
Modeling Methodology for Application Development in Petroleum Industry

Cong Zhang, Viktor Prasanna∗, Abdollah Orangi†, Will Da Sie‡, Aditya Kwatra§

Abstract

The development of applications for monitoring, con-
trol, simulation and diagnosis in the petroleum industry in-
volves a multitude of complex software tools. These tools
have their own formalisms, semantics and use different ab-
stractions to represent the system under development. They
use different data formats to represent data in the software
tools. Each application requires coupling of two or more
different such complex software tools. Providing efficient in-
teraction between these complex software tools using differ-
ent abstractions, formalisms, data formats, etc. becomes a
mammoth task. Thus there is a need to provide a unified en-
vironment that allows capturing the desired application and
provide a framework for interaction between the necessary
software tools. This paper discusses the formal metamodels
to describe the individual formalisms in the desired unified
environment. These metamodels, created by the Generic
Modeling Environment (GME), define the domain-specific
modeling language for application development in the pe-
troleum industry.

1 Introduction

For the past few decades, there has been a constant effort
to maximize the oil production using various complex simu-
lation tools. There has been a need for providing an efficient
decision support system, which requires proper interaction
between these complex simulation tools. Integrated Asset
Modeling (IAM) is the technique used to model different
assets (physical: wells, blocks, etc.; non physical: control
strategies, optimizers, etc) to provide efficient management
between the assets. The petroleum industry has recognized
the opportunity for IAM to address multiple challenges.
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IAM presents an intensive operational environment in-
volving continuous series of decisions based on multiple
criteria including safety, environmental policy, component
reliability, efficient capital, operating expenditures, and rev-
enue. Asset management decisions require interactions
among multiple domain experts, each capable of running
detailed technical analysis on highly specialized and of-
ten compute intensive applications. These technical analy-
sis executed in parallel domains over extended periods can
result in divergence of assumptions regarding boundary
conditions between domains. A good example of this is
pre-development facilities design while reservoir modeling
and performance forecasting evaluations progress. Alterna-
tively, many established proxy (or reduced form engineer-
ing) models are incorporated to meet demands of rapid de-
cision making in an operational environment or when data
is limited or unavailable. The delivery of enriched infor-
mation that results from these technical analysis into real
time operational domains is another challenge addresed by
IAM [5]. A consequence of these previous conditions is
the additional demand for rapid delivery of relevant data to
these applications at the desired frequency and/or density,
synchronized in time over multiple sources.

Large volumes of data from multiple sources result from
progressively improving new capabilities for well measure-
ment, seismic data acquisition, and continuous data collec-
tion. The systems are used to monitor and control an asset
component in the petroleum industry to gather and analyse
data in real time. IAM ensures proper coordination between
data collection sources and data processing destinations.

The asset management toolkit needs to be configurable
and custom fit for purpose to handle a great diversity of
needs over a large portfolio of assets that range from big
to small, low cost-low volume to major capital-high vol-
ume, onshore-offshore, brownfield (mature) to greenfield
(new developments). It is also desired to implicitly cou-
ple technical compute applications to run as one distributed
system while maintaining component ownership within the
respective domains. A need for optimization of the asset
that encompasses all system components and potentially in-
volves multiple nested optimization loops and sequences of
actions within a control strategy also forms an important
challenge addressed by IAM.



The industry has made some progress towards more in-
tegrated approaches to managing and operating assets. Inte-
grated operational workflow mapping to ensure efficient and
aligned use of critical resources is often the first step [8].
Top-down modeling using simplified models or proxies to
support flexible decision and uncertainty analysis systems
has been applied [1, 4, 5, 13].

At a more fundamental modeling level, application de-
velopers have coupled reservoir, network, and process sim-
ulators to more accurately model physical interactions be-
tween system components with a view to system integrated
optimization. The variety of possible combinations of sim-
ulation technologies requires developing flexible coupling
schemes, and patterns of interaction between software com-
ponents.

The tight integration of the software and its physical en-
vironment has profound impact on the software technology
to be applied [6]. With conventional software development
techniques, changing the software in response to the evolu-
tion of a field is expensive in terms of both time and effort.
In most cases, it is much like developing a new software,
which consists of a number of phases: (1) defining what the
system should do (system specification), (2) choosing a par-
ticular solution to meet the system specifications (design),
(3) actually putting together the pieces of the system (im-
plementation and integration), and (4) evaluating the new
system to see if it actually meets the specifications (testing).

Instead of developing a new software from scratch for
each application, our unified generic environment will help
provide the required interaction between the existing soft-
wares.

These applications are based on existing simulation soft-
ware. Development of the application consists of three ma-
jor steps: (1) Capturing a simulation scenario. (2) Con-
structing a software-based structural model to map the com-
ponent tasks in the scenario to a software structure. This
mapping is necessary because multiple simulators may ex-
ist for the same component task. (3) Determining inter-
software coordination mechanisms, such as interface wrap-
ping and low-level communication within the application.

This paper focuses on the first two steps in the appli-
cation development. Our application development is based
on Model-Integrated Computing (MIC) [12]. MIC employs
domain-specific models to represent applications being de-
signed. The models specify the desired application func-
tionality and available simlation tools. The modeling lan-
guage capturing the application functionality is based on fi-
nite state machine.

The paper is organized as follows. Section 2 describes
the concepts of MIC, a tool that implements MIC, and re-
lated projects. The reasons for using MIC are described in
section 3. The modeling language composed for the pe-
troleum domain is presented in section 4. We conclude in

Seciton 5.

2 Background

Modeling has been widely used for software develop-
ment. Many analysis and design techniques use models to
describe the necessary class and inheritance relationships in
the software. However, models created using these tech-
niques are loosely coupled to the actual system develop-
ment cycle. The concept of MIC [12] can be used to form
a tightly coupled environment. The software is modeled
along with the environment and integration constraints. In
MIC, the key element to facilitate the design process is the
model. Details about MIC-based development process can
be found in [10].

The Generic Modeling Environment (GME) is a config-
urable graphical tool suite supporting MIC [7]. GME al-
lows the designer to create domain- specific models. A
metamodel (modeling paradigm) is a formal description of
model construction semantics. Once the metamodel is spec-
ified by the user, it can be used to configure GME itself to
present a modeling environment specific to the problem do-
main. Figure 1 shows the vision of our proposed framework
for integrated asset management. The framework, which is
based on MIC, will be used to facilitate activities in the in-
tegrated asset management, such as data integration, simu-
lation application development, etc.

We have applied MIC to one of our projects, MILAN,
the Model-based Integrated simuLAtioN framework. MI-
LAN is a model based integrated simulation environment
for embedded system design and optimization through the
integration of various simulators and tools into a unified
environment [9]. Using the MILAN environment, the de-
signer formally models the target application, underlying
hardware, and constraints (latency, throughput, energy dis-
sipation, etc.) through a graphical interface provided by MI-
LAN. The models are stored in a model database. Every
target system is specified as a model. Model interpreters
are the software components that translate the information
captured in the models based on the input format required
by the integrated tools and simulators. Tools currently inte-
grated into the MILAN framework include functional sim-
ulators, such as Matlab, SystemC and ActiveHDL, and a
high-level performance estimator, HiPerE.

MIC is currently being applied to CiSoft, which is a cen-
ter being jointly developed by University of Southern Cal-
ifornia and ChevronTexaco Corporation for research and
training on interactive smart oilfield technologies [3]. Sev-
eral research areas and their interactions are being explored
at CiSoft. These include integrated asset management,
well productivity improvement, robotics and artificial intel-
ligence, sensors, databases, among others. Integrated Asset
Management deals with effective and efficient interaction



Figure 1. MIC-based framework for Integrated Asset Management.

among various assets improve the field management and
thus production yields.

3 Model Integrated Computing

3.1 Why MIC

Models provide a more effective way to develop large,
reliable, real-time software systems because they help man-
age complexity through abstractions and formal descrip-
tions of the physical systems. Model-based software syn-
thesis is a part of the larger discipline of knowledge-based
software engineering. It integrates artificial intelligence and
software engineering by supporting specification methods,
software synthesis, and analysis with application-specific
knowledge formalized into models.

MIC is a system software development approach that
promotes the use of domain-specific models to represent
relevant aspects of a system. The use of domain-specific
models have many benefits. For example, they help users
specify systems using domain concepts. Domain specific
modeling also allows users to specify systems at a higher
level of abstraction. One of the most important characteris-
tics of MIC is that it allows us to dynamically resynthesize a
running system without changing anything but the relevant
components. MIC works well when software requirements
and specifications are constantly changing.

4 Modeling Methodology

Modeling has been used to capture the system design,
synthesize executable systems and perform analysis or drive
simulation. Our models have been designed to capture the
various simulation scenarios possible in the petroleum in-
dustry. A simulation scenario can be defined as the inter-
action in terms of event flows and relative ordering of such
flows. To model such a scenario, we need to capture bothe
the building components and the interaction between them.
The building components include simulaters, optimization
tools, databses, etc. Since our target applications are based
on existing software, we are not concerned with model-
ing the internal structures or implementation of the building
software components. Instead we only capture theri inter-
faces each of which can be characterized with a set of input
signals and a set of output signals.

We have used a hierarchical approach to model the vari-
ous components, which provide the required abstraction for
the interfaces of the basic building components. The hi-
erarchical model, provides the user with different levels of
abstraction, levels of integration and levels of visualization.
The topmost level provides a high level of abstraction and
the models get more detailed as one goes to the lower lev-
els. At the lowest level of integration the components are
tightly couples and provde explicit data exchange, whereas
at the highest level the integration is limited to higher level
components. Figure 2(a)shows the top level components in
an application. The components can be classified into phys-
ical(well, block, process, pipe, network, seperator, etc.) and



non-physical(control strategies, drilling schedule, reliability
models, constraints, assumptions, etc.) entities.

Few of these entities are as described in the following
sub-sections:

4.1 Physical component models

• Block With information in the geological model and
reservoir simulator, a reservoir can be divided into sev-
eral reservoir volume elements called the blocks. In
our metamodel, each block is defined with the follow-
ing parameters: Original Oil In Place (OOIP), pri-
mary decline curve, secondary decline curve, voidage
target or recovery target, among others.

• Well Wells are the source of precise information that
we can obtain about the block in which the well ex-
ists. Our well model consists of various parameters
and models to describe the physical structure and re-
lationship with other operational components. Impor-
tant parameters of a well include on stream date, stim-
ulation, and well capacity. With on stream date, we
can derive how long a well has been active. Through
stimulation and well capacity parameters, a specific
well design scheme can be applied. The well informa-
tion model provides the information about where the
well is physicall located, which type of well (e.g., pro-
ducer, water injection well, or gas injection well) it is,
etc. Non-physical models, such as reliability model,
assumption model, and real time data model, capture
operational characteristics of a well.

• Pipe network A pipe network collects all fluid from
all the wells at different locations and transfers it to
the separators. Our pipe network model consists of
three types of models: physical, data-related, and op-
erational. Joint, pipe, and choke models describe
how a pipe network is physically designed and con-
structed. Data-related models include network real-
time data, material balance, output stream and input
stream. Pressure and temperature distribution are two
key parameters in the data-related models.

• Separator A separator is used to separate oil from gas
and water. Generally, there are three stages for sep-
aration. Our separator model is used to represent the
operations and components of a separator.

• Process After separation, the following processing ac-
tions are performed: product treatment, compressing
gas to high pressure and sending it to market, chemi-
cal process, and fluid measurement.

4.2 Non-physical component models

• Assumption model To simulate an asset, there are
some assumptions involved. When we get new infor-
mation from other sources, some assumptions may no
longer be valid. Also, a model updating can create new
results that directly affects other assets.

• Drilling schedule Drilling schedule model is a com-
plement of the on stream date parameter in describing
when a well will be active. Specifically, we define a
drilling schedule with the following parameters: mea-
sure depth, order priority, rig allocation, start date,
and days to drill.

• Real time data Real-time data model consists of three
aspects: real-time production data, real-time access by
an asset, and real-time action.

• Control strategy The control stragtegy model pro-
vides the heuristic operating rules and the optimization
control for the system.

• Reliability Reliability models are used capture the re-
liability and availability of each asset and its building
components.

4.3 Modeling component interaction

Once the components have been modeled, the next step
is to model the interactions between different components.
Modeling the interactions between the building components
is not straightforward. Dataflow has been widely used in
modeling many application behaviors, especially for sig-
nal processing applications [9]. Dataflow graphs can suc-
cessfully represent unconditionally executed sequences of
computation, and they can also represent iteration suc-
cessfully in situations where the number of executions is
known and independent of the data. However, two limita-
tions of dataflow graphs make them unsuitable for model-
ing the interactions in a petroleum applications. Dataflow
graphs can not represent (1) conditional execution or (2)
data-dependent iteration. To overcome the limitations,
many techniques are proposed to increase the expressive
power of dataflow graphs. For example, a hybrid control
flow/dataflow model can model a sequential mode of com-
putation while allowing some freedom for re-ordering com-
putation. The graphical programming language in [11] pro-
vides a similar capability. However, there are also disad-
vantages of the hybrid model [2]. In this paper, we pro-
pose to use finite state machine (FSM) to model the inter-
actions. FSM is one of the commonly used techniques to
specify the behavior of a system. In an FSM diagram, states
are represented by labeled nodes and transitions by directed



(a) Modeling Paradigm to display hierarchical approach

(b) Relationship between components modeled with connections

Figure 2. Hierarchical Approach for designing modeling paradigms

edges. The labels on the edges indicate the events that trig-
ger the transition, the actions generated by output, and po-
tentially the actions performed on local variables. Our study
on simulation scenarios in petroleum applications showes
that FSM can model most of the scenarios. Furthermore,
FSMs allow much more compact representation of system
behavior than the control flow/dataflow hybrid models.

Our application models can formally describe scenarios
represented by sequence diagrams as collections of compo-
nents, which represent functional units in the scenario, and
connectors, which represent the means of information ex-
change among the components. Figure 3 shows the meta-
model using UML class diagram notation. Component is
an abstract base class to capture common characteristics of
the classes: Primitive, and Compound. Primitives and com-
pounds can be used to model various software components.

Primitives are the leaf nodes in the hierarchy. To model
the interface of a software component, each primitive is as-
sociated with several attributes specifying program infor-
mation of the component. The attributes include program
name, program parameters, etc. Primitives can contain In-
putSignal and OutputSignal, but not component. On the
other hand, compounds are the composite objects and can
contain components, i.e. primitives and compounds, creat-
ing a hierarchy of any depth. Signal is an abastract class to
capture the input and output interfaces of components. They

can be connected to form the data flow among the compo-
nents.

As shown in the metamodel (see Figure 3(b)), the behav-
ior of a connector can be modeled as a finite state machine.
Its implementation can also be specified with the Program-
Name attribute. A connector consists of a set of roles spec-
ifying the interface of this connector. The semantic rela-
tionship between a connector’s behavior specification and
the role specifications is that the connector behavior spec-
ifies the coordination of the roles. Note the use of proxies
for Primitive, State, and Role that refer to existing classes
defined in different metamodel sheets. This is the preferred
way of doing metamodel composition in GME. The origi-
nal metamodels are unchanged and a new metamodel sheet
is created where concepts from the original metamodels are
referred to by class proxies. New concepts and connections
can be introduced to the new metamodel sheet. The use of
proxies is important in metamodeling for a large system.
Separation of concerns can be achieved by having differ-
ent people working on different metamodel sheets and using
proxies to combine their work.

Application models constitute the highest level of ab-
straction. They capture application requirements with spe-
cific global functions. The behavoiral interactions of those
functions can be specified using a set of scenarios that de-
fine the desired interaction relationships between compo-



(a) Components

(b) Connectors

Figure 3. Metamodel for modeling applications

nents. Connectors are used to coordinate the participating
components in an application. They specify the applica-
tion specific glue that composes the component behaviors to
achieve global functions. The components and connectors
have signals and roles respectively. The binding between
the signals and the roles is specified by model users.

4.4 Data type models

Data plays a key role in today’s petroleum industry. Ex-
ploration and production geoscientists rely heavily on var-
ious data, such as maps, logs, seismic sections, well test
reports, etc. Many issues related to data exist in petroleum
industry. In a simulation application, data used by different
software components may take different data format. Thus

feeding data from the output of one software to the input
of another is not feasible. Furthermore, even the same data
stored in a database could be interpreted differently by vari-
ous software. In this paper, we are concerned with modeling
the data flowing among various software components. The
data type models described in this section represent a lower
level of abstraction than the application models. They are
attached to the application models, more accurately describ-
ing the data to/from each component in an application.

Data type models are used to capture the inputs and out-
puts of each processing component in an application model.
Each signal of a component is associated with a data type.
This can be a simple built-in type such as a double, float,
integer or character or an array of any one of these, or a
user-defined aggregate type. Aggregate types are explicitly



(a) Metamodel for modeling data type

(b) Composing data typing with application modeling language

Figure 4. Modeling data types

modeled by combining single (and arrays of) built-in types.
This signal typing is easily specified within each compo-
nent instance. The aggregate signal types include elements
to allow for breaking signal into constituent parts or com-
bining simple types into complex types. Merging several
simple streams into a larger structure helps reduce higher
level interconnection visual complexity if a logical group-
ing can be developed. The data type metamodel is shown
by Figure 4(a).

The relations of the data types are also modeled. For ex-
ample, if a given type needs to be converted to another type
with a conversion function, a model capturing the conver-
sion function has to be used between the two types.

The application models and the data type models are
composed together according to the metamodel in Fig-
ure 4(b). The TypeConnection connection between compo-
nent signals and the TypeRefBase class is introduced. Type-
RefBase represents a reference to data type models. Type-

Connection assigns the referred type to the given port.

5 Conclusion

This paper has shown how a unified environment is cre-
ated for developing a class of petroleum applications, which
consist of various software components. The modeling par-
adigms reflect our current understanding of petroleum engi-
neering domain. By adding data type models to application
models, two-level abstraction has been achieved. To im-
prove the modeling paradigms with more levels and more
capabilities, we will have more interactions with domain
experts. To facilitate the development of complex applica-
tions in petroleum industry, other modeling paradigms than
what we have defined will be explored.
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