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ABSTRACT 

The initial impact of a disaster can lead to a variety of associated hazards.  By taking a multi-hazard viewpoint 
with respect to disaster response and recovery, there is an opportunity to allocate limited resources more 
effectively, particularly in the context of long-term planning for community sustainability.  This working paper 
introduces an approach for extending quantitative resource allocation models to consider multiple interrelated 
hazards.  The discussion is motivated by a literature review of existing models and then focuses on changes 
necessary to take the multiplicity of hazards into consideration in the context of decision support systems for 
disaster operations management.   
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INTRODUCTION 

Early in November 2013, a powerful typhoon struck Southeast Asia.  The most devastating impact of the storm, 
Typhoon Haiyan, occurred within the central region of the Philippines.  Current damage estimates by the 
Philippines government are for recovery costs in excess of $8.5 billion, with more than 8,000 killed and a total 
of around 11 million people impacted by the storm (Dacanay, 2013). 

In addition to the obvious direct physical damage caused directly by the storm, however, Haiyan also led to a 
number of additional hazards that impacted the affected area.  For example, the process of recovering from the 
storm was hindered due to widespread looting and violence, much of which occurred due to the limited 
availability of food and clean drinking water (FoxNews, 2013).  Outbreaks of a number of different diseases 
were also a significant issue in the affected areas (Gladstone, 2013), and there was at least one oil spill after a 
power barge was dismounted by the strong waves from Haiyan (ABS-CBN News, 2013). 

Because such disasters and their cascading effects are becoming stronger and more frequent, there is a 
significant need to create better decision support systems to help manage the increasing costs and complexity, 
particularly given the resource constraints that are typically felt by response and recovery organizations.  In this 
context, these systems can provide significant value by (i) supporting efforts to alleviate immediate human 
suffering after the onset of a disaster, and (ii) enabling crisis management personnel to operate with greater 
efficiency- i.e., ‘doing more with less’ (Van de Walle and Turoff, 2008; Holguin-Veras et al., 2012). 

The recognition of this need has led to a number of different decision support systems being developed within 
the disaster management arena.  Most of these, however, have been developed with a single risk in mind, for 
example: nuclear emergencies (Papamichail et al., 2005), epidemics (Arora et al., 2010), and terrorist attacks 
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Figure 1.  Increasing Costs due to Natural Hazards (EM-DAT, 2013) 

 

(Mendonça, 2007).  As the aftermath of Typhoon Haiyan illustrates, however, decision support needs are not 
necessarily restricted to addressing a single type of event.  Significant efficiencies can be gained by taking a 
multi-hazards perspective during the planning process (Pollet, 2009); furthermore, accounting for a risk package 
and not just a single type of risk, as in the case of Typhoon Haiyan, provides a more accurate risk assessment  
(Selva et al., 2013; Marzocchi et al., 2012; Cox, 2009). 

With this in mind, the objective of this paper is to outline a decision support system, with a resource-allocation 
model in its model base, wherein the model can be extended to include a multi-hazards scenario.  The scope of 
this paper’s discussion as defined by the aforementioned objectives is further focused on long term disaster 
operations management (DOM) planning models under features unique to a multi-hazards approach.  

LITERATURE REVIEW 

The multi-hazards approach to disaster management, also termed in some literature as ‘All-Hazards,’ is an 
approach to disaster management which was initially set up (i) to prepare communities to be ready for one of 
many likely hazards (Waugh, 2005).  Over time, this approach has been extended (ii) to prepare communities 
for multiple simultaneous hazards, i.e., the occurrence of multiple hazards at the same time (Selva et al., 2013; 
Marzocchi et al., 2012); and (iii) to prepare communities for multiple sequential hazards, or the spawning of 
multiple hazards by a single initial hazard (Selva et al., 2013; Marzocchi et al., 2012). 

At a strategic level, decision making agencies need systems that aid in allocating resources so that, given limited 
resources, they can determine which intervention strategies provide the best outcome(s).  There are a number of 
such analytical systems described in the literature that focus on single hazard events.  For example, Minciardi et 
al. (2009) formulate and optimize a resource allocation model in which critical emergency resources are located 
(phase 1) and allocated (phase 2).  Similarly, Wex et al. (2013) model the allocation and scheduling of rescue 
units, and Orabi (2010) models resource allocations for recovery projects, wherein the model being optimized 
has two competing objectives (recovery duration and recovery cost).  Dodo et al. (2007) also uses a linear model 
with multiple objectives (minimize risk; minimize mitigation costs) to solve a resource allocation problem in 
order to decide among different mitigation strategies.  As mentioned, however, none of these models adopts a 
multi-hazard viewpoint. 

Analytical models that have adopted a multi-hazard viewpoint most often appear to focus on risk prioritization.  
For example, Dillon et al. (2009) developed an analytical model, which was used to assess various terrorist 
threats on US-Navy assets.  The model used multi-attribute utility theory to generate risk ordering details, which 
provided information that could support resource allocation decisions.  Similarly, Li et al. (2009) model 
assessed risk from multiple hazard sources for the MIT campus community, for ranking purposes.  Likewise, 
Abkowitz et al. (2012) model assessed risks from intentional attacks and natural hazards, computing a dollar 
value to social and economic costs, where the cost provides weighting information when making resource 
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prioritization decisions both at the hazard and location level.  Along these same lines, Canto-Perello (2013) 
developed an expert system to assess risks from both intentional attacks and natural hazards on underground 
utilities. 

As highlighted by Cox (2009), however, the most effective resource allocation is not necessarily described by 
risk ranking.  This is because priority ranking decisions discourage resource allocation towards assets that may 
be characterized by lower risk; optimization methods in these cases may provide better outcomes (Cox, 2009).  

In the next section, we discuss the kinds of information we would need to collect to capture some of the 
dependencies arising in a Multi-Hazard DSS. 

MODELING MULTI-HAZARD DEPENDENCIES 

Disaster management models have taken many flavors over the years, with some models emphasizing doing 
more with less, as in cost minimization, while a few have looked at the maximization of benefits, subject to 
resource and budget restrictions, which we believe is an even more appropriate objective function under 
humanitarian conditions, consistent with similar work carried out in humanitarian logistics (Holguín-Veras et 
al., 2012).  To this effect, we shall use the Weingartner formulation to the Lorie-Savage problem (capital 
budgeting problem) generalized to the form below (Weingartner, 1966): 

𝑀𝑎𝑥  𝑍 = 𝑏!𝑥!
!

!!!
 

subject to: 

𝑐!"𝑥!
!

!!!
≤   𝐶!                    𝑡 = 1,… ,𝑇 

𝑥! ∈ 0,1                                         𝑗 = 1,… , 𝑛 

 

The binary integer formulation above can generally be adapted to the multi-hazard management problem where 
the benefits matrix (represented by the bj) is defined across multiple hazards.  Here X is a vector of n possible 
projects with associated benefits bj, and ctj is the cost in time period t incurred when project j is undertaken, 
where Ct is the budget available for time period t. 

Under a single hazard we only consider assets affected by that specific hazard; however, the inclusion of 
multiple hazards forces us to account for more assets, consequently focusing on projects which can secure 
multiple assets with minimal resources.  The dependencies, of which the model should take advantage, can be 
generalized as follows: 

1. Project dependencies often result in additional positive or negative adjustments to the benefits.  These 
dependencies must be included in the model.  Such benefits can be written as the sum of the benefits 
obtained from considering each of the projects alone PLUS an interaction component accounting for the 
effect that undertaking one project may have on the magnitude of undertaking the second project at the 
same time.  It should be noted that there are occasions when these impacts could be negative as well.  For 
example, a project may have a positive return for a flood-based hazard, yet a negative return for wind-based 
hazards. 

2. Similarly, under multiple hazards, the cost of using a resource to implement a project that could then be 
reused in another project results in cost dependencies – again, either positive or negative. 

We will restrict our model to second-order dependencies and leave higher-order dependencies for future work 
(mathematical extensions in higher order dependencies can be borrowed from work carried out by Santhanam et 
al. (1996)). 

Given the above proposed general form as the model we would build into our Decision Support System, the 
question arises as to how we should then model these dependencies; and, finally, how do we obtain the 
necessary data/information? 

To model the dependencies highlighted above, we need data on the benefits of each project and the additional 
benefits accrued due to dependencies.  Similar information is needed for the cost matrix.  Using the matrix form 
suggested by Reiter (1963), we define a matrix (we call it the benefits matrix) that captures our requirements: 
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𝑏!! 𝑏!" ⋯ 𝑏!!
0 𝑏!! ⋯ 𝑏!!
⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝑏!!

, 

where bii refers to the benefits, only from project i, and bij (i ≠ j) refers to benefits accruing additionally from the 
interaction between projects i and j.  Invoking this matrix changes the objective function of the model 
formulated above to a quadratic form, with the following objective function: 

𝑀𝑎𝑥  𝑍 = 𝑏!"𝑥!𝑥!
!

!!!

!

!!!
   

This objective function can be linearized by (1) adopting a new binary variable (𝑥!"), which represents the 
completion of projects i and j together (or, if i = j, simply the completion of project i), and (2) adding the 
following logical constraints for each project dependency between any two projects i and j: 

2𝑥!" ≤ 𝑥!! + 𝑥!! ≤ 𝑥!" + 1. 

These constraints force the new decision variable 𝑥!" to be set to a value of one whenever a dependency occurs 
(i.e., when both projects i and j are undertaken).  The net effect on the overall model is simply the inclusion of 
the additional constraint above (other than the binary constraint) for each combined project. In the objective 
function reformulation both benefits from single projects (i=j) and dependencies between different projects (i ≠ 
j) are now captured in a linear formulation.  

𝑀𝑎𝑥  𝑍 = 𝑏!"𝑥!"
!

!!!

!

!!!
 

The method described above can be similarly applied to cost dependencies, so that the cost constraints will also 
be extended in the multi-hazard case.  Note that, as in the benefits case, cost dependencies can be in the form of 
either savings or additional expenses. 

Finally, the issue of where we get the information to populate the benefit and cost matrices in the objective 
function and constraints when historic data do not exist, is often addressed by obtaining expert opinion.  In work 
we are pursuing, we suggest an AHP-based method to collect information from various experts, requesting three 
pieces of data for each cost, benefit, damage, etc.: most optimistic; most pessimistic; and most-likely, consistent 
with work carried out by Canto-Perello (2013).  We then form a triangular fuzzy set from the three data points 
provided for each benefit, cost, etc.  In effect, this replaces each term in both the benefits and cost matrices with 
a triangular fuzzy set. 

CONCLUSIONS AND FUTURE WORK 

This paper provides a comparison of mono-hazard and multi-hazard approaches to disaster management in order 
to highlight features unique to multi-hazard ones, particularly in resource allocation models.  In doing so, the 
paper borrows from both the multi-hazard and the resource-allocation literature.  The paper argues for the need 
for advances in analytical formulations as encapsulated in the model base for an appropriate disaster 
management decision support system, and provides preliminary suggestions for how the modeling might be 
adjusted to move from a single-hazard to a multi-hazard context.  The model advanced here can then be 
simulated over many replications to examine different policies and strategies to see which best achieves the 
community’s prescribed values over the long run in the face of multiple hazards and threats. 
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