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Abstract

This paper presents the use of numerical simulations coupled with optimization techniques in oil reservoir modeling and produc-
tion optimization. We describe three main components of an autonomic oil production management framework. The framework
implements a dynamic, data-driven approach and enables Grid-based large scale optimization formulations in reservoir modeling.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction of reservoir simulations coupled with systematic opti-
mization techniques. The main advantage of applying
The ultimate goal of reservoir modeling is to gen- these mathematical tools to the decision-making pro-
erate both good estimates of reservoir parameters andcess is that they are less restricted by human imagina-
reliable predictions of oil production to optimize re- tion than conventional case-by-case comparisons.
turn on investment from a given reservoir. This process A key issue is to come up with reliable prediction
is performed by the use of numerical simulators that models, which operate by searching a large space of
represent the multiphase fluid flow phenomenon un- oil production and reservoir parameters. Tymamic,
der the subsurface. However, little use has been madedata-driven application systen{® DDAS) paradigm
provides a viable mechanism to address this issue. A
* Corresponding author. main feature of DDDAS is the on-the-fly interaction
_ E-mail addressesparashar@caip.rutgers.edu (M. Parashar), petween and integration of numerical models and data
Ilzlle@lces:utexas.edu (H. Klie), umlt@bm_l.osu.edu (U. Catalyurek), from simulations or field measurements. The integra-
urc@bmi.osu.edu (T. Kurc), bangerth@ices.utexas.edu . .
(W. Bangerth), vincentm@caip.rutgers.edu (V. Matossian), tion of data and numerical models through DDDAS al-
jsaltz@bmi.osu.edu (J.Saltz), nfw@ices.utexas.edu (M.F. Wheeler). lows for a more efficient search of the parameter space.
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Several obstacles, however, need to be addressed foicode portability to many platforms, ease of integration
a successful application of DDDAS. The first one is and interoperability with other software. It provides
the computational time required to complete simula- a set of computational features such as memory man-
tions of complex, large scale reservoir models. Another agement for general geometric grids, portable parallel
challenge is to implement the capability to manage and communication, state-of-the-art non-linear and linear
navigate multi-terabyte datasets from simulations and solvers, keyword input, and output for visualization.
field measurements. Optimization strategies normally A key feature of IPARS is that it allows the definition
evaluate hundreds or even thousands of scenarios (eactof different numerical, physical and scale models for
requiring a simulation run) in the course of searching different blocks in the domain (i.e., multi-numeric,
for the optimal solution to a given management ques- multiphysics, and multi-scale capabilities). A more
tion. This process is extremely time-consuming and technical description of IPARS and its applications
data-intensivél,2]. can be found if7].
Grid computing is rapidly emerging as the dominant
paradigm for large-scale parallel and distributed com- 2.2. Optimization algorithms
puting. A key contribution of Grid computing is the
potential for seamless aggregations of and interactions2.2.1. Very fast simulated annealing (VFSA)
among computing, data, and information resources, This algorithm is a simulated annealing variant that
which is enabling a new generation of scientific and speeds up the process by allowing a larger sampling at
engineering applications that are self-optimizing and the beginning and a much narrower sampling at later
dynamic data driven. However, achieving this goal stages. This is achieved by using a Cauchy like distri-
requires a service-oriented Grid infrastructure that bution. The second appealing feature of VFSA is that
leverages standardized protocols and services to ac-each model parameter can have its own cooling sched-
cess hardware, software, and information resourcesule and model space sampling schemes. This allows
[3,2]. selective control of the parameters and the use of a pri-
In our previous work, we described a suite of tools ori information (e.g., sef8]).
and middleware that enable execution and analysis
of large, distributed collections of simulations and 2.2.2. Simultaneous perturbation stochastic
datasetd4,5]. In this paper, we present the infras- algorithm (SPSA)
tructure for solving optimization problems in dynamic, The novelty of the SPSA algorithm is the underly-
data-driven reservoir simulations in the Grid. The in- ing derivative approximation that requires only one or
frastructure builds on three key components; a compu- two evaluations of the objective function regardless of
tational engine consisting of a simulation framework the dimension of the optimization problem. In other
(IPARS) and optimization services, middleware for dis- words, it does not require an accurate gradient compu-
tributed data querying and subsetting (STORM), and tation. This feature allows for a significant decrease in
an autonomic Grid middleware (Discover/Pawn) for the cost of optimization, especially in problems with a
service composition, execution, and collaboration. We large number of decision parameters to be estimated.
describe these components and their application in au-This algorithm is suitable for noisy measurements of
tonomic data-driven management of the oil production the objective function and can be customized to per-
procesg3,6]. form amore global search by the injection of controlled
random noise (e.g., s¢@]).

2. Computational Grid components 2.2.3. Gradient based

These methods essentially use the approximated
2.1. The integrated parallel accurate reservoir gradient of the objective function to derive a search
simulator (IPARS) direction. Along the search direction a better point

is located based on the response values. Differ-
IPARS represents a new approach to parallel reser-ent ways for generating the search direction re-
voir simulator development, emphasizing modularity, sult in different methods. Newton and quasi-Newton
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methods [10] and finite-difference stochastic ap- value onwhich the selected tuples are grouped together
proximation (FDSA) method§9] are representative  based on the application specific partitioning of tuples.
examples. STORM is implemented using DataCutfé6]. Data-
Cutter is a component-based framew§tK] that im-
plements a filter-stream model for data processing. In
3. Querying and subsetting of distributed data: this model, data is pushed from data sources to des-
STORM tination processors through a network of application-
defined processing components. Using DataCutter run-
An increasingly important issue in Grid comput- time support, STORM implements several optimiza-
ing is to enable access to and integration of data in tions to reduce the execution time of queries. These
remote repositories. An emerging approach iswine optimizations include (1) ability to execute a work-
tualizationof data sources through relational and XML  flow through distributed filtering operations; and (2)
models[11-13} STORM (formerly called GridDB- execution of parallelized data transfer. Both data and
Lite) [14] is a service-oriented middleware that sup- task parallelism can be employed to execute filtering
ports data select and data transfer operations on sci-operations in a distributed manner. If a select expres-
entific datasets, stored in distributed, flat files, through Sion contains multiple user-defined filters, a network
an object-relational database model. In STORM, data of filters can be formed and executed on a distributed
subsetting is done based on attribute values or rangescollection of machines. Data is transferred from mul-
of values, and can involve user-defined filtering op- tiple data sources to multiple destination processors
erations. With an object-relational view of scientific by STORM data mover components. Data movers can
datasets, the data access structure of an application cae instantiated on multiple storage units and desti-
be thought of as S8ELECToperation as shown iRig. nation processors to achieve parallelism during data
1. The (Expression) statement can contain operations transfer.
on ranges of values and joins between two or more
datasetsFilter allows implementation of user-defined
operations that are difficult to express with simple com- 4. An autonomic Grid middleware for oil
parison operations. reservolir optimization
STORM services provide support to create a view of
data files in the form of virtual tables using application ~ Discover[18] enables seamless access to, and peer-
specific extraction objects. An extraction object can to-peer integration of applications, services, and re-
be implemented by an application developer or gen- sources on the Grid. The middleware substrate inte-
erated by compilef15]. It returns an ordered list of ~ grates Discover collaboratory services with the Grid
attribute values for a data element in the dataset, thusservices provided by the Globus Toolkit using the
effectively creating a virtual table. The analysis pro- CORBA Commodity Grid (CORBACO0G) Kif19]. It
gram can be a data parallel program. The distribution also integrates the Pawn peer-to-peer messaging sub-
of tuples in the parallel program is incorporated into Strate[20]. Pawn enables decentralized (peer) services
our model by theGROUP-BY-PROCESSO®&pera- and applications to interact and coordinate over wide
tion in the query formulationComputeAttributeisan- ~ area networks. Finally, the DIOR1] distributed ob-
other user-defined function that generates the attributeject infrastructure that enables development and man-
agement of interactive objects and applications, en-
capsulating sensors and actuators, and a hierarchical
control network. DIOS also allows the dynamic defi-
nition and deployment of policies and rules to moni-
WHERE <Expression> AND Filter(<Attributess) tor and control the behavior of applications and/or ap-
GROUP-BY-PROCESSOR ComputeAttribute(<Attributes>) plication services in an autonomic manij2g]. De-
tailed descriptions of the design, implementation, and
Fig. 1. Formulation of data retrieval steps as an object-relational €valuation of Discover components can be found in
database query. [18-22]

SELECT<Attributes>
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5. Putting it together: data-driven oil ios in optimization problems in reservoir simulations
production optimization involve economic model assessment as well as tech-
nical evaluation of changing reservoir properties (e.g.,
The oil production optimization process involves the amount of bypassed oil, the concentrations of oil
(1) the use of an integrated multi-block reservoir and water). In a Grid environment, data analysis pro-
model and several numerical optimization algorithms grams need to access data subsets on distributed stor-
(global and local approaches) executing on distributed age systemgl,14]. This need is addressed by STORM.
computing systems on the Grid; (2) distributed data The Discover autonomic Grid middleware provides the
archives for historical, experimental (e.g., data from support for items 3, 4, and 5. We now discuss the use
field sensors), and simulated data; (3) Grid services of Discover/Pawn to enable oil reservoir optimization
that provide secure and coordinated access to the[2].
resources and information required by the simula-  The overall autonomic oil reservoir optimization
tions; (4) external services that provide data, such as scenario is illustrated iffig. 2 The peer components
current oil market prices, relevant to the optimiza- involved include: IPARS providing sophisticated sim-
tion of oil production or the economic profit; and ulation components that encapsulate complex mathe-
(5) the actions of scientists, engineers and other ex- matical models of the physical interaction in the sub-
perts, in the field, the laboratory, and in management surface, and execute on distributed computing systems
offices. on the Grid; IPARS Factory responsible for configur-
In this process, item 1 isimplemented by the IPARS ing IPARS simulations, executing them on resources
framework. Both forward modeling (comparison ofthe on the Grid and managing their execution; Optimiza-
performance of different reservoir geostatistical param- tion Service (e.g., VFSA and SPSA); and Economic
eter scenarios) and inverse modeling (searching for the Modeling Service that uses IPARS simulation outputs
optimal decision parameters) can greatly benefit from and current market parameters (oil prices, costs, etc.) to
integration and analysis of simulation, historical, and compute estimated revenues for a particular reservoir
experimental data (item 2). Common analysis scenar- configuration.

Optimizer pool
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the Oplimization Service

3. Client configures IPARS

4. IPARS Factory gets initial guess from the
Oplimization Service and launches
IPARS instance on resource of choice

5. IPARS connects o the Oplimization
Service and presents revenue

6. Optimization Service generates new
parameler value

7.0Once optimal well placement is
determined, IPARS Factory launches an
IPARS run

8. Scientists/Engineers collaboratively
interact with IPARS

30
£5
o]
22
g9
Fg
® &
58

Clients

Fig. 2. Autonomic oil reservoir optimization using decentralized services.



M. Parashar et al. / Future Generation Computer Systems 21 (2005) 19-26 23

These entities dynamically discover and interact agray square at the bottom of the plotis a fixed produc-
with one another as peers to achieve the overall ap- tion well. The plots also show the sequence of guesses
plication objectivesFig. 2 illustrates the key inter-  forthe position of the other production well returned by
actions involved. (1) The experts use pervasive por- the optimization service (shown by the lines connecting
tals to interact with the Discover middleware and the the light squares), and the corresponding normalized
Globus Grid services to discover and allocate appropri- cost value (plots on the right iRig. 3(a) and (b)
ate resource, and to deploy the IPARS Factory, Opti-
mization Service,_and Economi_c model peers. (2) The g Policy-driven optimization
IPARS Factory discovers and interacts with the Op-
timization Service peer to configure and initialize it. A key objective of this research is to formulate poli-
(3) The experts interact with the IPARS Factory and cies that can be used by the autonomic self-optimizing
Optimization Service to define application configura- reservoir framework to discover, select, configure, and
tion parameters. (4) The IPARS Factory then interacts invoke appropriate optimization services to determine
with the Discover middleware to discover and allocate optimal well locations. The choice of optimization ser-
resources and to configure and execute IPARS simula-vice depends on the size and nature of the reservoir.
tions. (5) The IPARS simulation now interacts with the The SPSA algorithm is suited for larger reservoirs with
Economic model to determine current revenues, and relatively smooth characteristics. In case of reservoirs
discovers and interacts with the Optimization Service with many randomly distributed maxima and minima,
when it needs optimization. (6) The Optimization Ser- the VFSA algorithm can be employed during the ini-
vice provides IPARS Factory with an improved well tial optimization phase. Once convergence slows down,
location, which then (7) launches new IPARS simula- VFSA can be replaced by SPSA. Alternate optimiza-
tions with updated parameters. (8) Experts can at any- tion schemes (e.g., genetic algorithms, local methods
time discover, collaboratively monitor andinteractively such as Newton) can also be used if convergence breaks
steer IPARS simulations, configure the other services down. Similarly, policies can also be used to manage
and drive the scientific discovery process. Once the op- the behavior of the reservoir simulator. For example,
timal well parameters are determined, the IPARS Fac- the policy may monitor convergence of the optimizer
tory configures and deploys a production IPARS run. andasitapproachesthe solution, itmay use afiner mesh

Fig. 3 shows the progress of optimization of well and/or smaller timesteps. The policy may even attempt
locations using the VFSA and SPSA optimization al- to activate other numerical algorithms (e.g., time dis-
gorithms for two different scenarios. The goal is to cretization schemes, solvers) or physical models (e.g.,
maximize profits for a given economic revenue objec- one-, two-, or three-phase flow, geomechanical).
tive function. The well positions plots (on the lefthig. In an alternative scenario, policies may be defined
3(a) and (b) show the oil field and the positions of the to enable various optimizers to execute concurrently
wells. Black circles represent fixed injection wells and on dynamically acquired Grid resources, and select the
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Fig. 3. Convergence history for the optimal well placement in the Grid using (a) VFSA algorithm and (b) SPSA algorithm.
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