined error for a given parameter model based on the fitting error and the 

validation error. In an example, combined error determining module 514 may 

determine the combined error by summing the fitting error and the validation 

error determined by fitting error determining module 506 and validation error 

determining module 510, respectively. Thus, in an example, combined error 

20 determining module may be configured to evaluate the following algorithm for a 

parameter set consisting of n parameters, as described in relation to FIG. 3, 

above: 

/—+0-A) £(</,-<ir""(p(n))f 
t=0 1 

where X represents a scaling factor that may be varied to provide relative weight 

25 to either of the fitting error or the validation error. 

[0041] Furthermore, production forecasting module 402 may include an 

optimal parameter set size identifying module 516, which may be configured to 

generate an optimal parameter set size associated with a parameter model that 

minimizes the combined error of the parameter sets 504 determined by 

30 combined error determining module 514. For example, in an example, of 
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5 

multiple models each run using unique numbers of estimated parameter values 

as input for each model, optimal parameter set size identifying module may 

determine the model and its associated number of parameters that produce the 

least combined error. In other words, as explained in relation to FIG. 3 above, 

optimal parameter set size identifying module 516 may be configured to 

determine the optimal (i.e. least) combined error fop mai by evaluating the 

following algorithm: 

N  f optimal = min 	
nun 

1 (combined (n) }= f combined 	optimal) 

10 Furthermore, after determining the minimum combined error, the optimal 

parameter set size identifying module 516 may determine the optimal parameter 

set size nop„,./  to generate a production data forecasting model by selecting the 

number n of parameters that renders the minimum combined en-or. 

[0042] 	In addition, production forecasting module 402 may include a target 

15 geological region modeling module 518, which may be configured to model the 

target geological region and forecast or otherwise predict one or more future 

production data values 520 using a selected parameter set as input, where this 

inputted selected parameter set has a size corresponding to the optimal parameter 

set size n optimal • 

20 [0043] 	In an example, target geological region modeling module 518 may 

determine parameter values of the selected parameter set of optimal parameter 

set size nopt,mai  for forecasting future production data by using one or more fitting 

algorithms available in the art, which may include one or more fitting algorithms 

cited and/or described herein (e.g. in reference to fitting algorithms 508 of fitting 

25 error determining module and/or the fitting algorithms presented in reference to 

FIG. 1). Furthermore, in some examples, target geological region modeling 

module 518 may determine parameter values to be inputted for forecasting by 

using a full historical set of historical production data values, which may include 

a first set of historical production data values 102 (FIG. 1) and a second set of 

30 historical production data 206 (FIG. 2). In other words, target geological region 

modeling module 518 may be configured to forecast the future production data 

values 520 by estimating parameter values of the selected parameter set (that are 
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multiple models each run using unique numbers of estimated parameter values 

as input for each model, optimal parameter set size identifying module may 

determine the model and its associated number of parameters that produce the 

least combined error. In other words, as explained in relation to FIG. 3 above, 

5 optimal parameter set size identifying module 516 may be configured to 

determine the optimal (i.e. least) combined error /optimally evaluating the 

following algorithm: 

if optimal mlnt • \fcombined C'O | fcombined optimal^) 

10 Furthermore, after determining the minimum combined error, the optimal 

parameter set size identifying module 516 may determine the optimal parameter 

set size noptimal to generate a production data forecasting model by selecting the 

number n of parameters that renders the minimum combined error. 

[0042] In addition, production forecasting module 402 may include a target 

15 geological region modeling module 518, which may be configured to model the 

target geological region and forecast or otherwise predict one or more future 

production data values 520 using a selected parameter set as input, where this 

inputted selected parameter set has a size corresponding to the optimal parameter 

set size noptimal. 

20 [0043] In an example, target geological region modeling module 518 may 

determine parameter values of the selected parameter set of optimal parameter 

set size noptimal for forecasting future production data by using one or more fitting 

algorithms available in the art, which may include one or more fitting algorithms 

cited and/or described herein (e.g. in reference to fitting algorithms 508 of fitting 

25 error determining module and/or the fitting algorithms presented in reference to 

FIG. 1). Furthermore, in some examples, target geological region modeling 

module 518 may determine parameter values to be inputted for forecasting by 

using a full historical set of historical production data values, which may include 

a first set of historical production data values 102 (FIG. 1) and a second set of 

30 historical production data 206 (FIG. 2). In other words, target geological region 

modeling module 518 may be configured to forecast the future production data 

values 520 by estimating parameter values of the selected parameter set (that are 
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used as forecasting model input), and may perform such estimation based on a 

full history of historical production data values. 

[0044] 	In an additional example, parameter value estimation of the fitting 

models utilized by target geological region modeling module 518 may be 

5 computed based on minimization of sum of square errors between a full set of 

historical production data values and modeled production data vector 100 (see 

FIG. 1) via one or more numerical or mathematical optimization methods, which 

may be based on, but are not limited to, parameterization techniques involving 

mathematical transformations such as principal component analysis, kernel 

10 principal component analysis, discrete cosine transformation, adaptive spatial 

zonation, and coarsening of the reservoir model, or any other numerical 

optimization method. 

[0045] 	Referring again to FIGS. 1 and 2, this full history may use all 

historical production data values up to point T as a basis for estimating these 

15 inputted parameters of the optimal size parameter set. As shown in FIGS. 1 and 

2, this full history may comprise all historical production data values observed 

before (or at) time T, which may include the first set of historical production data 

102 observed before (or at) time tfit  and the second set of historical production 

data 206 observed during (inclusively or exclusively) the time interval tfit  to T. 

20 [0046] 	In addition, in some examples, target geological region modeling 

module 518 may be configured to determine the values of the parameters of the 

selected parameter set for forecasting future production data by first obtaining 

modeled data through use of a simulation model, such as a fitting model, based 

on the first and second sets of historical production data. Additionally, the 

25 simulation model may include any modeling method described herein. For 

example, based on the first and second sets of historical production data, the 

target geological region modeling module may obtain modeled data by 

estimating one or more parameters that are utilized as input to the model. 

Furthermore, in some examples, target geological region modeling module 518 

30 may be further configured to identify the selected parameter set values by 

determining a minimum fitting error between the modeled data for the selected 

parameter set and the first and second sets of historical production data. For 

example, target geological region modeling module 518 may be configured to 
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used as forecasting model input), and may perform such estimation based on a 

full history of historical production data values. 

[0044] In an additional example, parameter value estimation of the fitting 

models utilized by target geological region modeling module 518 may be 

5 computed based on minimization of sum of square errors between a full set of 

historical production data values and modeled production data vector 100 (see 

FIG. 1) via one or more numerical or mathematical optimization methods, which 

may be based on, but are not limited to, parameterization techniques involving 

mathematical transformations such as principal component analysis, kernel 

10 principal component analysis, discrete cosine transformation, adaptive spatial 

zonation, and coarsening of the reservoir model, or any other numerical 

optimization method. 

[0045] Referring again to FIGS. 1 and 2, this full history may use all 

historical production data values up to point T as a basis for estimating these 

15 inputted parameters of the optimal size parameter set. As shown in FIGS. 1 and 

2, this full history may comprise all historical production data values observed 

before (or at) time T, which may include the first set of historical production data 

102 observed before (or at) time tflt and the second set of historical production 

data 206 observed during (inclusively or exclusively) the time interval tflt to T. 

20 [0046] In addition, in some examples, target geological region modeling 

module 518 may be configured to determine the values of the parameters of the 

selected parameter set for forecasting future production data by first obtaining 

modeled data through use of a simulation model, such as a fitting model, based 

on the first and second sets of historical production data. Additionally, the 

25 simulation model may include any modeling method described herein. For 

example, based on the first and second sets of historical production data, the 

target geological region modeling module may obtain modeled data by 

estimating one or more parameters that are utilized as input to the model. 

Furthermore, in some examples, target geological region modeling module 518 

30 may be further configured to identify the selected parameter set values by 

determining a minimum fitting error between the modeled data for the selected 

parameter set and the first and second sets of historical production data. For 

example, target geological region modeling module 518 may be configured to 
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select the set of estimated parameter values from the modeling that minimizes 

the fitting error as the selected parameter set values. 

[0047] 	Furthermore, in some non-limiting examples, target geological region 

modeling module 518 may use one or more numerical simulation techniques to 

5 forecast future production values, based on, but are not limited to, full-physics or 

streamline simulation, wherein the estimated parameter values of the selected 

parameter set are used as input for the simulation. Thus, production forecasting 

module 402 may be configured to execute a systematic methodology for 

estimation of a target reservoir model to forecast future production data using 

10 cross-validation that avoids the high processing needs of high resolution models 

while ensuring increased prediction capability of model for a target geological 

region. 

[0048] 	Turning to FIG. 6, an example methodology 600 is presented for 

forecasting production data using an improved model based on cross-validation 

15 techniques. In an example, methodology 600 may include identifying an array 

of parameter sets at block 602. In an example, the array of parameter sets may 

include one or more estimated parameter values corresponding to physical 

characteristics of a target geological region (e.g. an underground reservoir and/or 

surrounding region), which may include, for example, permeability, porosity, or 

20 any other physical, chemical, electrical, magnetic, or other characteristic of the 

target geological region. Furthermore, the parameter values of the parameter 

sets may be identified by estimating their values based on historical production 

data of hydrocarbon production and modeled production data derived from this 

historical production data. At block 602, identifying an array of parameter sets 

25 may include reading the array of parameter sets from a memory, such as a 

memory of a computer device, and/or the array of parameter sets may be 

inputted by a user. Furthermore, each parameter set of the array may include a 

unique number of parameters, wherein the parameters are estimated by modeling 

the target geological region based on historical production data. 

30 [0049] 	In addition, methodology 600 may include determining a fitting error 

for each parameter set of the array. In an example, determining the fitting error 

for each parameter set of the array may include modeling a production data 

vector based on parameters derived from historical production data of 
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select the set of estimated parameter values from the modeling that minimizes 

the fitting error as the selected parameter set values. 

[0047] Furthermore, in some non-limiting examples, target geological region 

modeling module 518 may use one or more numerical simulation techniques to 

5 forecast future production values, based on, but are not limited to, full-physics or 

streamline simulation, wherein the estimated parameter values of the selected 

parameter set are used as input for the simulation. Thus, production forecasting 

module 402 may be configured to execute a systematic methodology for 

estimation of a target reservoir model to forecast future production data using 

10 cross-validation that avoids the high processing needs of high resolution models 

while ensuring increased prediction capability of model for a target geological 

region. 

[0048] Turning to FIG. 6, an example methodology 600 is presented for 

forecasting production data using an improved model based on cross-validation 

15 techniques. In an example, methodology 600 may include identifying an array 

of parameter sets at block 602. In an example, the array of parameter sets may 

include one or more estimated parameter values corresponding to physical 

characteristics of a target geological region (e.g. an underground reservoir and/or 

surrounding region), which may include, for example, permeability, porosity, or 

20 any other physical, chemical, electrical, magnetic, or other characteristic of the 

target geological region. Furthermore, the parameter values of the parameter 

sets may be identified by estimating their values based on historical production 

data of hydrocarbon production and modeled production data derived from this 

historical production data. At block 602, identifying an array of parameter sets 

25 may include reading the array of parameter sets from a memory, such as a 

memory of a computer device, and/or the array of parameter sets may be 

inputted by a user. Furthermore, each parameter set of the array may include a 

unique number of parameters, wherein the parameters are estimated by modeling 

the target geological region based on historical production data. 

30 [0049] In addition, methodology 600 may include determining a fitting error 

for each parameter set of the array. In an example, determining the fitting error 

for each parameter set of the array may include modeling a production data 

vector based on parameters derived from historical production data of 
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hydrocarbon production and comparing the values of the modeled production 

data vector to the historical production data of hydrocarbon production. In an 

example, block 604 may include performing one or more of the methodologies 

described in relation to FIG. 1 and/or fitting error determining module 506 of 

5 FIG. 5. 

[0050] 	Furthermore, methodology 600 may include determining a validation 

error for each parameter set of the array. In an example, determining the 

validation error for each parameter set of the array may include separating a 

modeling timeframe into a first sub-timeframe and a second sub-timeframe. In 

10 some examples, the modeling timeframe may comprise a time interval beginning 

at some first measurement point in the past and ending, for example, at a present 

time T. 	Furthermore, the first sub-timeframe may include a time interval 

preceding a time point tfit  and the second sub-timeframe may include a time 

interval immediately following tfit  and ending, in some examples, at point T. In 

15 other words, for a modeling timeframe spanning a first measurement time point 

(referred to here as "0") to time T, block 606 may include separating the 

modeling timeframe into a first sub-timeframe 0 < t 	tfit  and a second sub- 

timeframe t fit  < t 	T . For purposes of the present disclosure, historical 

production data measured during the first sub-timeframe may be referred to as a 

20 first set of historical production data of hydrocarbon production and historical 

production data measured during the second sub-timeframe may be referred to as 

a second set of historical production data of hydrocarbon production of the target 

geological region. 

[0051] 	In addition, block 606 may further include the act of determining 

25 modeled production data associated with the second sub-timeframe based on the 

model with parameter values equal to the estimates determined according to the 

fitting model at block 604. In other words, determining the validation error for 

each parameter set of the array at block 606 may include extrapolating or 

forecasting a fitting model modeled production data vector past time tfit  and into 

30 the second sub-timeframe up to time T for each parameter set of an array of 

parameter sets. 

[0052] 	Furthermore, determining the validation error for each parameter set 

of the array at block 606 may include comparing the second sub-timeframe 
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hydrocarbon production and comparing the values of the modeled production 

data vector to the historical production data of hydrocarbon production. In an 

example, block 604 may include performing one or more of the methodologies 

described in relation to FIG. 1 and/or fitting error determining module 506 of 

5 FIG. 5. 

[0050] Furthermore, methodology 600 may include determining a validation 

error for each parameter set of the array. In an example, determining the 

validation error for each parameter set of the array may include separating a 

modeling timeframe into a first sub-timeframe and a second sub-timeframe. In 

10 some examples, the modeling timeframe may comprise a time interval beginning 

at some first measurement point in the past and ending, for example, at a present 

time T. Furthermore, the first sub-timeframe may include a time interval 

preceding a time point tflt and the second sub-timeframe may include a time 

interval immediately following tflt and ending, in some examples, at point T. In 

15 other words, for a modeling timeframe spanning a first measurement time point 

(referred to here as "0") to time T, block 606 may include separating the 

modeling timeframe into a first sub-timeframe 0 < t < tflt and a second sub-

timeframe tfit < t < T. For purposes of the present disclosure, historical 

production data measured during the first sub-timeframe may be referred to as a 

20 first set of historical production data of hydrocarbon production and historical 

production data measured during the second sub-timeframe may be referred to as 

a second set of historical production data of hydrocarbon production of the target 

geological region. 

[0051] In addition, block 606 may further include the act of determining 

25 modeled production data associated with the second sub-timeframe based on the 

model with parameter values equal to the estimates determined according to the 

fitting model at block 604. In other words, determining the validation error for 

each parameter set of the array at block 606 may include extrapolating or 

forecasting a fitting model modeled production data vector past time tflt and into 

30 the second sub-timeframe up to time T for each parameter set of an array of 

parameter sets. 

[0052] Furthermore, determining the validation error for each parameter set 

of the array at block 606 may include comparing the second sub-timeframe 
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5 

modeled production data, referred to herein as the extrapolated production data, 

to production data measured during the second sub-timeframe to determine the 

validation error associated with the extrapolated or forecasted fitting model 

modeled production data vector over the second sub-timeframe. In an example, 

this comparison of the extrapolated production data to production data measured 

during the second sub-timeframe may include computing a squared error 

between the extrapolated production data to production data measured during the 

second sub-timeframe. In a further example, block 606 may include performing 

one or more of the methodologies described in relation to FIG. 2 and/or 

10 validation error determining module 510 of FIG. 5. 

[0053] 	Moreover, methodology 600 may include determining a combined 

error for each parameter set of the array at block 608. In an example, block 608 

may include summing the fitting error (of block 604) and the validation error (of 

block 608) to determine the combined error for each parameter set of the array. 

15 In some examples, the fitting error or the validation error may be weighted in the 

determination of the combined error. Furthermore, block 608 may include 

performing one or more of the methodologies described in relation to FIG. 3 

and/or combined error determining module 514 of FIG. 5. 

[0054] 	Additionally, methodology 600 may include identifying an optimal 

20 parameter set size for modeling the target geological region at block 610. In an 

example, the optimal parameter set size may correspond to the parameter size 

that resulted in a minimum combined error based on the results of block 608. In 

an example, therefore, block 610 may include determining a minimum combined 

error of the combined errors determined at block 608. In addition, block 610 

25 may include performing one or more of the methodologies described in relation 

to FIG. 3 and/or optimal parameter set size identifying module 516 of FIG. 5. 

[0055] 	Furthermore, at block 612, methodology 600 may include forecasting 

or otherwise predicting one or more future production values of the target 

geological region by modeling the target geological region using a selected 

30 parameter set having an optimal parameter set size determined at block 610. In 

an example, the selected parameter set values may be selected by determining a 

minimum fitting error between modeled data for the selected parameter set and 

the first and second sets of historical production data. In addition, block 612 
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modeled production data, referred to herein as the extrapolated production data, 

to production data measured during the second sub-timeframe to determine the 

validation error associated with the extrapolated or forecasted fitting model 

modeled production data vector over the second sub-timeframe. In an example, 

5 this comparison of the extrapolated production data to production data measured 

during the second sub-timeframe may include computing a squared error 

between the extrapolated production data to production data measured during the 

second sub-timeframe. In a further example, block 606 may include performing 

one or more of the methodologies described in relation to FIG. 2 and/or 

10 validation error determining module 510 of FIG. 5. 

[0053] Moreover, methodology 600 may include determining a combined 

error for each parameter set of the array at block 608. In an example, block 608 

may include summing the fitting error (of block 604) and the validation error (of 

block 608) to determine the combined error for each parameter set of the array. 

15 In some examples, the fitting error or the validation error may be weighted in the 

determination of the combined error. Furthermore, block 608 may include 

performing one or more of the methodologies described in relation to FIG. 3 

and/or combined error determining module 514 of FIG. 5. 

[0054] Additionally, methodology 600 may include identifying an optimal 

20 parameter set size for modeling the target geological region at block 610. In an 

example, the optimal parameter set size may correspond to the parameter size 

that resulted in a minimum combined error based on the results of block 608. In 

an example, therefore, block 610 may include determining a minimum combined 

error of the combined errors determined at block 608. In addition, block 610 

25 may include performing one or more of the methodologies described in relation 

to FIG. 3 and/or optimal parameter set size identifying module 516 of FIG. 5. 

[0055] Furthermore, at block 612, methodology 600 may include forecasting 

or otherwise predicting one or more future production values of the target 

geological region by modeling the target geological region using a selected 

30 parameter set having an optimal parameter set size determined at block 610. In 

an example, the selected parameter set values may be selected by determining a 

minimum fitting error between modeled data for the selected parameter set and 

the first and second sets of historical production data. In addition, block 612 
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may include performing one or more of the methodologies described in relation 

to target geological region modeling module 518 of FIG. 5. 

[0056] 	Referring to FIG. 7, an example system 700 is displayed for improved 

production data prediction using cross-validation. For example, system 700 can 

5 reside at least partially within a computer device (e.g. computer device 700 of 

FIG. 7). It is to be appreciated that system 700 is represented as including 

functional blocks, which can be functional blocks that represent functions 

implemented by a processor, software, or combination thereof (e.g., firmware). 

System 700 includes a logical grouping 702 of electrical modules that can act in 

10 conjunction. For instance, logical grouping 702 can include an electrical module 

704 for identifying an array of parameter sets. In an example, electrical module 

704 may comprise parameter identifying module 502 (FIG. 5). Additionally, 

logical grouping 702 can include an electrical module 706 for determining a 

fitting error. In an example, electrical module 706 may comprise fitting error 

15 determining module 510 (FIG. 5). In an additional example, logical grouping 

20 

702 can include an electrical module 708 for determining a validation error. In 

an example, electrical module 708 may comprise validation error determining 

module 510 (FIG. 5). Furthermore, logical grouping 702 can include an 

electrical module 710 for determining a combined error. In an example, 

electrical module 710 may comprise combined error determining module 514 

(FIG. 5). Furthermore, logical grouping 702 can include an electrical module 

712 for identifying an optimal parameter set size. In an example, electrical 

module 712 may comprise optimal parameter set size identifying module 516 

(FIG. 5). Furthermore, logical grouping 702 can include an electrical module 

25 714 for modeling a target geological region and/or predicting future production 

data values. In an example, electrical module 714 may comprise target 

geological region modeling module 518 (FIG. 5). 

30 

[0057] 	Additionally, system 700 can include a memory 716 that retains 

instructions for executing functions associated with the electrical modules 704, 

706, 708, 710, 712, and 714, stores data used or obtained by the electrical 

modules 704, 706, 708, 710, 712, and 714, etc. While shown as being external 

to memory 716, it is to be understood that one or more of the electrical modules 

704, 706, 708, 710, 712, and 714 can exist within memory 716. In one example, 
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may include performing one or more of the methodologies described in relation 
to target geological region modeling module 518 of FIG. 5. 

[0056] Referring to FIG. 7, an example system 700 is displayed for improved 
production data prediction using cross-validation. For example, system 700 can 

5 reside at least partially within a computer device (e.g. computer device 700 of 
FIG. 7). It is to be appreciated that system 700 is represented as including 
functional blocks, which can be functional blocks that represent functions 
implemented by a processor, software, or combination thereof (e.g., firmware). 
System 700 includes a logical grouping 702 of electrical modules that can act in 

10 conjunction. For instance, logical grouping 702 can include an electrical module 
704 for identifying an array of parameter sets. In an example, electrical module 
704 may comprise parameter identifying module 502 (FIG. 5). Additionally, 

logical grouping 702 can include an electrical module 706 for determining a 

fitting error. In an example, electrical module 706 may comprise fitting error 
15 determining module 510 (FIG. 5). In an additional example, logical grouping 

702 can include an electrical module 708 for determining a validation error. In 
an example, electrical module 708 may comprise validation error determining 
module 510 (FIG. 5). Furthermore, logical grouping 702 can include an 
electrical module 710 for determining a combined error. In an example, 

20 electrical module 710 may comprise combined error determining module 514 
(FIG. 5). Furthermore, logical grouping 702 can include an electrical module 
712 for identifying an optimal parameter set size. In an example, electrical 
module 712 may comprise optimal parameter set size identifying module 516 
(FIG. 5). Furthermore, logical grouping 702 can include an electrical module 

25 714 for modeling a target geological region and/or predicting future production 
data values. In an example, electrical module 714 may comprise target 

geological region modeling module 518 (FIG. 5). 
[0057] Additionally, system 700 can include a memory 716 that retains 
instructions for executing functions associated with the electrical modules 704, 

30 706, 708, 710, 712, and 714, stores data used or obtained by the electrical 
modules 704, 706, 708, 710, 712, and 714, etc. While shown as being external 
to memory 716, it is to be understood that one or more of the electrical modules 
704, 706, 708, 710, 712, and 714 can exist within memory 716. In one example, 
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electrical modules 704, 706, 708, 710, 712, and 714 can comprise at least one 

processor, or each electrical module 704, 706, 708, 710, 712, and 714 can be a 

corresponding module of at least one processor. Moreover, in an additional or 

alternative example, electrical modules 704, 706, 708, 710, 712, and 714 can be 

5 a computer program product including a computer readable medium, where each 

electrical module 704, 706, 708, 710, 712, and 714 can be corresponding code. 

[0058] 	FIG. 8 is a block diagram illustrating a machine in the example form 

of a computer system 800, which may comprise computer device 400 of FIG. 4, 

within which a set or sequence of instructions for causing the machine to 

10 perform any one of the methodologies discussed herein may be executed, 

according to an example embodiment. In alternative embodiments, the machine 

operates as a standalone device or may be connected (e.g., networked) to other 

machines. In a networked deployment, the machine may operate in the capacity 

of either a server or a client machine in server-client network environments, or it 

15 may act as a peer machine in peer-to-peer (or distributed) network environments. 

The machine may be a personal computer (PC), a tablet PC, a set-top box (STB), 

a Personal Digital Assistant (PDA), a mobile telephone, a web appliance, a 

network router, switch or bridge, or any machine capable of executing 

instructions (sequential or otherwise) that specify actions to be taken by that 

20 machine. Further, while only a single machine is illustrated, the term "machine" 

shall also be taken to include any collection of machines that individually or 

jointly execute a set (or multiple sets) of instructions to perform any one or more 

of the methodologies discussed herein. 

[0059] 	Example computer system 800 includes at least one processor 802 

25 (e.g., a central processing unit (CPU), a graphics processing unit (GPU) or both, 

processor cores, compute nodes, etc.), a main memory 804 and a static memory 

805, which communicate with each other via a link 808 (e.g., bus). The 

computer system 800 may further include a video display unit 810, an 

alphanumeric input device 812 (e.g., a keyboard), and a user interface (UI) 

30 navigation device 814 (e.g., a mouse). In one embodiment, the video display 

unit 810, input device 812 and UI navigation device 814 are incorporated into a 

touch screen display. The computer system 800 may additionally include a 

storage device 815 (e.g., a drive unit), a signal generation device 818 (e.g., a 

21 

WO 2014/189523 PCT/US2013/042711 

electrical modules 704, 706, 708, 710, 712, and 714 can comprise at least one 

processor, or each electrical module 704, 706, 708, 710, 712, and 714 can be a 

corresponding module of at least one processor. Moreover, in an additional or 

alternative example, electrical modules 704, 706, 708, 710, 712, and 714 can be 

5 a computer program product including a computer readable medium, where each 

electrical module 704, 706, 708, 710, 712, and 714 can be corresponding code. 

[0058] FIG. 8 is a block diagram illustrating a machine in the example form 

of a computer system 800, which may comprise computer device 400 of FIG. 4, 

within which a set or sequence of instructions for causing the machine to 

10 perform any one of the methodologies discussed herein may be executed, 

according to an example embodiment. In alternative embodiments, the machine 

operates as a standalone device or may be connected (e.g., networked) to other 

machines. In a networked deployment, the machine may operate in the capacity 

of either a server or a client machine in server-client network environments, or it 

15 may act as a peer machine in peer-to-peer (or distributed) network environments. 

The machine may be a personal computer (PC), a tablet PC, a set-top box (STB), 

a Personal Digital Assistant (PDA), a mobile telephone, a web appliance, a 

network router, switch or bridge, or any machine capable of executing 

instructions (sequential or otherwise) that specify actions to be taken by that 

20 machine. Further, while only a single machine is illustrated, the term "machine" 

shall also be taken to include any collection of machines that individually or 

jointly execute a set (or multiple sets) of instructions to perform any one or more 

of the methodologies discussed herein. 

[0059] Example computer system 800 includes at least one processor 802 

25 (e.g., a central processing unit (CPU), a graphics processing unit (GPU) or both, 

processor cores, compute nodes, etc.), a main memory 804 and a static memory 

805, which communicate with each other via a link 808 (e.g., bus). The 

computer system 800 may further include a video display unit 810, an 

alphanumeric input device 812 (e.g., a keyboard), and a user interface (UI) 

30 navigation device 814 (e.g., a mouse). In one embodiment, the video display 

unit 810, input device 812 and UI navigation device 814 are incorporated into a 

touch screen display. The computer system 800 may additionally include a 

storage device 815 (e.g., a drive unit), a signal generation device 818 (e.g., a 
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speaker), a network interface device 820, and one or more sensors (not shown), 

such as a global positioning system (GPS) sensor, compass, accelerometer, or 

other sensor. 

[0060] 	The storage device 815 includes a machine-readable storage medium 

5 822 on which is stored one or more sets of data structures and/or instructions 

824 (e.g., software) embodying or utilized by any one or more of the 

methodologies or functions described herein. The instructions 824 may also 

reside, completely or at least partially, within the main memory 804, static 

memory 805, and/or within the processor 802 during execution thereof by the 

10 computer system 800, with the main memory 804, static memory 805, and cache 

memory of the processor 802 also constituting machine-readable storage media. 

[0061] 	While the machine-readable storage medium 822 is illustrated in an 

example embodiment to be a single medium, the term "machine-readable storage 

medium" may include a single medium or multiple media (e.g., a centralized or 

15 

20 

distributed database, and/or associated caches and servers) that store the one or 

more instructions 824. The term "machine-readable storage medium" shall also 

be taken to include any tangible medium that is capable of storing either 

instruction for execution by the machine or data. The term "machine-readable 

storage medium" shall accordingly be taken to include, but not be limited to, 

solid-state memories, and optical and magnetic media. Specific examples of 

machine-readable storage media include non-volatile memory, including, by way 

of example, semiconductor memory devices (e.g., Electrically Programmable 

Read-Only Memory (EPROM), Electrically Erasable Programmable Read-Only 

Memory (EEPROM)) and flash memory devices; magnetic disks such as internal 

25 hard disks and removable disks; magneto-optical disks; and CD-ROM and 

DVD-ROM disks. 

[0062] 	The instructions 824 may further be transmitted or received over a 

communications network 826 using a transmission medium via the network 

interface device 820 utilizing any one of a number of well-known transfer 

30 protocols (e.g., HTTP). Examples of communication networks include a local 

area network (LAN), a wide area network (WAN), the Internet, mobile 

telephone networks, Plain Old Telephone (POTS) networks, and wireless data 

networks (e.g., Wi-Fi, 3G, and 4G LTE/LTE-A or WiMAX networks). The term 
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speaker), a network interface device 820, and one or more sensors (not shown), 

such as a global positioning system (GPS) sensor, compass, accelerometer, or 

other sensor. 

[0060] The storage device 815 includes a machine-readable storage medium 

5 822 on which is stored one or more sets of data structures and/or instructions 

824 (e.g., software) embodying or utilized by any one or more of the 

methodologies or functions described herein. The instructions 824 may also 

reside, completely or at least partially, within the main memory 804, static 

memory 805, and/or within the processor 802 during execution thereof by the 

10 computer system 800, with the main memory 804, static memory 805, and cache 

memory of the processor 802 also constituting machine-readable storage media. 

[0061] While the machine-readable storage medium 822 is illustrated in an 

example embodiment to be a single medium, the term "machine-readable storage 

medium" may include a single medium or multiple media (e.g., a centralized or 

15 distributed database, and/or associated caches and servers) that store the one or 

more instructions 824. The term "machine-readable storage medium" shall also 

be taken to include any tangible medium that is capable of storing either 

instruction for execution by the machine or data. The term "machine-readable 

storage medium" shall accordingly be taken to include, but not be limited to, 

20 solid-state memories, and optical and magnetic media. Specific examples of 

machine-readable storage media include non-volatile memory, including, by way 

of example, semiconductor memory devices (e.g., Electrically Programmable 

Read-Only Memory (EPROM), Electrically Erasable Programmable Read-Only 

Memory (EEPROM)) and flash memory devices; magnetic disks such as internal 

25 hard disks and removable disks; magneto-optical disks; and CD-ROM and 

DVD-ROM disks. 

[0062] The instructions 824 may further be transmitted or received over a 

communications network 826 using a transmission medium via the network 

interface device 820 utilizing any one of a number of well-known transfer 

30 protocols (e.g., HTTP). Examples of communication networks include a local 

area network (LAN), a wide area network (WAN), the Internet, mobile 

telephone networks, Plain Old Telephone (POTS) networks, and wireless data 

networks (e.g., Wi-Fi, 3G, and 4G LTE/LTE-A or WiMAX networks). The term 
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"transmission medium" shall be taken to include any intangible medium that is 

capable of storing, encoding, or carrying instructions for execution by the 

machine, and includes digital or analog communications signals or other 

intangible medium to facilitate communication of such software. 

5 [0063] 	Examples are described herein, can include, or can operate on, logic or 

a number of modules or mechanisms. Modules are tangible entities capable of 

performing specified operations and can be configured or arranged in a certain 

manner. In an example, circuits can be arranged (e.g., internally or with respect 

to external entities such as other circuits) in a specified manner as a module. In 

10 an example, the whole or part of one or more computer systems (e.g., a 

standalone, client or server computer system) or one or more hardware 

processors can be configured by firmware or software (e.g., instructions, an 

application portion, or an application) as a module that operates to perform 

specified operations. In an example, the software can reside (1) on a non- 

15 transitory machine-readable medium or (2) in a transmission signal. In an 

example, the software, when executed by the underlying hardware of the 

module, causes the hardware to perform the specified operations. 

[0064] 	Accordingly, the term "module" is understood to encompass a tangible 

entity, be that an entity that is physically constructed, specifically configured 

20 (e.g., hardwired), or temporarily (e.g., transitorily) configured (e.g., 

programmed) to operate in a specified manner or to perform part or all of any 

operation described herein. Considering examples in which modules are 

temporarily configured, one instantiation of a module may not exist 

simultaneously with another instantiation of the same or different module. For 

25 example, where the modules comprise a general-purpose hardware processor 

configured using software, the general-purpose hardware processor can be 

configured as respective different modules at different times. Accordingly, 

software can configure a hardware processor, for example, to constitute a 

particular module at one instance of time and to constitute a different module at 

30 a different instance of time. 

[0065] 	Additional examples of the presently described method, system, and 

device embodiments include the following, non-limiting configurations. Each of 

the following non-limiting examples may stand on its own, or may be combined 
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"transmission medium" shall be taken to include any intangible medium that is 
capable of storing, encoding, or carrying instructions for execution by the 
machine, and includes digital or analog communications signals or other 
intangible medium to facilitate communication of such software. 
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a number of modules or mechanisms. Modules are tangible entities capable of 
performing specified operations and can be configured or arranged in a certain 
manner. In an example, circuits can be arranged (e.g., internally or with respect 
to external entities such as other circuits) in a specified manner as a module. In 

10 an example, the whole or part of one or more computer systems (e.g., a 
standalone, client or server computer system) or one or more hardware 
processors can be configured by firmware or software (e.g., instructions, an 
application portion, or an application) as a module that operates to perform 
specified operations. In an example, the software can reside (1) on a non-

15 transitory machine-readable medium or (2) in a transmission signal. In an 
example, the software, when executed by the underlying hardware of the 
module, causes the hardware to perform the specified operations. 
[0064] Accordingly, the term "module" is understood to encompass a tangible 
entity, be that an entity that is physically constructed, specifically configured 

20 (e.g., hardwired), or temporarily (e.g., transitorily) configured (e.g., 
programmed) to operate in a specified manner or to perform part or all of any 
operation described herein. Considering examples in which modules are 
temporarily configured, one instantiation of a module may not exist 
simultaneously with another instantiation of the same or different module. For 

25 example, where the modules comprise a general-purpose hardware processor 
configured using software, the general-purpose hardware processor can be 

configured as respective different modules at different times. Accordingly, 
software can configure a hardware processor, for example, to constitute a 
particular module at one instance of time and to constitute a different module at 

30 a different instance of time. 
[0065] Additional examples of the presently described method, system, and 
device embodiments include the following, non-limiting configurations. Each of 
the following non-limiting examples may stand on its own, or may be combined 
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in any permutation or combination with any one or more of the other examples 

provided below or throughout the present disclosure. The preceding description 

and the drawings sufficiently illustrate specific embodiments to enable those 

skilled in the art to practice them. Other embodiments may incorporate 

structural, logical, electrical, process, and other changes. Portions and features 

of some embodiments may be included in, or substituted for, those of other 

embodiments. 

5 
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in any permutation or combination with any one or more of the other examples 
provided below or throughout the present disclosure. The preceding description 
and the drawings sufficiently illustrate specific embodiments to enable those 
skilled in the art to practice them. Other embodiments may incorporate 

5 structural, logical, electrical, process, and other changes. Portions and features 
of some embodiments may be included in, or substituted for, those of other 

embodiments. 
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CLAIMS 

What is claimed is: 

1.  A method of determining a geological model, comprising the acts of: 

5 identifying an array of parameter sets, wherein each parameter set is of a unique 

size and contains values of geological parameters estimated from 

historical production data associated with a target geological region; 

determining a fitting error between a first set of the historical production data 

and modeled production data, wherein the modeled production data is 

10 obtained through execution of a simulation model based on each 

parameter set of the array; 

determining a validation error between a second set of the historical production 

data and extrapolated production data for each parameter set of the array, 

wherein the extrapolated production data is obtained based on the 

15 modeled production data for the respective parameter set of the array; 

determining a combined error for each parameter set of the array based on the 

fitting error and the validation error; and 

identifying an optimal parameter set size for modeling the target geological 

region, wherein the optimal parameter set size is determined in reference 

20 to a minimum combined error of the combined errors determined for 

each parameter set of the array. 

2.  The method of claim 1, further comprising: 

modeling the target geological region using a selected parameter set of the 

25 identified optimal parameter set size and using selected parameter set 

values estimated based on the first and second sets of historical 

production data; and 

forecasting future production data for the target geological region using a 

forecasting simulation model utilizing the selected parameter set. 

30 

3.  The method of claim 2, wherein the selected parameter set values are 

determined by the acts of: 
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5 identifying an array of parameter sets, wherein each parameter set is of a unique 

size and contains values of geological parameters estimated from 

historical production data associated with a target geological region; 
determining a fitting error between a first set of the historical production data 

and modeled production data, wherein the modeled production data is 
10 obtained through execution of a simulation model based on each 

parameter set of the array; 
determining a validation error between a second set of the historical production 

data and extrapolated production data for each parameter set of the array, 

wherein the extrapolated production data is obtained based on the 
15 modeled production data for the respective parameter set of the array; 

determining a combined error for each parameter set of the array based on the 
fitting error and the validation error; and 

identifying an optimal parameter set size for modeling the target geological 
region, wherein the optimal parameter set size is determined in reference 

20 to a minimum combined error of the combined errors determined for 
each parameter set of the array. 

2. The method of claim 1, further comprising: 
modeling the target geological region using a selected parameter set of the 

25 identified optimal parameter set size and using selected parameter set 
values estimated based on the first and second sets of historical 

production data; and 
forecasting future production data for the target geological region using a 

forecasting simulation model utilizing the selected parameter set. 
30 

3. The method of claim 2, wherein the selected parameter set values are 
determined by the acts of: 
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obtaining modeled data for the selected parameter set through use of a 

simulation model based on the first and second sets of historical 

production data; and 

identifying the selected parameter set values by determining a minimum fitting 

5 error between the modeled data for the selected parameter set and the 

first and second sets of historical production data. 

4. The method of claim 1, wherein determining the validation error for each 

parameter set of the array comprises: 

10 separating a modeling timeframe into a first sub-timeframe and a second sub-

timeframe; 

determining forecast of second sub-timeframe production data based on the 

simulation model with geological parameter values equal to the estimates 

determined according to the fitting model of the first sub-timeframe; and 

15 comparing the second sub-timeframe forecasted production data to production 

data measured during the second sub-timeframe. 

5. The method of claim 4, wherein comparing the second sub-timeframe 

forecasted production data to production data measured during the second sub- 

20 timeframe comprises computing a squared error between the second sub-

timeframe forecasted production data to the production data measured during the 

second sub-timeframe. 

6. The method of claim 1, wherein determining the validation error for 

25 each parameter set of the array comprises performing cross-validation. 

7. The method of claim 1, wherein identifying the optimal parameter set 

size further comprises minimizing the fitting error for each parameter set of the 

array. 

30 

8. The method of claim 1, wherein identifying the optimal parameter set 

size further comprises minimizing the combined error for each parameter set of 

the array. 
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obtaining modeled data for the selected parameter set through use of a 

simulation model based on the first and second sets of historical 

production data; and 

identifying the selected parameter set values by determining a minimum fitting 

5 error between the modeled data for the selected parameter set and the 

first and second sets of historical production data. 

4. The method of claim 1, wherein determining the validation error for each 

parameter set of the array comprises: 

10 separating a modeling timeframe into a first sub-timeframe and a second sub-

timeframe; 

determining forecast of second sub-timeframe production data based on the 

simulation model with geological parameter values equal to the estimates 

determined according to the fitting model of the first sub-timeframe; and 

15 comparing the second sub-timeframe forecasted production data to production 

data measured during the second sub-timeframe. 

5. The method of claim 4, wherein comparing the second sub-timeframe 

forecasted production data to production data measured during the second sub-

20 timeframe comprises computing a squared error between the second sub-

timeframe forecasted production data to the production data measured during the 

second sub-timeframe. 

6. The method of claim 1, wherein determining the validation error for 

25 each parameter set of the array comprises performing cross-validation. 

7. The method of claim 1, wherein identifying the optimal parameter set 

size further comprises minimizing the fitting error for each parameter set of the 

array. 

30 

8. The method of claim 1, wherein identifying the optimal parameter set 

size further comprises minimizing the combined error for each parameter set of 

the array. 
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9. An apparatus for determining a geological model, comprising: 

one or more processors, and 

a machine readable storage device comprising instructions that when executed 

5 by the one or more processors, perform operations comprising, 

identifying an array of parameter sets, wherein each parameter set is of a unique 

size and contains values of geological parameters estimated from 

historical production data associated with a target geological region; 

determining a fitting error between a first set of the historical production data 

10 

15 

and modeled production data, wherein the modeled production data is 

obtained through execution of a simulation model based on each 

parameter set of the array; 

determining a validation error between a second set of the historical production 

data and extrapolated production data for each parameter set of the array, 

wherein the extrapolated production data is obtained based on the 

modeled production data for the respective parameter set of the array; 

determining a combined error for each parameter set of the array based on the 

fitting error and the validation error; and 

identifying an optimal parameter set size for modeling the target geological 

20 region, wherein the optimal parameter set size is determined in reference 

to a minimum combined error of the combined errors determined for 

each parameter set of the array. 

10. The apparatus of claim 9, wherein operations further comprise: 

25 modeling the target geological region using a selected parameter set of the 

identified optimal parameter set size and using selected parameter set 

values estimated based on the first and second sets of historical 

production data; and 

forecasting future production data for the target geological region using a 

30 forecasting simulation model utilizing the selected parameter set. 

11. The apparatus of claim 10, wherein the operations further comprise: 
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fitting error and the validation error; and 
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each parameter set of the array. 
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values estimated based on the first and second sets of historical 
production data; and 

forecasting future production data for the target geological region using a 
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11. The apparatus of claim 10, wherein the operations further comprise: 
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obtaining modeled data for the selected parameter set through use of a 

simulation model based on the first and second sets of historical 

production data; and 

identifying the selected parameter set values by determining a minimum fitting 

5 error between the modeled data for the selected parameter set and the 

first and second sets of historical production data. 

12. The apparatus of claim 11, wherein the operation of determining the 

validation error for each parameter set of the array comprises: 

10 separating a modeling timeframe into a first sub-timeframe and a second sub-

timeframe; 

determining forecast of second sub-timeframe production data based on the 

simulation model with geological parameter values equal to the estimates 

determined according to the fitting model of the first sub-timeframe; and 

15 comparing the second sub-timeframe forecasted production data to production 

data measured during the second sub-timeframe. 

13. The apparatus of claim 12, wherein comparing the second sub-

timeframe forecasted production data to production data measured during the 

20 second sub-timeframe comprises computing a squared error between the second 

sub-timeframe forecasted production data to the production data measured 

during the second sub-timeframe. 

14. The apparatus of claim 9, wherein the operation of determining the 

25 validation error for each parameter set of the array comprises performing cross-

validation. 

15. The apparatus of claim 9, wherein the operation of identifying the 

optimal parameter set size further comprises minimizing the fitting error for each 

30 parameter set of the array. 
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obtaining modeled data for the selected parameter set through use of a 
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production data; and 
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sub-timeframe forecasted production data to the production data measured 
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15. The apparatus of claim 9, wherein the operation of identifying the 

optimal parameter set size further comprises minimizing the fitting error for each 

30 parameter set of the array. 
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16. The apparatus of claim 9, wherein the operation of identifying the 

optimal parameter set size further comprises minimizing the combined error for 

each parameter set of the array. 

5 17. A non-transitory computer-readable medium comprising instructions 

that, when executed by a computer, cause the computer to perform operations 

comprising: 

identifying an array of parameter sets, wherein each parameter set is of a unique 

size and contains values of geological parameters estimated from 

10 historical production data associated with a target geological region; 

determining a fitting error between a first set of the historical production data 

and modeled production data, wherein the modeled production data is 

obtained through execution of a simulation model based on each 

parameter set of the array; 

15 determining a validation error between a second set of the historical production 

data and extrapolated production data for each parameter set of the array, 

wherein the extrapolated production data is obtained based on the 

modeled production data for the respective parameter set of the array; 

determining a combined error for each parameter set of the array based on the 

20 fitting error and the validation error; and 

identifying an optimal parameter set size for modeling the target geological 

region, wherein the optimal parameter set size is determined in reference 

to a minimum combined error of the combined errors determined for 

each parameter set of the array. 

25 

18. The non-transitory computer-readable medium of claim 17, wherein 

operations further comprise: 

modeling the target geological region using a selected parameter set of the 

identified optimal parameter set size and using selected parameter set 

30 values estimated based on the first and second sets of historical 

production data; and 

forecasting future production data for the target geological region using a 

forecasting simulation model utilizing the selected parameter set. 
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25 

18. The non-transitory computer-readable medium of claim 17, wherein 

operations further comprise: 
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19. The non-transitory computer-readable medium of claim 18, wherein the 

operations further comprise: 

obtaining modeled data for the selected parameter set through use of a 

5 simulation model based on the first and second sets of historical 

production data; and 

identifying the selected parameter set values by determining a minimum fitting 

error between the modeled data for the selected parameter set and the 

first and second sets of historical production data. 

10 

20. The non-transitory computer-readable medium of claim 19, wherein the 

operation of determining the validation error for each parameter set of the array 

comprises: 

separating a modeling timeframe into a first sub-timeframe and a second sub- 

15 timeframe; 

determining forecast of second sub-timeframe production data based on the 

simulation model with geological parameter values equal to the estimates 

determined according to the fitting model of the first sub-timeframe; and 

comparing the second sub-timeframe forecasted production data to production 

20 data measured during the second sub-timeframe. 

21. The non-transitory computer-readable medium of claim 20, wherein 

comparing the second sub-timeframe forecasted production data to production 

data measured during the second sub-timeframe comprises computing a squared 

25 error between the second sub-timeframe forecasted production data to the 

production data measured during the second sub-timeframe. 

22. The non-transitory computer-readable medium of claim 17, wherein 

the operation of determining the validation error for each parameter set of the 

30 array comprises performing cross-validation. 
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10 

20. The non-transitory computer-readable medium of claim 19, wherein the 
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comparing the second sub-timeframe forecasted production data to production 

data measured during the second sub-timeframe comprises computing a squared 

25 error between the second sub-timeframe forecasted production data to the 

production data measured during the second sub-timeframe. 

22. The non-transitory computer-readable medium of claim 17, wherein 

the operation of determining the validation error for each parameter set of the 

30 array comprises performing cross-validation. 
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23. The non-transitory computer-readable medium of claim 17, wherein 

the operation of identifying the optimal parameter set size further comprises 

minimizing the fitting error for each parameter set of the array. 

24. The non-transitory computer-readable medium of claim 17, wherein 

the operation of identifying the optimal parameter set size further comprises 

minimizing the combined error for each parameter set of the an-ay. 

5 

10 

31 

WO 2014/189523 PCT/US2013/042711 

23. The non-transitory computer-readable medium of claim 17, wherein 

the operation of identifying the optimal parameter set size further comprises 

minimizing the fitting error for each parameter set of the array. 

5 24. The non-transitory computer-readable medium of claim 17, wherein 

the operation of identifying the optimal parameter set size further comprises 

minimizing the combined error for each parameter set of the array. 

10 
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