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Abstract: Model integration is one of the most important avidely researched areas in the model man-
agement of Decision Support Systems (DSS). In nudisaster management applications, independest DS
models handle specific decision-making needs beretlare many advantages in combining these models.
Therefore, there is a need for the selection amegiation of such models. Previously, we preserted
framework of modular decision support systems fsaster management. This paper extends our work to-
wards the integration of modular subroutines whiekie evolved from the modular decomposition of DSS
models. Model integration refers to the integratidulifferent models into a single logical compesitodel.

To achieve this, different approaches have beed ims¢he past such as object-oriented, relatiogra@ph-
based, knowledge base and structured modeling. a@mmoach to the design and implementation of a dy-
namic integrated model for disaster managemenased on four steps: (1) intelligent selection téapin,

(2) representation of the integrated model (3) tavazof a domain base and (4) simulation of thegnated
model. To further support our technique, a protethps been implemented. We have demonstrated ¢he us
fulness of our approach by taking a hypotheticaaslier scenario. The proposed technique to oltaiimtex
grated model has been explored as a solution tcesthe complexity and inefficiency of dealing withul-

tiple DSS models for disaster management.

Keywords Model Integration, DSS, Disaster Management, Irttgt Model, Modularization.

ties namely, prevention, mitigation, preparedness,
response, recovery and rehabilitation. It may reder
1 INTRODUCTION the management of both the risks and consequences
of disasters” [DPLG-1, 1998].
Model management is one of the most important
areas and is widely recognized as a key compondnt order to produce effective decision making in
of decision support systems. One of the primarglisaster management that can also easily maintain
tasks of model management is to perform modeldaptiveness, special consideration is given to the
integration which consists of combining existingmodular approach for the development of decision
DSS models and components. It involves tasks sushipport systems for disaster management. In our
as connecting models, formulating composite modprevious work, modularity has already been sug-
els from existing models, collection of models an@ested as one of the possible solutions to the-prob
model reuse and analysis. Model integration, ovdéms in the development of decision support systems
the past two decades, has emerged as one of fAedisaster management [Asghar et al, 2005b]. The
most widely researched topics in the field of modefiesign of this system has clearly shown the most
management [Geoffrion, 1989], [Dolk and Kotter-Promise and brings to bear a variety of technioal a
mann, 1993], [Basu and Blanning, 1994], [Gag|iard§heoretjgal aspects such as modularity a_n_d model
and Spera, 1995], [Tsai, 1998], [Shiba et al, 1999]eusab|hty approaches to model decomposition.
[Chari, 2002]. In this paper, we propose a techamiqu
to achieve a dynamic integrated model from prevPifferent DSS systems have been developed for

ously developed modular subroutines for disastiarious categories of disasters they are based on
management. specific models and decision support needs. Due to

the different decision support needs that arise in

“Disaster management is a collective term enconﬁj-,isaSter managgment, one single model is not suffi-
passing all aspects of planning for and respontting cient to cope with them. As there are many advan-

disasters, including both pre and post-disastéviact [29€S and efficiencies to be gained by using ‘com-
bined’ models, there is a need for an integrated
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model for dynamic disastrous situations. The intemodel with a hypothetical disaster scenario and
grated model can be achieved by making use &ection 6 outlines the conclusions and future work.
modular subroutines developed for disaster man-

agement.
2 OVERVIEW OF PAST AND

According to Schneid, disaster management is a ONGOING WORK
challenging area with dynamic needs and an adap-

tive nature [Schneid, 2001]. For _example, each d_'fiuring the last decade, decision support needs for
aster category such as flood, fire or any terrorigfigaster management have been studied and various
attack has dynamic decision support r_1eeds. The P proaches suggested. The studies have produced
posed integrated model based on different subropeision support systems that satisfy the require-
tines is an attempt to support this applicatiorarénents of decision making in the disaster manage-
anql to provide appropriate soIL_Jtlon to the _cur;entlment area. The approach adopted by the research
facing problem, such as dynamically changing needg,q development community has been developed
and dynamic disaster scenarios, in the developmegécision support systems to support the appropriate
of decision support system for disaster managemerdecision making based on the specific and particula
needs of the disaster management domain. These
The objective of this paper is to present a frantewo systems are capable of providing the great majority
for an integrated DSS model which integrates differof decision making based on specific requirements.
ent DSS modular subroutines and suggests a dy-
namic integrated model for a new situation in th@ne of the limitations however is that they carimet
disaster management domain. In the devised frameadily modified to adapt to the dynamic needs of
work, we investigate model integration techniquedisaster management area. Secondly, particular at-
based on four steps: (1) intelligent selection techention has not been paid on commonality of deci-
nigue, (2) representation of the integrated mo#8gl (sion support needs in the area.
creation of a domain base and (4) simulation of the
integrated model. It makes the following importanfAnother significant fact is that the environmens ha
contributions: not been considered as an essential and common
factor with the ability to change the severity of a
1. the design and development of an intelligendisaster. This may be due to the fact that the-envi
technique to select subroutines from a knowlronment is considered as only one of the disaster
edge base for a disaster scenario. We have alg@tegories. The environment was provided with an-
presented a flowchart and a psuedocode for tiggher definition and dimension within the contekt o
proposed technique disaster management in our earlier work [Asghar et
2. the selected group of subroutines for a partici@l, 2005a].
lar disaster scenario produce the dynamic inte-
grated model Due to t_he_ diversi_ty in the disaster management do-
3. a basic representation of the integrated mod&hain, it is impractical to formulate decision sugpo
using the concepts of the Entity RelationshifgyStém models for each disaster category (or variou
(ER) with a dynamic relationships that exisiSSUes within a disaster). The practical altermais/

between the subroutines and the subsequetf’?t develop a decision support model which can be
development of the domain base easily tailored for different disasters.

4. the domain base is used to perform the simula-

tions in order to predict the impacts of a disasn DSS, the user may have different decision suppor
ter scenario needs and requirements which motivate the creation

of a new model. Therefore, a DSS model is created

The structure of the paper is as follows: Section 3S & result of different decision support needscesi
provides an overview of our previous (modular de®n€ @pplication can have several needs, —users may

composition of DSS models) and current work (dy[equire multiple models in order to fulfill decisio

namic integrated model); Section 3 is a survey ofUPPOrt needs and requirements. On the basis of
related work in two directions: firstly, DSS models"€€ds (such as disaster dependency and environ-

developed for disaster management is discussed dRgntal) we have designed a modular framework
secondly, a summary of model integration tech‘i_"h'Ch produces dlfferen_t organ_lzatlons of subrou-

niques used in the past; Section 4 presents the piies and propose the integration of such subrou-
posed framework for a integrated model and elabdnes: which evolved from modular decomposition,

rates the main components of the integration moddP formulate a dynamic integrated model based on
Section 5 illustrates the application of the intgd changing decision support needs.
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Figure 1: Modular Framework for Disaster Manageniz®s

Modularity is an approach to break a problem intthe evacuation planning system [Pidd et al, 1996]
smaller parts or modules such that the modules whean decomposed into modular subroutines, the deci-
put together, can perform as a system. It is plessibsion support need in flood management “timely dis-
that a module may be used as a part of another sottibution of flood emergency information” can be
tion to a problem. The major advantage of using flfilled by execution few of the subroutine of
modular approach in DSS development is that mo@vacuation DSS system instead of developing the
ules can be reused in order to put together ardiffe complete DSS model from scratch.
DSS model for new requirements. This can be con-
sidered a preliminary step before performing moddtigure 1, shows that existing DSS models are de-
integration and composition. composed into modular subroutines, and a new inte-
grated model can be developed by using these
The modular approach greatly facilitates the irdegr modular subroutines. We emphasize that the existing
tion of existing models. For example, some DS®SS models are decomposed into subroutines such
models have been developed and are currently uséhdt each subroutine is functionally independent.
for flood risk assessment and management such Eisally, these subroutines are grouped to devetop a
RAMFLOOD [Onate and Piazzese, 2004]. If weintegrated model.
decompose them into smaller modules using our
proposed technique, some of these flood managéhe decomposition is carried out on the basis of
ment subroutines can be used to establish wild-fidisaster needs at two levels (see Figure 3):
management DSS models. The modularization is a
promising technique for modeling complex decision 1. on the basis of disaster independent and

support systems. It helps to reduce the complefity dependent needs
the DSS by decomposing the models into smaller 2. environment independent and dependent
sub-routines. There can be certain situations in needs.

which user needs can be fulfilled by executing one
or more subroutines. Therefore, when a new situa-
tion comes along, subroutines can be reused to pro-
vide the solution for a new problem. For example,
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Figure 2: Overview of Previous and Current Work
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Figure 3: Basis of Decomposition

The advantage of such modularization is that dif-
ferent modules which describe the same function-
ality can be reused easily to develop an integrated
model for a new dynamic disaster situation. This

facilitates the development of a new integrated 3 1

model from existing modular subroutines and
improves the reusability.

Figure 2 illustrates an overview of our previous
work with a modular approach and our current
work in integrating modular subroutines which
evolve from this modular decomposition. The
focus of our current work is to provide a tech-
nigue to integrate these modular subroutines to
form an integrated model based on a new disaster
scenario.

I. J. of SIMULATION Vol. 6 No 10 and 11 98

3 RELATED WORK

In this section, we describe the related work with
an introduction to the decision support systems
developed for disaster management, and to the
work carried out in the field of model integration.
This section not only summarizes related past
work but also provides a summary of various DSS
developed for disaster management and useful
model integration techniques used in the past. We
also compare these models and techniques with
the proposed work.

Decision Support Systems for
Disaster Management

Disasters such as earthquake, flood, fire, and tsu-
nami result in catastrophic human suffering, loss

of property and other negative consequences.
Large numbers of people and property are af-

fected by these disasters every year. In the last
two decades, additional man-made disasters have
emerged on top of existing ones mainly due to

globalization, inter-connected networks and the

vast development in technology.
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Table 1: Summary of Main DSS Developed for DisaManagement

DSS Developed for DM Description Based on DSS Needs
A simulation model for emergency The development of a prototype spatjaEvacuation planning in response
evacuation [Pidd et al, 1996]. DSS for use by emergency planners |iphase of disaster management.

developing contingency plans for evacua-
tions from disaster areas.

Computer-aided DSS for hillside safetyDescribing the development of DSS fprMonitoring.
monitoring [Cheng and HoKo, 2002]. | safety monitoring of hillsides.
Towards intelligent decision supportThe objective was to develop and verifySuggesting a plan for every ne|
systems for emergency managers: thagent based system for knowledge marsignificant event in the emergeng
IDA Approach [Gadomski et al, 2001].| agement and planning in emergency doscenario.

main.

< =

Web based decision support tool [inProvides a web based decision support to@lamage assessment and identifica-
order to response to strong earth-quakeé$Vavelet” for expected damage and losgion of effective response measures

[Yong and Chen, 2001]. assessment, also identification of effective
response measures to strong earthquakes.

The Muse system [Arcand, 1995]. Provides envirortaleremergency re{ To determine and put into action
sponse team with a DSS that would allpwestoration methods in the event off a
them to improve their efficiency. hydrocarbon spills.

Earth observation and case-based sy#-treats two case studies of Earth Obseryd-lood risk management.
tems for flood risk management [Henfytion data integration into geo-informatign
et al, 2002] system as an aid in risk management.
Design and evaluation of multi agentDescribe the development of a multi-agenSearching and rescue of victims
systems for rescue operations [Faringllsystem based on RoboCup Rescue simpliarge-scale disasters.

et al, 2003]. tor to allow monitoring and decision sup-
port that is needed in rescue operations.
A study of forest fire danger prediction Developed a system to predict forest flrd~orecasting forest fire.
system in Japan [Kohyu et al, 2004]. | danger.
Decision support system of flood disasDeveloped a DSS of flood disaster fprProperty insurance needs in disaster
ter for property insurance.[Wang et al,property insurance. recovery and rehabilitation phase.
2004].
Federal Emergency Management InforDeveloping a single architecture to supppr€omplete DSS needs in resporse
mation System (FEMIS) [Hwang andall phases of emergency response of disaphase of hazards.
Wofsy, 1995]. ter and enhance existing capabilities from

FEMA's toolbox.
BEHAVE: fire behaviour prediction and System developed for the prediction of fireFire prediction.
fuel modeling system [Andrew and behaviour and fuel modeling.
Chase, 1989].
Some fire behaviour-modeling conceptescribe fire behaviour modeling con-Fire management needs.
for fire management systemscepts.
[Rothermal, 1994].
Providing decision support for evacua-ldentifies and analyze the challenge issudSvacuation planning.

=}

tion planning: a challenge in integratingfaced in linking two technologies: simula-
technologies [Silva, 2001]. tion modeling and GIS, to design evacya-
tion planning.
Decision support system in oil spill Proposed a DSS to assist managersf @SS needs in marine coastal enyi-
cases [Pourvakhshouri and Mansorchoose most suitable method for combjnronments.
2003} ing oil spills, according to costal area
sensitivity.
An integrated emergency managemenbeveloped a DSS for hurricane emergenEvacuation planning, modeling an
decision support system for hurricanecies to support decision making in evacyaestimation of evacuation time fqr
emergencies [Tufekci, 1995]. tion planning and modeling. hurricane emergencies.

o
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These man-made disasters include cyber-
terrorism, product tampering, biological threats
and ecological terrorism. The recent threats of
these disasters have reaffirmed the urgency and
importance of loss assessment and the need for
decision support tools. In order to fulfill these
needs and requirements different decision support
systems have been studied and developed. Some
of the major activities along with some decision-
making needs (shown inside brackets) in disaster
management are as follows:

Hazard assessment (vulnerability analysis,
frequency of hazard occurrences)

Risk management (analysis of disaster risks,
evaluating risks and treating risks)

Mitigation (developing mitigation plan,
analysis of measures)

Preparedness (planning and resource man-
agement)

Response (emergency response plans, analy-
sis and evaluation)

Recovery (assessments, re-settlement issues)

Table 1 illustrates that, over the past two decades

a large number of decision support systems have
been produced by various developers on the basis
of specific needs in the field of disaster manage-

ment. In order to develop a new system for a dif-

ferent disaster category (or issues within a disas-
ter), the existing systems cannot be reused. With
the use of our previously proposed modular tech-

nigue, these models can be broken-down into

smaller modular subroutines and can be inte-

grated by using our proposed approach to support
the dynamic needs of decision making in disaster
management.

The existing DSS models provide the foundation
of our work. As stated in Table 1, we use them as
the source of modular subroutines and to apply
proposed integration technique for recombining.

3.2 Existing Model Integration Tech-
niques

As stated earlier, model integration is one of the
most important and widely researched areas in the
model management of decision support systems.
Model integration is a way of creating decision

models from existing ones and is a reusable ap-
proach for creating models [Geoffrion, 1989].

The integration of dynamic models in DSS is an
important research topic according to modern
modeling paradigms. Based on extended struc-
tured modeling Tian and Ma [Tian et al, 1998]

I. J. of SIMULATION Vol. 6 No 10 and 11 10C

suggested the integration of dynamic models.

Lee [Lee and Huh, 2003] presented a model-
solver integration framework that enables a deci-
sion support system to autonomously suggest the
compatible solver and to apply it to the model,
even though the users are not sufficiently knowl-
edgeable about all the details of the models and
the solvers. They also designed a model solver
agent to infer the compatibility of a solving ser-
vice with a certain model and to understand their
parameter matching patterns.

Banerjee and Basu [Banerjee and Basu, 1993]
presented a framework to support the model se-
lection process based on a broad set of criteria.
They designed a methodology to systematically
guide the users to progressively obtain the re-
quired information and to make intelligent trade-

offs for selecting model types.

Dolk and Kottermann [Dolk and Kottermann,
1993] have surveyed the main aspects of model
integration, particularly the schema and process
integration. They also highlighted the limitations
of using the relational database theory as a para-
digm for model management theory and have
expanded its functionality.

Piramuthu and Raman [Piramuthu et al, 1993]
introduced a model management framework with
learning capabilities using inductive learning

methodology for DSS. This framework learns

from past experiences in the domain of interest. It
acquires the knowledge by itself and refines it
through feedback from a critic module using pre-
performance criteria.

Chang and Holsapple [Chang et al, 1993] dis-
cussed models and their contexts and also offered
a survey of representative research impinging on
various aspects of model management. They con-
cluded with a new direction for model manage-
ment research, which involves a hyper-knowledge
paradigm.

Basu and Blanning [Basu and Blanning, 1994]

used meta-graph approach for model integration.
They showed that useful insights into the in-

put/output relationship between modules can be
gained through their meta-graph representation
and structured procedures for the identification of

candidate integrated models for specific user
problem instances can be constructed. The meta-
graph analysis was used to achieve the model
integration process.
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Table 2: Summary of Existing Model Integration Teiclues

Authors

Integration/Composition Approaches Used

Sumary

Basu and Blanning 1994 [BaguMeta-graph
and Blanning, 1994]

Implementation issues not addressee |nt
gration based on specific user problems

Blanning 1986 [Blanning| Relation (ER Approach) Theoretical concept, onlgvide a model
1986] representation in ER framework

Jeusfeld 1997 [Jeusfeld andScript-Based No implementation details and scripts
Bui, 1997] required to model every different situatiof

Dolk and Kottermann 1993
[Dolk and Kottermann, 1993]

Suggested MML to support integration

Survey maipeats of model integration,
identified limitation of relation theory td
build theory of models.

Tian 1998 [Tian et al, 1998] Extended Structure Blod)

Integration of dynamic models based pn
extended structured modeling paradigm| is
shown using examples and formal nota-
tions without implementation details

Geoffrion 1987

1987]

[Geoffrion,| Structured Modeling

Model representation framewamkl using
genus graphs for model integration

Tsai 1998 [Tsai, 1998] SML

Defined schema operations for model

integration

Gagliardi and Spera 199p Structured Modeling
[Gagliardi and Spera, 1995]

Defined automated procedurdschvcan
be used to replace genera, modify defin
tional dependencies among models

Muhanna and Pick 1994 Graphical
[Muhanna and Pick, 1994]

Implementation does not support model
automation.

Holocher 1997 [Holocher et a|, Knowledge-Based
1997]

Approach only caters structuredatsod

Chari 2002 [Chari, 2002] Knowledge-Based

Impleradntthe approach and handle
integrated partial solutions.

Muhanna 1993

1993]

[Muhanng, Object-Oriented

Proposed conceptual framework

There has been significant work done in the field
of model integration and composition (summa-
rized as in Table 2). Our work is contrasted to the
existing standard model integration techniques.
The existing techniques are conceptual and have
been implemented within different domains. Our
work towards model integration is domain and
disaster situation dependent. It demonstrates that
the proposed integration technique can only be
applied to integrate modular subroutines in disas-
ter management. The benefits of the proposed
integration technique are gained when applied to
disaster management applications where dynamic
decision making is required.

3.3 Significance of Our Work

The following describe our research contributions
and highlight the difference from the previous
work in this area.

1. Decomposition of existing DSS models
based on disaster dependency and envi-
ronmental dependency needs is extended

I. J. of SIMULATION Vol. 6 No 10 and 11 101

to design a framework for an integrated
model by grouping subroutines evolved
from it on the basis of a dynamic disaster
scenario.

2. Model integration technique is based on
the concepts of intelligent selection of the
subroutines from the knowledge base,
formal representation of the integrated
model, and model schemas creation which
is used to perform simulations for further
predictions.

4 A FRAMEWORK FOR
DYNAMIC INTEGRATED
MODEL

There are different decision support systems
models developed to help decision makers to
make an informed decision. These DSS models
focus on different domains and applications. The
decision support needs for the disaster manage-
ment domain require focusing on many different
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Figure 4: Proposed Framework of Integrated ModeDisaster Management Decision Support Systems

aspects, as highlighted in the previous section,
and therefore is a good candidate for an applica-
tion area requiring model integration. As men-
tioned earlier, in disaster management the deci-
sion making needs change dynamically and there-
fore the need for the use of model integration
arises.

We have stipulated a framework (depicted in Fig-
ure 4), which dynamically selects the different
DSS modular subroutines based on a disaster sce-
nario and suggests a collection of subroutines.
Such dynamically selected subroutines can be
executed in a specialized sequence and consid-
ered as an integrated model. The main compo-
nents of the proposed framework are as follows:

Subroutine Knowledge Base

Intelligent Selection Technique
Integrated Model

ER Representation of Integrated Model
Domain Base

Simulation

Each of the major components of the framework

I. J. of SIMULATION Vol. 6 No 10 and 11 10z

is briefly described below.

4.1 Subroutine Knowledge Base

In the disaster management domain there are not
only different types of disasters such as floods,
earthquakes, fire, collisions, crashes, blasts and
tsunami, but also different issues and activities
related within a disaster, which might have differ-
ent decision support needs and requirements. It is
evident from the literature that those traditional
decision support systems were developed for a
particular disaster category and based on a spe-
cific model (see Table 1). A single DSS model,
which encapsulates different disaster issues, could
be more efficient and effective.

In the disaster management domain, where real
world problems are complex, manual and tradi-

tional software solutions have been shown to be
inadequate to satisfy the dynamic needs and re-
quirements of the domain, while a modular ap-

proach has made a significant contribution

[Asghar et al, 2005b].
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Figure 5: A Flowchart of the Intelligent Technique
Once the modular decomposition is achieved, the 1. Drought forecasting algorithndisaster
task is to develop a knowledge base which is dependengy
grouped into three categories of subroutines: (1) Ci' (k) = WT(x(I : k)h)
environmental (2) disaster dependency and (3) CT(k+1t)=WT (x(I : k + H)h)
common needs subroutines. The labelling and CT(k+1t)=f(C' (k) G (k-1)A)
grouping of the subroutines are performed at the C' (m) = WT(x(I : m), h)
time of insertion into the knowledge base. The M i(m+1)=fC' M), G m-1, A
following are examples of three different catego- x(k) = 9C"(k), G'(k), A)
ries of subroutines stored in the knowledge base @xm+t)=d 1 (M+1t), ,(Mm+tl)A)
[Westphal et al, 2003], [Lu et al, 2000], [Kim and 2. Soil moisture storagesfivironmentdl
Valdes, 2003]: S=Y.exp (-P E/ b)
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3. The cost model of SRCCP evacuation
planning algorithm@ommon Neéd
Costrecp= Cgp + Css + C = O(ns *
nlogn) + O(njogny) + O(n * ny)

4.2 Intelligent Selection Technique

The intelligent selection technique facilitates the
selection of subroutines from the knowledge base
on the basis of user specified decision support
needs which arise from a new disaster scenario. It
interacts dynamically with the knowledge base
and performs the selection according to the de-
sired situation. The component also restricts the
overlapping of subroutines because one particular
subroutine can be part of more than one group. A
flowchart is presented in Figure 5 that summa-
rizes the flow of the program for the intelligent
technique. This flowchart describes the technique
at a level of abstraction between the problem
statement and the actual programming of the
technique.

The final output of the flowchart is based on the
decision made after considering the conditions of
each individual processing module of the traverse
tree. For example, if the input is based on catego-
ries and sub-categories, the selection is done and
then this combination uses the tree traversing,
which leads to the selected subroutines. Thus the
output selected in this situation could be ap-
pended in the integrated model. The system
would output different groups of subroutines,
depending on different combinations of the cate-
gories selected as the input based on the condi-
tions in a scenario. A psuedocode (as shown in
Figure 6) is also presented to further support the
intelligent technique.

4.3 Integrated Model

As mentioned earlier, model integration can be
described as a way of developing decision models
from existing models instead of starting from

scratch. In the integrated model approach we do
not intend to propose a composite model, which
is developed by merging or combining two or

more models, which is to be applied to a new
situation.

The problem with this approach is that a compos-
ite model may perform best in one case but may
not be sufficient in another. Therefore, the need
for an integrated model arises which can be de-
veloped dynamically based on a particular given

I. J. of SIMULATION Vol. 6 No 10 and 11
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scenario.

To address the problem, we propose a dynamic
integrated model which is based on a group of
subroutines selected by the intelligent technique.
Dynamic means the model is achieved according
to a given disaster situation.

In this case our goal is to offer a selected grafup
subroutines (evolved from modular decomposi-
tion) that can be easily extended and flexibleafor
new disaster scenario. Such a group, based on a
specific disaster scenario, can be considered as a
dynamic integrated model for disaster manage-
ment decision support systems.

We emphasize that the subroutines included in the
integrated model belong to at least one of the
three categories that we have explained in the
knowledge base.

Psuedocode for Intelligent Technique
Class refLL {

refLL next

/

Class treeNode{
Object nodeData
refLL nodeRef

/
userInput = new Arra[]
Get the reference of the root node;
For (search input array) {
userInputfi] = input selected from the user
/
Create a dynamic multidimensional array to store the node
references
Do {
Copy rootNode->next in the multidimensional array
appendIntegratedModel();
Store root node reference
If (userInputfi] matches refNode->data {
Pop ()
}
If (userinputfi] matches category) {
Store category node reference
Store all of its sub-categories
Move to the next node,
}
If (userInputfi] matches sub-category) {
Store sub-category node reference
Store all of its subroutine tags
Move to the next node,
}
Else {
Get the subRountine from the referenced node
appendlIntegratedModel ();
Check the NULL pointer occurrences
}
} while (referencedNode->next = NULL)

Figure 6: A Psuedocode for Intelligent Technique
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- : ER-Representation of
SM(Geoffrion) || DAMS(Ramirez) || MDL (Shiba) Relational Modelling | [ 1| ated Model with
(Blanning) Languages Dynamic Relationships

Our Approach

Figure 7: Our Approach towards Integrated Modeliesentation

order to overcome the problem of stan-
dardization, we emphasize model represen-
tation and their subsequent storage in rela-
tional schemas for the purpose of stan-
dardization. We standardize the models in
terms of their representation.
[ll. Itis evident from the literature that a formal

technique is always required to represent a
model.

4.4 ER Representation of the Inte-
grated Model

In this section, we consider how the dynamic inte-
grated model is represented using relational con-
cepts. However, it is important to provide the chee
for and justification of the formal representatioh

the dynamic integrated model. There are three rea-

sons: S .
Model representation is one of the most important

. . components because it provides the foundation for
I. The subroutines stored in the knowledge . ; .
our work towards model simulation. Representing a
base are not related to each other. After the . :
. : model for a semi-structured or complex problem is
selection of subroutines from the knowl-

edge base, on the basis of a disaster s not simple because it is related to the probleitinef

ce- T .
. . : . . identification of complex real world objects.
nario, a dynamic relationship exists be-

tween different subroutines. In order to .
) , . here are many different approaches to model rep-
capture this relationship, we need a forma : )
. . resentation. For example, the structured modeling
representation technique. Therefore, we : . . ;
. approach uses a hierarchically-organized, parti-
have represented the integrated model . .
. ioned and attributed acyclic graph to represent a
ER diagrams. : ; e
I A verv larae number of disaster relatedmodel [Geoffrion, 1987]. This approach is widely
' y larg used in different applications. Modeling definition

DSS models have been developed and "BAMS is based on structured modeling and utilizes

ported in the past covering disasters such ) .
flood, wildfire, droughts and earthquake. Ina[lﬁe same basic concepts [Ramirez et al, 1993].

addition, sevgral models of one SpeCIfI?Blanning [Blanning, 1982], used relational algebra
category of disaster have been reported in

o . . .and relational calculus to define models in model
the past describing different issues of deci- . RS

. . . .“management. With advancements in this, the use of
sion making. There have been increasin

demands from decision makers for mOOIeI%mdeling languages has increased. To cite a few,
that can handle more complex disaste?here are SML [Geoffrion, 1987], DAM SQL
N : nple Ramirez et al, 1993], MDL [Shiba et al, 1999]and
situations. The obvious solution is to merg

. . INDO [Schrage, 1999].
the existing models to cope with a new

situation, but most of the models are no(/Ve have provided a brief overview of the ap-
designed to standards that allow for such P P

merging. It is impractical to formulate the proaches and languages used to define models in

. : : ; . order to explain the benefit gained in the context
model integration without making a generic

standard. The lack of standardization Wherqnodellng for the disaster management domain.

defining models is a major obstacle in thq:Or

area of model integration. We highlight therelation:l(s)gfl r:prsszg;atuzg, :nvidelljsem:r?a grr]r:g)r/l-t
importance of the standardization of differ- P app 9

ent models in the model management. “[IBIannlng, 1986]. There are usually four important
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concepts in ER modeling: entities, their attributeparameters (three different types of parameters suc
the relationships between them and the value set. &s input, local and output types), four types ai-co
entity is a conceptual representation of a realdvor straint and a unique identification of the entity.
object [Date, 1995]. We use the semantics of thEherefore, we can generate an instance of this Imode
relational representation method to represent tleehema by taking an example from the problem do-
varied structure of an integrated model. Figure tain, which is disaster management. Suppose we
shows existing approaches and the approach we useve a subroutine of rainfall, the fragment inseanc
for the representation of the integrated model. of model schema for rainfall is shown in Figure 9.

4.5 Domain Base It is noted that the graphical representation of an
' instance of a model schema, shown in Figure 9, is

We illustrated the conceptual model representatidif€ated inside the domain base.

technique in the previous section with ER. Once the ) o ) )
integrated model is represented we can raise ths statgd earlier, each subroutine is asspmatdd wi
definition as well as the structures of the intéggia three different types of parameters as: input, lloca
model to schema level. Such structure is named §8d output. The subroutines were represented as
Domain Base (DB). Domain Base consists of gntities and subsequently instance of the sche_reasa
model schema and the instance of the model scheffi§ated. Such parameters are associated with each
called subschemas. Therefore, the union of all t{@stance of a schema and can formally be specified
subschema instances defines the structure of tA8 follows. The notations arg iy, 0, inputs, local
domain baseFor this purpose a domain base can bnd output parameters respectively.

defined by the following structure:

i = {(RelationParam, j)...,(RelationParam,)} (2)
DB = {Subschentg,,....., Subschefig,} (1)

I, = {(RelationParam, {)...,(RelationParam,)} (3)
We take an example entity to demonstrate the model

schema and the instance of that model schema. Aftep = {(RelationParam,Q)...,(RelationParam, O (4)
this, the model schemas and the instances caly easil

be developed, and represented in any relational lan .

guage. We highlight the important issue of differen! N® fundamental challenge in the area of model
tiating between a model schema and an instance 'gnagement is to develop a technique for model
model schema. A model schema corresponds to tHePresentation and storage. Our approach of model
structure of a subroutine which is representedin E 'éPresentation and storage, by creating domain base
An instance of schema corresponds to relations crat model schemas, can be considered as a solution.

ated in the domain base and populated with rejoreover, the design of the domain base has la&d th
data. foundation for the model simulations which is de-

scribed in the next section.

Figure 8 shows a fragment of a model schema for
the domain base developed. It models entitiesr thei

Relational

Relation

Unique Identification

Of Entity
Unique
Identification

Domain
Parameters

Three Types
of Parameters

@ Kays of Ralet

Figure 8: A Fragment of a Model Schema
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Subschema1

Rainfall

Constraints
Keys of Relation
Rainfall_ Locatior ID Rainfall_ Rainfall_
Level - Storage_ID Area

Check Constraint FK Constraini PK Constraini Unique Constraint

Of Entity
RainFall_Area_
ID

—Relation

Unique Identificatior

Domain
Parameters
— T~
Amount_of_ Level_of_Ra
Rainfall infall

Three Types
of Parameters

Expected_R
ainfall

Figure 9: A Fragment Instance of Model Schema: Aariple of the Rainfall Entity

4.6 Simulations

Simulation can help address many of the chal-
lenges brought forth by the disaster management
area. A recent survey indicates that a number of
simulation applications for analyzing various dis-
aster incidents exist [Jain and McLean, 2003].
Not only do we need to make plans and design
decision support systems to handle the aftermath
of a disastrous event, we need to plan what indi-
rect impacts can occur with such incidents. This is
especially relevant since the outcomes of man-
made disasters (terrorism) can in some instances
be similar to natural disasters (for example a ter-
rorist bomb blast may lead to fire spreading into a
densely populated area). The simulation models
for studying such indirect impacts can be benefi-
cial and useful to predict other disastrous events.
The dynamic integrated model can be used to
perform such simulations which are developed
and based on the dynamic integrated model. It
has been shown in the simulations how subrou-
tines are dynamically related to each other and
can be simulated to predict future disaster situa-
tions.

This section has demonstrated the usefulness and
described the main components of the integrated
model. As mentioned above, model integration
can be described as a way of developing decision
models from existing models. Such techniques
have made model creating cost-effective and
more efficient.
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5 PUTTING THE INTE-
GRATED MODEL TO
WORK

In this section, we describe how the proposed
technique of developing an integrated model can
be achieved in a given hypothetical disaster sce-
nario of heavy rainfall and possible flood disaster

Hypothetical Disaster Scenario

Heavy rainfall has occurred in Victoria. In Mel-
bourne city, an hourly precipitation of 89 mm has
been recorded and the total precipitation
amounted to 322 mm. The highest 1 hour precipi-
tation records in the last 23 years have been re-
vised at 3 observatories and the highest 24-hour
precipitation revised at 4 observatories, based on
the data of the Bureau of Meteorology, Australia.
In this heavy rainfall, 30 persons have been
killed, 101 houses destroyed, and about 2,800
houses inundated. While the residents are taking
shelter, debris flow has killed 9 people in theg.cit
The evacuation issue by Melbourne city was an-
nounced after the debris flow occurred. The dev-
astation has affected the area socially, economi-
cally and physically. A flood disaster also oc-
curred in the city in 1999. The previous threat of
flood disaster and heavy rainfall event in the re-
gion has created the need for a decision support
system to implement disaster management ac-
tions. The aim now is to identify a model which
would be helpful in developing decision support
systems for the forecasting of floods and the con-
sequent land incursion. It is important to examine
methods of utilizing real time rainfall information
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Figure 10: Flowchart of Major Interactions to Deyelintegrated Model based on Disaster Scenario

Figure 10 shows the flowchart of the major inter-
actions between different components of the
framework. It also illustrates that the heavy fain
fall and possible flood scenario activates thelinte
ligent technique to use the knowledge base and
formulate a dynamic integrated model that can be
helpful in developing a decision support system
for effective decision making in this particular
disaster scenario. The three main steps (high-
lighted in Figure 10) are described briefly as fol-
lows:

Step-1: Intelligent Technique

Based on the disaster scenario, the intelligent
technique was used to select the subroutines from
the knowledge base. The selected groups of sub-
routines are shown in Figure 11. Such group of
subroutines (from equations 5 to 11) can be con-
sidered to be our proposed dynamic integrated
model based on the specific disaster scenario. A
brief description of each subroutine is as follows:

I. J. of SIMULATION Vol. 6 No 10 and 11 10€

A: calculates the daily runoff [USDA, 1972].

B: calculates the retention among sub basins
[USDA, 1972], [Arnold et al, 1996].

C: compute fluctuations in soil water content
[Arnold et al, 1996].

D: calculates the maximum land incursion [Alpar
et al, 2003].

E: estimates peak runoff rate [Arnold et al, 1996].
F and G: calculates rainfall infiltration and dura-
tion respectively [Ouyang and Bartholic, 1997].

Step-2: ER Representation for Dynamic Rela-
tionship and Creating Instances of Model
Schemas

The subroutines in the knowledge base, prior to
the selection process, are random and no relation-
ship exists between them. Once they are selected
on the basis of a disaster scenario, the dynamic
relationship is created between them. Such a dy-
namic relationship arises due to the following
three factors:
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/ Dynamic Integrated Model \
Daily Runoff: (A) Q=(R-0.29)? (5)
R+0.8S
Sub basins Retention: (B) S = 254(100 - 1) (6)
CN
Soil Fluctuations: (C) S=S,(1- FFC) (7)
S3

Where S3 = FFC + exp[W;- W, (FFC)]

Landward Incursion: (D) X max = (Hs)'** n?K (8)

Peak Runoff Rate: (E) Gp= 3)‘6'3‘” (9)

Average Infiltration: (F) F=(R-Q) (10)
DUR

Rainfall Duration: (G) DUR = (4.605)R (11)

o i /

Figure 11: The Dynamic Integrated Model Based @isaster Scenario

1. the different decision support needs of ahips that exist among different entities. As men-
disaster scenario which have created the réioned earlier, the ER approach is chosen to descri
lationship such relationship. The ER representation of this

2. commonality of subroutine parameters (difintegrated model subroutine in Figure 12 (parts A
ferent subroutines can have common paand B) shows the dynamic relationship in diamond
rameters) boxes, which is created due to the given scenario.

3. the output of a subroutine can be the inputor example, the input_output relationship between
to another (referred as input_output relathe entities daily runoff and sub-basin retention
tionship) shows that the output of the retention entity beeom

the input to the daily runoff entity. Similarly, ¢h
The integrated model showed in Figure 11 needsrainfall duration helps to calculate the averadi-in
formal representation due to the dynamic relatiortration rate.

Landward Incursion

Soil Fluctions Peak Runoff Rate

Area

Sub Basins Infiltration Average
Retention haracteristic: Infiltratior
Input_Output Input_Output
Daily Runoff i .
Rainfall Duration
(A] (B)

Figure 12: ER Representation of the Integrated Maite Dynamic Relationship
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Figure 13: Model Instance for Subschema -1

Once the integrated model is represented, in-

stances of the model schemas can be created in
the domain base. The structure of the fragment of

a model schema is already described in the previ-

ous sections (see Figure 8). To demonstrate the
application, we only need to create the instances

of model schemas, called subschemas. There are
two subschemas for the integrated model such as
subschema-1 as shown in Figure 13 and sub-
schema-2 as shown in Figure 14. The creation of

the domain base was necessary for the develop-
ment of the simulation.

Step-3: Simulation

The simulation was performed to demonstrate the
forecasting of the integrated model based on real
data, collected from the Bureau of Meteorology,
Australia [Meteorology, 2005]. The purpose of
the simulation was twofold: firstly to compare the
results with the observed and forecasted data and
secondly, to highlight the dynamic relationship
that exists between the subroutines in the inte-
grated model. The data was collected and ana-
lyzed from several different stations in Australia
(including all states). The results of six months
were observed and use to predict the next month.

The forecasting procedure used was Adaptive
[Lapin, 2002]. The Adaptive forecasting methods
are used to make short-term forecasts. These
methods may be appropriate when no constant
long-term trend is present in the data. The term
‘adaptive’ refers to the fact that each period's
forecast is updated by subsequent observations
before the next forecast is made. Adaptive meth-
ods include Exponential Smoothing to predict one
period ahead. It is also known as one-step fore-
casting. Using Exponential Smoothing, we fore-
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casted for the next month which is equal to the
forecast for the current period plus a proportion
( ) of the forecast error in the current period. The
mathematical notation is as follows [Lapin,
2002]:

Fua=Fc+ (Y- F) 12)
where

F; is the forecast value

Y. is the observed value

is the smoothing factor (between 0 & 1)
t is the time index

Figure 15, based on the empirical results (see
Table 3), shows the dynamic relationship between
two subroutines of subschema-1 (see Figure 13).
Figure 15 (A) illustrates that runoff and retention
are inversely proportional upto the month of De-
cember. Between the months of December and
January the retention has highly increased with a
slight increase in the runoff. After that, both re-
tention and runoff start decreasing. Figurel5 (B)
also forecasts similar facts until the month of De-
cember. Following that there is a slight variation
in the slope of the forecasted retention as com-
pared to the observed. In the months of February
and March both retention and runoff start increas-

ing.

Figure 16, based on the empirical results (see
Table 4), shows the dynamic relationship between
two subroutines of subschema-2 (see Figure 14).
Figurel6 (A) illustrates that a slight increase in
the rainfall duration has highly increased thelinfi
tration rate. Similarly, Figure 16 (B) shows that,
in the forecast, there is a smooth increase as well
as a decrease as opposed to the observed.
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Figure 14: Model Instance for Subschema-2
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Figure 15: Simulation Results of Subschema-1
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Figure 16: Simulation Results of Subschema-2

Table 3: Empirical Results of Subschema-1

Subschema-1 Sep-04 Oct-04 Nov-04 Dec-04 Jan-05 Feb-05 Mar-05
Mean Retention 7.67637 6.90873 6.28067 5.7572§ 863D 34.54366
Observed
Mean Runoff 12.43979 21.05113 30.51624 46.5721)9 82819 26.83462
Mean Retention 7.67637 | 7.67637 7.59961 7.46771 7.29667 13.47573 15.89418
Forecasted
Mean Runoff 12.17800 12.17800 13.04911 14.76711 89810 20.96447 21.53502
Table 4: Empirical Results of Subschema-2
Subschema-2 Sep-04 Oct-04 Nov-04 Dec-04 Jan-05 Feb-05 Mar-05
Mean Rainfall Duration 4.23043 4.21028 4.44507 858 | 4.24046 4.26898
Observed
Mean Infiltration Rate 5.69804 5.53662 7.90479 [S253] 7.26724 6.50289
Mean Rainfall Duration 4.23043 4.23043 4.22841 0% | 4.26762 4.26491 4.26531
Forecasted
Mean Infiltration Rate 5.69804 5.69804 5.6819( B1® 6.15679 6.26784 6.29134
I. J. of SIMULATION Vol. 6 No 10 and 11 111 ISSN 1473-804x online, 1473-8031 print



ASGHAR et al.: DYNAMIC INTEGRATED MODEL FOR DECISIN SUPPORT SYSTEMS

Australian Research Council (ARC) linkage grant

6 CONCLUSIONS AND FU- (LP0453745).

TURE WORK REFERENCES
Alpar B., Gazioglu C., Altinok Y. and Dengiz S.

2003, "Tsunami Hazard Assessment in Is-
tanbul using High Resolution Satellite Data
and DTM".

We have presented a framework for a dynamic inte-
grated model for disaster management decision sup-
port systems. The model is created on the basis of ) i
given disaster scenario. We have elaborated the http://www.isprs.org/istanbul2004/comm7/
main components of the framework and demon- papers/137.pdf. Access Date: Sept 2005.
strated the construction and usefulness of the proNdréw R. L. and Chase C. H. 1989, "BEHAVE:
posed integrated model by taking a hypothetical Fire Behaviour Prediction and Fuel Model-
disaster scenario. The intelligent technique isluse ing System"”. General Technical Report
select the group of subroutines to create the inte- INT-260, US Department of Agriculture,
grated model. This technique attempts to support a Forest Services, Intermountain Research
complex decision making process in a disaster man- Station, Ogden, UT.
agement environment by providing the ability tghrcand J. F._199_5, "An Artificial Neural Network
select modular subroutines to make a dynamic for Qil Spill Cleanup: The MUSE System”.
model. In addition, we have suggested using the ER Electrical and Computer Engineering:
approach for the representation of an integrated 519'52_2- o )
model and creating a domain base to support tnold J., Williams J., Srl_nlvasan R. and King K.
dynamic relationship that exists in the integrated 1996, "SWAT: Soil and Water Assessment
model. To further strengthen our integrated model, Tool". USDA, Agriculture Research Ser-
we have shown simulations of the integrated model vice, Temple, TX. _
based on real data. The simulations facilitate th@Sghar S., Alahakoon D. and Churilov L. 2005a,
decision makers in evaluating and forecast the-deci "Environmental Influences on  Disaster
sion situation at hand. Due to the nature of this d Management”. Proceedings of the Tenth
main, we have presented an integrated model inte- Annual Meeting of the Asia Pacific Deci-
gration framework which not only develops a new sion Sciences Institute, Taiwan, June 28 -
model from existing subroutines but also adaptively July 2, 2005. .
reacts to the needs of the environment and disastétghar S., Alahakoon D. and Churilov L. 2005b, "A
situations. We summarize our work by investigating Modular Approach to Decision Support
the following main components of the proposed Systems for Disaster Management within
framework: the knowledge base, the intelligent tech the Framework of Cyberinfrastructure”.
nique, the creation of an integrated model, theehod Proceedings of 8th International Confer-
representation, the domain base and simulations. We ence of the Association of Information Sys-
have also elaborated the design, algorithm and im- _ t€ms, Brazil, July 2005.
plementation details of the intelligent techniqoe tBaneriee S. and Basu A. 1993, "Model Type Selec-
further strengthen our approach. It is concluded th tion in an Integrated DSS Environment".
the simulation, along with the implemented inte- Decision Support SysteriS(1): 75-89.
grated model, will significantly improve decisionBasu A. and Blanning R. 1994, "Model Integration
making in disaster management. The integrated using Meta-graphs”information Systems
model has shown a capability that can be used for ~ Researctb: 195-218.
applications ranging from the mitigation to the reBlanning R. 1982, "A Relational Framework  for
covery phases of disaster management scenarios. Model Management in Decision Support
Systems".Decision Support SystenixsSS-

In future, we will investigate more complex disaste _ 82 Transaction: 16-28. o
scenarios to further improve the usefulness of-intdlanning R. 1986, "An Entity-Relationship Ap-
grated model and simulation results. Our simutatio proach to Model ManagementDecision
results in this work show that their performance an Support Systents 65-72.

accuracy can be improved by selecting new te§thang A., Holsapple C. and Whinston A. B. 1993,
cases. "Model Management Issues and Direc-

tions". Decision Support Syster8¢1): 19-

ACKNOWLEDGEMENTS 37 N o
Chari K. 2002, "Model Composition using Filter
This research project was partially supported lsy th Spaces". Information  Systems Research

I. J. of SIMULATION Vol. 6 No 10 and 11 112 ISSN 1473-804x online, 1473-8031 print



S.ASGHAR et al.: DYNAMIC INTEGRATED MODEL FOR DECISN SUPPORT SYSTEMS

13(1): 15-35, March 2002. nology Internal Report, NISTIR-7071.

Cheng M. and HoKo C. 2002, "Computer-aidedleusfeld M. A. and Bui T. X. 1997, "Distributed
DSS for Hillside Safety Monitoring". Decision Support and Organizational Con-
Automation in Constructiofl: 453-466. nectivity". Decision Support Systert9(3):

Date C. 1995, "An Introduction to Database Sys- 215-225.
tems", 6th ed. Addison-Wesley, 1995. Kim T. and Valdes B. 2003, "Nonlinear Model for

Dolk D. and Kottermann J. 1993, "Model Integra- Drought Forecasting Based on a Conjunc-
tion and a Theory of Models'Decision tion of Wavelet Transforms and Neural
Support Systeny1): 51-63. Networks". Journal of Hydrological Engi-

DPLG-1 1998, "White Paper on Disaster Manage- neering8(6): 319 - 328, Nov. 2003.
ment". Kohyu S., Weiguo S. and Yang K. T. 2004, "A
http://mww.local.gov.za/DCD/policydocs/w Study of Forest Fire Danger Prediction
pdm/wpdm_app.html. Access Date: May System in Japan”. Proceedings of the 15th
2004. International Workshop on Database and

Farinelli A., Grisetti G., locchi L. and Lo Casck Expert Systems Applications (DEXA'04).
2003, "Design and evaluation of multiLapin L. and Whisler W. 2002, "Quantitative Deci-
agent systems for rescue operations". Pro- sion Making with Spreadsheet Applica-
ceedings. 2003 IEEE/RSJ International tions", 7th Ed., Wadsworth (Thomson
Conference on Intelligent Robots and Sys- Learning) Belmont, 2002.
tems, Las Vegas, Nevada. Lee K. and Huh S. 2003, "Model-Solver Integration

Gadomski A. M., Bologna S. and Di Costanzo G. in Decision Support Systems: A Web Ser-
2001, "Towards Intelligent Decision Sup- vices Approach". AIS SIGDSS 2003 Pre-
port Systems for Emergency Managers: ICIS Workshop - Research Directions on
The IDA Approach”International Journal Decision Support, December 14, 2003.
of Risk Assessment and Managementu Q., Huang Y. and Shekhar S. 2000, "Evacuation
2(3/4): 224-242. Planning: A Capacity Constrained Routing

Gagliardi M. and Spera C. 1995, "Towards a Formal Approach". Proceedings of the Intelligence
Theory of Model Integration"Annals of and Security Informatics: First NSF/NIJ
Operations Research8: 405-440. Symposium, ISI 2003, Tucson, AZ, USA,

Geoffrion A. 1987, "An Introduction to Structured June 2-3, 2003.

Modeling". Management Scienc&8: 547- Meteorology 2005, "Bureau of Meteorology, Aus-
588. tralia: The Datasets"www.bom.gov.au

Geoffrion A. 1989, "Reusing Structured Models via Access Date: August 2005.

Model Integration". Proceedings of Muhanna W. 1993, "An Object-Oriented Frame-
Twenty-Second Annual Hawaii Interna- work for Model Management and DSS De-
tional Conference on the System Sciences, velopment". Decision Support Systengs
IEEE Computer Society, 601-611. 217-229.

Henry J. B., Fellah K. and Clandillon S. 2002Muhanna W. A. and Pick R. A. 1994, "Meta-
"Earth observation and case-based systems Modeling Concepts and Tools for Model
for flood risk management". Geosciences Management: A System Approachian-
and Remote Sensing Symposium, 2002. agement sciencet)(9): 1093-1123.

IGARSS '02, IEEE International ,Volume: Onate E. and Piazzese J. 2004, "RAMFLOOQOD Pro-
3, 24-28 June 2002, 1496 - 1498. ject: Decision Support System for Risk As-

Holocher M., Michalski R., Solte D. and Vicuna F. sessment and Management of Floods."
1997, "MIDA: An Open System Architec- www.cimne.upc.esAccess Date: Jan 2005.
ture for Model-Oriented Integration of DataOuyang D. and Bartholic J. 1997, "Predicting Sedi-
and Algorithms" Decision Support Systems ment Delivery Ratio in Saginaw Bay Wa-
20(2): 135-147. tershed". Institute of Water Research,

Hwang J. and Wofsy L. 1995, "Federal Emergency Michigan State University, USA.
Management Information SystemPidd M., De Silva F. and Eglese R. 1996, "A Simu-
(FEMIS)". www.pnl.gov/femis Access lation Model for Emergency Evacuation®.
Date: March 2005. European Journal of Operational Research

Jain S. and McLean C. 2003, "Modeling and Simu- 90: 413-4109.
lation of Emergency Response: WorkshogPiramuthu S., Raman N. and Shaw M. J. 1993, "In-
Report, Relevant Standards and Tools". tegration of Simulation Modeling and In-
National Institute of Standards and Tech- ductive Learning in an Adaptive Decision

I. J. of SIMULATION Vol. 6 No 10 and 11 118 ISSN 1473-804x online, 1473-8031 print



ASGHAR et al.: DYNAMIC INTEGRATED MODEL FOR DECISIN SUPPORT SYSTEMS

Support System"Decision Support Sys- Yong C. and Chen Q. F. 2001, "Web based decision
support tool in order to response to strong
earth-quakes". Proceedings of TIEMS2001,
Oslo, Norway, 200.

tems9(1): 127-142.

Pourvakhshouri S. and Mansor S. 2003, "Decision

Support System in Oil Spill Casedisas-
ter Prevention and Managemerit2(3):
217-221.

Ramirez R., Ching C. and Louis R. 1993, "Inde-
pendence and Mapping in Model-Based
Decision Support SystemsDecision Sup-
port System40: 341-358.

Rothermal R. C. 1994, "Some Fire Behaviour Mod-
eling Concepts for Fire Management Sys-
tems". Proceedings of the 12th Interna-
tional Conference on Fire and Forest Mete-
orology, Jekyll Island, GA. Bethesda, 1994.

Schneid D., Thomas, and Collins Larry 2001, "Dis-

Leonid Churilov re-

ceived a BSc(Honsl) in
Mathematics and Statis-
tics and then a PhD in
Operational Research
from the Department of
Mathematics and Statis-
tics, The University of
Melbourne. He is cur-
rently a Senior Lecturer
in the School of Business

aster Management and Preparedness”. NeSystems at Monash University, Melbourne. His re-

York, Lewis Publisher. search interests include health care systems, emer-
Schrage L. 1999, "Optimization Modeling withgency response systems, integrated process model-

LINGO 6.0", Chicago: LINDO Systems.  ing techniques, and the interfaces between process-
Shiba N., Jima J. and Ohta K. 1999, "Model Integraand decision modeling for complex systems.

tion for Managerial Decision support using
a Model Description Language with a For-
mal Semantics"Cybernetics and Systems:
An International JournaB0: 761-781.

Silva F. N. d. 2001, "Providing decision suppott fo
evacuation planning: a challenge in inte-
grating technologies"Disaster Prevention
and Managemert0(1): 11-20.

Tian Q., Ma J., Zhou D. and Huang L. 1998, "Inte
gration of Dynamic Models in Decision
Support Systems". Proceeding of the Se
ond IEEE International Conference on In-

Damminda Alahakoon

received a BSc (Hons)
degree in Computer Sci-
ence from the University
of Colombo, Sri Lanka
and a PhD in Computer
Science from Monash
University, Australia. He
has over 7 years experi-
ence in IT and finance in-

telligent Processing Systems, 281-284dustries and is currently a lecturer in the Schafol

Gold Coast, Australia, Aug. 4-7, 1998.

Business Systems, Monash University. Before join-

Tsai C. 1998, "Model Integration using SMIDe- ing Monash he has held positions as Accountant,

cision Support Systen2®: 355-377, 1998. Credit Officer and Data Mining Specialist in IT and
Tufekci S. 1995, "An integrated emergency manfinancial organizations in Sri Lanka, Australia and
agement decision support system for hurriThe Netherlands. His current research interests in-

cane emergenciesSafety Sciencg0: 39- clude Data mining and analysis, artificial neural
48. networks, fuzzy systems and adaptive intelligent

USDA 1972, "US Department of Agriculture, Soil Systems.

Conservation Service. National Engineer-
ing Handbook, Section 4 Sedimentation".

Wang L., Qin Q. and Wang D. 2004, "Decision
Support System of Flood Disaster for Prop-
erty Insurance: Theory and Practice". Pro
ceedings 2004 IEEE International Geo-
sciences and Remote Sensing Symposiur
2004 IGARSS '04, Volume: 7, 4693 -
4695, 20-24 Sept. 2004.

Westphal K., Vogel R., Kirshen P. and Chapra ¢
2003, "Decision Support Systems for
Adaptive Water Supply Management".
Journal of Water Resources Planning and
Managemen129(3): 165-177.

I. J. of SIMULATION Vol. 6 No 10 and 11 114

Sohail Asgharis a Ph.D.
candidate in the School of
Business Systems at
Monash University, Mel-
bourne. He received a
BSc (Honors) in Com-
puter Science, from the
University of Wales, UK.
His research interests in-
clude model management,
decision support systems
and disaster management
systems.

ISSN 1473-804x online, 1473-8031 print



