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ARTICLE INFO ABSTRACT

Keywords: Effective temporary debris management sites (TDMS) planning requires the consideration of its
Temporary debris management site (TDMS) subsequent impact on debris collection logistics. This study establishes an integrated framework
Site selection to determine the optimal locations for TDMSs that meet geographic requirements while mini-
Disaster debris management mizing the social and economic impacts imposed on the community due to uncollected debris. A

Geographic information systems (GIS)
Agent-based modeling (ABM)
Disaster recovery

geographic information system (GIS) was used to locate candidate TDMSs based on geographic
parameters set forth by governing agencies. To consider the subsequent impact of TDMSs on
debris collection, an agent-based model was constructed to evaluate post-disaster debris removal
performance with varying TDMSs planning scenarios. Using the AnyLogic Optimization engine,
the selection of TDMSs locations was optimized to minimize both overall debris collection time
and subsequent negative impacts of uncollected debris on the public. The validity of the proposed
framework was demonstrated through its application for determining optimal TDMSs locations in
Liberty County, Florida, in response to Hurricane Michael where vegetative debris (i.e., potential
fire hazards) and the debris within the urban areas are prioritized for collection. Compared to the
actual debris collection time, the selected near-optimal TDMS locations resulted in a decrease in
the total debris collection time from 156 to 112 days, with vegetative debris and debris located
within the urban areas being collected within 60 and 70 days, respectively. The proposed
framework will enable planners to (i) evaluate different TDMS planning scenarios in order to
inform debris resource planning and management and (ii) prioritize the collection of specific
types of debris based on their emergency/recovery preferences.

1. Introduction

The frequency of disaster events has increased by a factor of five over the past 50 years [1] and is expected to continue increasing in
light of climate change and changes in weather patterns [2]. Aside from the substantial immediate human and physical damage, an
inevitable by-product of disasters is the generated debris, with amounts considerably exceeding annual waste generation rates in some
cases [3]. In the immediate aftermath of a disaster, substantial amounts of debris can impede emergency response and rescue efforts by
obstructing transportation networks [4,5]. Disaster debris places a substantial financial burden on local and national governments,
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typically allocating more than 25% of the disaster response expenses for managing the generated debris (United States Federal
Emergency Management Agency (FEMA) 2007). Further, the potential contamination of the debris and the decaying nature of organic
debris components pose serious human health and environmental safety threats [2]; United States Environmental Protection Agency
(USEPA) 2019). In the long term, disaster debris can delay the rebuilding and recovery of impacted urban areas [6,7], in turn causing
adverse economic and psychological impacts on disaster-affected communities [8,9].

The public health, environmental, social, and economic risks posed by disaster debris can be alleviated through proper planning
and management practices. Detailed proactive plans and established frameworks for post-disaster debris clean-up operations
contribute to building community resilience against future disaster events [10,11]. Developing such plans and decision-support sys-
tems, however, requires proper understanding of how different components of the disaster debris removal system work during the
debris collection and clean-up operations. One such component is temporary debris management sites (TDMSs). Given the often large
quantities of debris resulting from a disaster event, affected communities are unlikely to be able to immediately manage, treat, recycle,
or dispose of the generated debris [12]. TDMSs provide a buffer for storing, sorting, and processing substantial amounts of debris
before further treatment or disposal [13,14], and are hence considered critical for rapid and effective debris management operations
[15].

Identifying suitable locations for TDMSs is a complex process that entails the assessment of geographic criteria to meet environ-
mental, social, ownership, and logistical constraints. Besides geographic requirements, a significant, yet often unaccounted for, factor
when assessing the suitability of a TDMS location is its impact on the dynamics of the post-disaster debris removal operations. Within
this regard, a TDMS should be located close enough to debris source locations to enable optimized debris collection routing and
expedite the debris collection process while also having access to major roadways and arterials. However, post-disaster conditions,
particularly in terms of debris sources and infrastructure serviceability, are hard to predict. Such a high degree of uncertainty adds to
the complexity of the already intricate TDMS location identification process.

Considering the immense cost and time implications that TDMSs locations have on post-disaster debris removal operations, there is
aneed for a framework that can effectively locate TDMSs based on all of the factors enumerated above. This study aims to address this
need by proposing an integrated framework for identifying and selecting optimal locations of TDMSs that consider debris collection
logistics planning in conjunction with TDMSs location suitability criteria. The proposed framework employs GIS analysis and
simulation-based optimization, namely agent-based modeling (ABM). ABM enables modeling the complex behavior of each compo-
nent of the system and monitoring the resulting overall performance in different scenarios. Through such a dynamic planning and
simulation platform, debris management operations can be optimized based on current post-disaster conditions, particularly in terms
of road blockages and system bottlenecks. Further, the proposed framework would enable planners and decision-makers to visualize
the dynamics of the debris removal operations, allowing them to readily detect conflicts and suboptimal performance for more
effective and efficient management of the disaster debris.

The remainder of the paper is organized as follows. Section 2 reviews the existing literature in the area of TDMSs location and
debris allocation and highlights the present gaps within the context of the need for considering its subsequent impact on debris
collection. Section 3 presents the framework proposed in this study. This will be followed by a demonstration of its application in
Sections 4 and 5 using a case study of debris collection operations for Liberty County, Florida, for Hurricane Michael. Finally, Section 6
presents the conclusions of the study.

2. Literature review

Several geographical conditions on the location of TDMSs have been set by local governments and federal agencies [16] and cited in
the literature. The aim of these conditions is to minimize the adverse impacts of debris management operations at TDMSs on the
environment and the surrounding community. For example, a TDMS should not be located in environmentally restricted areas,
including floodplains, wetlands, and seismic fault zones, as well as in areas where they can negatively affect ecological system
components (e.g., groundwater) [12]. In addition, candidate TDMSs locations should maintain enough distance from schools, resi-
dential areas, businesses, and cultural landmarks to avoid any potential danger or safety risks [13]. Further, it is preferred that TDMSs
be located on public over private land to reduce capital costs [13].

Several studies tried to identify ideal TDMSs locations by assessing a number of geographical factors using land suitability analysis
[17]. used binomial cluster analysis to perform parcel-based TDMS land suitability analysis during the pre-disaster phase, where GIS
was employed to map the characteristics of each parcel corresponding to the studied locational constraints. Such constraints mainly
included geographic, ownership, and sizing criteria [13]. also utilized GIS to perform pre-disaster TDMS land suitability analysis,
where each of the studied geographical criterion was mapped as a GIS layer. Subsequently, the authors used the Model Builder tool in
ArcGIS to assess the mapped criteria, while standardizing their units and making them comparable by using Boolean logic [13]. While
these studies assess geographic constraints to identify candidate locations for TDMSs, they do not consider post-disaster debris removal
operations as part of the decision-making problem. With the innate uncertainty associated with disaster events, the impacted area, the
debris source locations, and the infrastructure serviceability cannot be predicted with a high degree of accuracy. This implies that
candidate TDMSs locations, identified by only geographic constraints during the pre-disaster phase, may end up being either inac-
cessible due to unpredictable post-disaster conditions or suboptimal with regards to expediting the debris removal operations. To
address the first shortcoming [18,19], proposed a TDMS selection framework to be used during the response phase, during which
post-disaster conditions are known and disaster debris can be estimated. While assessing the suitability of different TDMSs locations,
both studies employed Analytical Network Process (ANP), along with fuzzy Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS), to rank candidate locations based on geographic land suitability criteria. Subsequently, when TDMSs locations
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were selected, allocation of the debris among these locations was optimized through fuzzy possibilistic programming in a way that
minimizes either the debris transportation cost [18] or both the debris transportation cost and the TDMSs installation cost [19].
Although such a framework takes into consideration actual post-disaster conditions when selecting TDMSs locations, the selection
process is limited to the consideration of geographic suitability criteria. The dynamics and performance of the debris removal oper-
ations are only considered later during debris allocation once TDMSs locations have been finalized. Also, considering post-disaster
conditions, specifically the serviceability of the transportation network following a flooding event [20], proposed a GIS-based
framework for selecting TDMSs. The selection process is based on 14 TDMSs suitability criteria, covering geographical factors and
post-flooding vehicle accessibility constraints considering flood depth and road width [20]. While the proposed framework accounts
for the post-flood conditions of the transportation system when selecting TDMSs, it does not take into consideration the optimality of
the selected TDMSs with respect to the debris removal operations (i.e., cost, time, and environmental implications).

Trying to consider both geographical constraints and operational considerations, a group of studies [11,21-26] proposed TDMSs
selection and debris allocation frameworks. In all of these studies, except [11]; geographically suitable TDMSs candidates were
assumed to be known, and a selection from them was carried out since typically a constraint is set on the maximum number of TDMSs
to open [27]. While selecting optimal TDMSs locations and accordingly planning the disaster debris supply chain, the employed
objectives mainly focused on minimizing the debris removal costs [21-26], the collection time [22,24,26], and the total hauling
distance [11]. Only some studies concurrently aimed to minimize the negative environmental impacts of the debris removal operations
[21,24,26] and the risk from hazardous waste exposure [25]. To achieve the aforementioned objectives, mixed-integer linear pro-
gramming models have been proposed. In some of these models, the complexity of the problem rendered feasibility challenges in
finding an exact solution. As such, finding sufficiently good solutions was accomplished using a variety of optimization approaches,
including metaheuristics (e.g., Particle Swarm Optimization [PSO], Differential Evolution [DE]) [21], vertex substitution heuristic
algorithm [11], and evolutionary elitist multi objective genetic algorithm (e.g., NSGA-II) [25]. In other cases, such as in Ref. [24]; the
goal was to make it feasible for users unfamiliar with mathematical concepts to optimize the selection of TDMSs and allocation of the
debris. To facilitate that, the authors embedded the proposed optimization model in a user-friendly spreadsheet-based
decision-support tool for disaster debris management [24].

While the reviewed studies propose frameworks to optimize disaster debris removal operations based on single or multiple
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objectives, none aimed to select TDMSs locations and plan debris clean-up operations in a way that timely collects the debris before its
organic components decay. Such an objective would result in reduced public health and environmental risks, as well as maximizing
debris recyclability. Further, the objective of prioritizing the collection of debris from heavily populated urban areas to minimize the
social impact, in terms of not delaying the reconstruction and recovery efforts, was never previously employed in the literature.
Additionally, although existing studies present novel mathematical models and decision-support tools for locating TDMSs and plan-
ning the debris clean-up process, none provide a practical method that facilitates the visualization of the debris removal operations
during the optimization process. Such simulation and visualization are essential for decision-makers to better understand challenges
and bottlenecks of the post-disaster debris collection operations.

To address the limitations in the literature, this study proposes a post-disaster TDMSs selection framework, which integrates
geographic locational constraints and operational technical considerations to optimize debris clean-up, while accounting for health
risks, recycling feasibility, and social impacts of the debris removal operations. Simulation-based optimization, through ABM, is used
to enable practical dynamic modeling, visualization, and monitoring of the debris removal process. While simulation approaches have
been previously utilized to support decision-making in solid waste management systems [28,29], they have not been employed in
modeling disaster debris clean-up operations.

3. Methodology

The proposed framework aims to find the optimal locations for TDMSs considering geographical criteria as well as post-disaster
debris collection operations. There are three key modules in the framework: (1) suitability analysis, (2) operation simulation, and
(3) optimization (Fig. 1). The suitability analysis module finds candidate TDMSs locations that meet the environmental, social, and
legal criteria for TDMSs. The operation simulation module simulates the disaster debris removal operations using estimated quantities,
types, and locations of the generated debris, available debris removal resources (e.g., trucks), and the previously identified candidate
TDMSs locations (i.e., the output of module 1). Finally, the optimization module determines the optimal TDMSs locations and gen-
erates optimal debris removal routing plans.

The proposed framework is not limited to any geographical area or disaster scenario as long as the required input information is
provided by the user. However, the framework capabilities in determining optimal debris removal routing are limited to the resolution
of the inputted debris information. For example, if the user provides the debris information at the census tract level, the framework
would not be able to determine the debris collection priorities inside each census tract. Meanwhile, if such information is provided at
the street-level, the framework would be able to prioritize debris collection tasks across different streets. The following subsections
provide more extensive descriptions of each of the three modules of the proposed framework.

3.1. Suitability analysis module

Establishing inclusion and exclusion criteria is the first and most crucial step in the process of identifying candidate TDMSs lo-
cations. Such criteria, along with their locational constraints, were determined upon a review of the relevant literature and are listed in
Table 1. TDMSs should be placed at a safe distance from wells, rivers, lakes, floodplains, wetlands, and environmentally sensitive
regions [12]. Further, they should not be located in residential, institutional, commercial, and industrial areas (Cheng 2016). A
suitable location for a TDMS should have adequate access to key highways, along with good ingress/egress, while not obstructing
traffic flow along major transportation routes (Cheng 2016). When it comes to the site’s ownership, public land is preferred over
private land to host a TDMS since it costs less to rent. Following the identification of the geographic criteria for TDMSs locations, the
geospatial data relevant to each criterion is collected and stored in the framework’s data repository (Fig. 1).

Based on the identified TDMSs locational constraints, a restriction model was constructed using ArcGIS Model Builder tool to
analyze the collected geospatial data and determine candidate TDMSs locations (Fig. 2a). Adopting a methodology similar to the ones
proposed by Ref. [11] and Cheng et al. (2016), the restriction model generates buffer zones to specify the restricted areas. Subse-
quently, feasible TDMSs locations are identified by removing the restricted areas from the area of interest.

Following the identification of candidate TDMSs locations, ranking them based on their geographical characteristics enables the
determination of the most suitable locations. Various methods have been used in the past to select the most suitable TDMSs locations
[31]. ranked the identified feasible TDMSs based on total truck travel time [17]. performed such ranking based on the TDMSs
geographical constraints (e.g., ownership, accessibility and relative distance to sensitive areas), where the least constrained TDMSs

Table 1
Summary of criteria and constraints considered.
Criteria Description Constraint
Wetlands (Cheng 2016) Lakes, reservoirs, streams, bays, springs, open water, wetland forests, vegetated and Not in a 180 m buffer zone [30]
non-vegetated wetlands
Agricultural lands and forests Cropland, tree crops, specialty farms, nurseries and vineyards, feeding operations, Not located in agricultural areas and
(Cheng 2016) mixed forests, coniferous forests, tree plantations, hardwood forests forests (Cheng 2016)
Urban land use (Cheng 2016) Residential, institutional, recreational, commercial, extractive Not located in selected urban land
use (Cheng 2016)
Transportation and utilities Transportation utilities and communication Not in a 200 m buffer zone (Cheng
(Cheng 2016) 2016)
Industrial sites [11] Industrial sites Not in a 500 m buffer zone [11]
Flood zones [11] 100-year flood plain Not located in flood zones [30]
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Fig. 2. Suitability analysis module: (a) Restriction model; (b) Suitability model.

locations were determined as the most suitable sites. Weighted overlay analysis of eligibility criteria is another approach utilized by
researchers to rank feasible TDMSs according to their suitability [18,32]. In this approach, the score of each candidate TDMS is
calculated against multiple ranking criteria. The weighted average of the score of each candidate TDMS is used to determine its
corresponding suitability rank. In this research, the weighted overlay analysis approach proposed by Ref. [18] was adopted to rank the
identified candidate TDMSs. In this regard, a suitability model was developed using ArcGIS Model Builder tool. The model uses the
distance to urban buildings (residential, commercial, and institutional), wetlands, green lands (agricultural and forests), and trans-
portation roads, as well as slope, as ranking criteria (Fig. 2b). Specifically, it calculates the Euclidean distance of county pixels to each
type of land use. The resulting rasters are subsequently classified into five different classes (Classes 1 to 5) based on their calculated
distance values [32]. Class 1 in each group represents the most suitable locations, while Class 5 represents the least suitable ones. The
weighted overlay tool is then utilized to calculate the weighted average of all criteria for each class to combine different layers. The
relative weights of the different criteria were adopted from Ref. [18]; yet they can be changed based on the judgment of
decision-makers in accordance with the nature of the disaster and the regional characteristics [20]. The output of the suitability model
are the identified feasible locations for TDMSs that are bigger than 2 ha, ranked based on their suitability.

3.2. Simulation module

The simulation module simulates the post-disaster debris collection operations and allows decision-makers to visualize and monitor
the process and identify its bottlenecks. Various simulation approaches have been employed to facilitate post-disaster planning and
decision-making, the most common of which are discrete-event simulation (DES), system dynamics (SD), and agent-based modeling
(ABM). DES is a simulation approach that models the operation of a system as a (discrete) sequence of events in time. In this approach,
each event occurs at a specific point in time and represents a change in the system’s state. Earthquake housing recovery operations [33]
and disaster medical response operations [34] are examples of post-disaster planning problems supported by DES. SD is another
modeling approach used to frame and understand complex, interdependent, and nonlinear systems [35]. SD considers the structure of
a system and the relationship among its components to simulate a system’s behavior over time using stocks, flows, internal feedback
loops, table functions, and time delays. Researchers employed SD in various disaster management and planning efforts, including
post-disaster hospital recovery [35] and disaster debris removal operations [11]. As for ABM, it is a modeling and computational
framework that allows decision-makers to simulate system functionality by modeling the autonomous decision-making elements of the
system, also known as “agents” [36]. Without any external direction, each agent individually assesses and responds to situations
encountered during the simulation based on a predefined set of rules [37,38]. ABM has been widely utilized to simulate
decision-making processes in various disaster risk reduction efforts, such as earthquake emergency response and rescue missions [39]
and sustainable disaster recovery [40]. When selecting the most suitable modeling paradigm between DES, SD, and ABM, the char-
acteristics of the studied system [41] and the level of abstraction required in the simulation [42] should be considered. Since the
disaster debris collection process is dynamic and complex, and its simulation requires the micro-modeling of each actor/resource
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involved in the process to facilitate planning and decision-making, ABM was selected to be adopted in this research. The ABM approach
allows decision-makers to simulate the behavior of the different players involved in the debris collection operations, while developing
a detailed model of the operation. Moreover, it enables practitioners to visualize the entire debris collection process using animations,
which facilitates understanding the process dynamics and the detection of its deficiencies.

Simulating the debris hauling operations using ABM is done via the object-oriented programming simulation software AnyLogic
8.7.8. Shapefiles of the road network corresponding to the geographical area understudy are first imported to AnyLogic GIS envi-
ronment. These files are used to map the road network within the simulation model using GIS space markup properties of AnyLogic.
Once the road network is generated, three types of agents (i.e., debris, trucks, and TDMSs) are populated and imported into AnyLogic
GIS environment. Table 2 summarizes the parameters and variables corresponding to each of the three agents.

TDMSs agents are modeled as stationary warehouses. Their locations are selected from the list of candidate sites that was generated
by the suitability module. The capacity C of each TDMS is determined according to Equation (1) [22,43], where A is the floor area of
the site, H is the height of the stored debris (5 m), and R is the ratio of the debris storage area to the total floor area of the site (60%).

C=AxHXxR (€9)

Within each TDMS, it is assumed that debris handling begins as soon as the debris is delivered to the site. This includes debris sorting,
volume reduction (e.g., chipping/grinding), and transport to subsequent material recovery facilities or final disposal sites to open up
space within the TDMS. As the details of such internal operations are outside of the scope of this study, the debris handling rate is
simply defined as a function of the site capacity. It should be noted that if the TDMS reaches its maximum capacity, a loaded truck
arriving at the TDMS would need to wait until enough room for the incoming debris becomes available (i.e., an equal amount of
existing debris at the TDMS is processed and transferred to subsequent debris management pathways). As such, despite that the in-
ternal operations of TDMSs are not included in the simulation model, their overall effect on the debris collection operation is reflected
with the debris handling rate parameter. The TDMS debris handling rate parameter determines the speed of debris sorting, processing,
and transport for final disposal, which specifies the remaining capacity of the TDMS.

Debris agents represent the debris removed and transported by debris hauling trucks. Each debris agent is characterized by its
geographic location, type, and volume. Researchers have proposed various methodologies to estimate debris volume in pre-disaster
conditions [44]. Moreover, emergency management organizations have released various pre-disaster debris estimation tools, such
as the Hazards US Multi-Hazard (HAZUS-MH) software developed by Ref. [45]. However, estimates developed by these tools are
subject to errors and might not match the actual debris generated in post-disaster situations. The accuracy of the results generated by
the proposed framework is enhanced when detailed and accurate post-disaster debris information is inputted into the model. In this
regard, neural network-based methodologies and image processing approaches can be employed to identify the damaged areas and
estimate the location, quantity, and type of the debris generated using post-disaster ground and aerial surveys [46].

Truck agents are modeled in the simulation as vehicles that can move along the road network. Each truck agent is characterized by a
specific carrying capacity, which represents the maximum amount of debris that can be loaded into the truck. Further, each truck is
assigned a unique list of debris collection tasks. Fig. 3a illustrates the truck agent movement logic. At the beginning of the simulation,
all trucks are located at the TDMS. Each truck then starts collecting debris according to its assigned tasks. Upon loading the debris, the

Table 2
Simulation model parameters and variables.
Agent Parameter Variables
TDMS e ID o Vegetative debris received
e Latitude e Non-vegetative debris received
e Longitude e Debris in urban areas
e Area o Debris outside urban areas
e Capacity e Remaining capacity

Debris handling rate Processed debris
Distance to transportation network
Distance to wetlands

Distance to agricultural lands and forests
Distance to industrial sites

Distance to flood zones

Debris e ID

Latitude

Longitude

Type

Volume

ID

Task list

Capacity

Speed

Loading time

Unloading time

Remaining volume

Truck Debris task

Collected debris type
Collected debris location
Loaded debris volume
Remaining capacity
Penalty
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truck agent examines if it reached its carrying capacity. If that condition is met, the truck goes to the nearest TDMS to unload the
debris; otherwise, it proceeds to the next assigned task if it has the same debris type as the currently loaded debris. In any case, each
debris collection task needs to be completed before the following task is initiated. This implies that if the quantity of debris to be
collected in a single task is more than the truck agent carrying capacity, the truck would have to complete that task in stages before
proceeding to the next one. The simulation model captures the information about the incoming debris type, volume, and collection
time once each truck enters a TDMS.

The loading and unloading process of each truck agent is modeled with truck waiting time. The waiting time refers to when the
truck stops moving while it is either collecting debris in the roadway or delivering it at the TDMS. The truck waiting time in the
roadway depends on the truck capacity, the loader operators’ performance, and the loader bucket capacity. When delivering the
collected debris to the TDMS, each truck is first weighed, paperwork for debris delivery is filled, and the debris in the truck is unloaded.
The truck waiting time at the TDMS might vary considering the traffic inside the TDMS. The behavior and movement logic of the truck
agents is simulated using AnyLogic statecharts (Fig. 3b).

As an illustrative example of the movement of truck agents, consider a simple network comprised of three debris nodes (Fig. 4a),
along with three trucks, each assigned with a set of debris collection tasks (Fig. 4b). In this example, the capacity of each truck agent is
10 (CY) (i.e., 7.65 m>). Since the amount of debris in each location (i.e., node) is more than the carrying capacity of each truck, multiple
tasks are required to collect the debris from each node. Truck 03, for instance, is assigned Tasks 2, 5, and 6. Fig. 4c explains how this
truck moves in the network and collects the debris. It starts with Task 2 at node 1 then moves to node 2 to perform Task 5, since it still
has some remaining capacity. Once fully loaded, Truck 03 moves to the closest TDMS to deliver the collected debris. Subsequently, it
returns to node 2 to complete Task 5 and then proceeds to node 3 to perform Task 6.

3.3. Optimization module

The optimization module aims to find the near-optimal locations for a fixed number of TDMSs defined by the decision-maker,
considering the geographical requirements of TDMSs and debris removal operations. As previously explained, TDMSs locations
should meet several environmental requirements enforced by governing agencies. Also, the locations of TDMSs directly impact the
debris removal operations. Locating TDMSs far from debris source locations increases trucks’ travel time and, hence, total debris
removal duration, which has subsequent negative social and economic impacts on the disaster-affected community. For each candidate
TDMS, numerous truck routing options are available with different debris removal durations. Therefore, selecting the optimal TDMSs
from identified candidate locations also requires optimizing the truck routing of the debris collection. In other words, the search
environment of the optimization in this module would consist of various combinations of (1) the previously identified candidate
TDMSs locations and (2) truck routing.

Optimizing truck routing is generally considered a Vehicle Routing Problem (VRP). A VRP is typically formulated as a mixed-
integer programming model [47]. Minimizing the cost of providing service and/or minimizing the total travel distance (time) are
the most common objectives used in such models. In this study, minimizing the total debris collection time is set as the primary
objective (Equation (2)). The TDMSs geographical criteria are also integrated into the model’s objective function through a linear
transformation f(.), which converts distance values to time units using the truck speed. In this regard, the objective function is set to
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minimize the distance of the TDMSs to the transportation network in order to minimize the length of access roads connecting the
existing network to the facility while also maximizing its distance to wetland, agricultural lands, urban land use, industrial sites, and
flood zones. TDMSs candidates are determined by the suitability analysis module. In other words, all candidates are outside of the
restricted area and have suitable geographical characteristics for TDMSs. Therefore, the optimization module aims to identify the
optimal TDMSs locations among suitable candidates.

Min (Total debris collection time +f(Distance to transportation network) —f(Distance to wetlands)
—f(Distance to agricultural lands and forests ) —f(Distance to urban land use) —f(Distance to industrial sites)

— f(Distance to flood zones)+ Penalty) 2)

In addition to debris collection time and TDMSs geographic criteria, the model’s objective function encompasses a penalty
component. The aim is to allow decision-makers to prioritize the collection of certain debris tasks to minimize the adverse impacts of
uncollected debris. The collection of hazardous/organic debris, for example, can be selected to be expedited in order to decrease its
associated health and safety risks on the disaster-impacted community. Moreover, decision-makers may choose to prioritize collecting
the debris from urban areas to accelerate the community’s recovery. To enable such debris prioritization, this study uses the penalty
approach to prioritize debris collection tasks according to decision-makers’ preferences, adopted from Ref. [48]. In this approach, the
objective function is penalized if priority tasks are delayed. The penalty is determined based on the waiting period for performing each
debris removing task, evaluated using a quadratic function (Equation (3)). The penalty increases rapidly as the waiting period T of a
debris collection task increases beyond time e; (Fig. 5). Specifically, the algorithm penalizes cases where debris is delivered to the
TDMS after an assigned time constraint. The time constraint can also be defined, for example, based on the changing property of the
materials (e.g., organic waste) over time [3]. The coefficient a; is used to distinguish high priority tasks (Fig. 5a) from other debris
collection tasks (Fig. 5b). In this regard, tasks that are prioritized will be assigned a higher value of a;.

Penalty=a; x (T — e,v)2 3)
(a) Low priority tasks (b) High priority tasks
e e ()
= =
g S
z Z
= =
= =
i D
A~ -
Delay (T —e) Delay (T —e)
(days) (days)

Fig. 5. Changes in the penalty function for priority tasks and non-priority tasks: (a) Low priority tasks; (b) High priority tasks.
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VRPs are generally considered NP-hard problems, where exact optimization algorithms cannot find the global optimum promptly
[49]. As such, metaheuristic algorithms are commonly used to intelligently explore the search space and find near-optimal solutions
within reasonable computational time, such as simulated annealing [50], genetic algorithm [51], and Tabu search [52]. In this study,
the optimization model is developed using the AnyLogic software’s Custom Experiment feature and solved using the AnyLogic opti-
mization engine. The latter is based on the OptQuest Optimization Engine, which finds near-optimal solutions using metaheuristics. At
each iteration, the AnyLogic optimization engine runs the simulation model to calculate the objective functions. It assesses one
alternative solution per iteration by modifying the design variables (i.e., TDMSs locations and the list of tasks allocated to each truck),
while keeping the best-identified solution. As a result of the optimization process, the near-optimal locations of TDMSs and the cor-
responding truck routing schedule are identified.

4. TDMSs selection and debris logistics planning: a case study of Liberty County, Florida, in response to Hurricane
Michael

Hurricane Michael was the first Category 5 hurricane that made landfall in the contiguous United States since Hurricane Andrew in
1992. It was estimated that Hurricane Michael caused over $25 billion in damages and generated over 5 million cubic yards of debris
[53]. Hurricane Michael caused severe damages in several counties in the Florida Panhandle, including Bay and Liberty Counties. This
section implements the proposed framework to select optimal locations for TDMSs in Liberty County, Florida, while minimizing the
social impacts of the generated debris.

According to the proposed framework, three types of information are required to identify optimal locations for TDMSs during the
post-disaster recovery phase: (1) geospatial information, (2) debris estimates, and (3) available resources. The geospatial information
corresponding to this case study was gathered from a variety of sources. Specifically, the land use and cover data were obtained from
the Florida Department of Environmental Protection (FDEP) Open Data Portal, the road network data was collected from the Florida
Department of Transportation (FDOT) GIS data repository, the elevation data was acquired from the United States Geological Survey
(USGS), and the flood plains data was obtained from FEMA. As for debris and resources information, they were acquired from the
primary debris hauling contractors who participated in Hurricane Michael recovery operations in Liberty County. The collected data
covered the debris source location, type, volume, and hauling information, such as truck capacity and destination location. With
regards to each of the truck speed and waiting (i.e., loading and unloading) time parameters, a set of possible values was considered in
the simulation. Table 3 summarizes the test scenario debris removal information.

The debris source locations along the roadways of Liberty County are plotted in Fig. 6a. In total, 47,400 debris tickets were issued to
collect approximately 525,700 CY (401,926 m>) of vegetative debris, C&D debris, and ash debris, as well as 34,000 units of leaners and
hangers from the right-of-way of Liberty County. Moreover, 150 trucks with an average capacity of 50 CY (38 m®) were used to collect
the debris in approximately five months. Fig. 6a also depicts the location of the real-world TDMSs. These TDMSs were used to store and
manage the generated debris from Hurricane Michael.

To simplify the number of debris source locations in the roadways, the debris in each road segment was aggregated into a single
point. Each road between two consecutive intersections was defined as a single road segment. In cases where the segment length was
greater than 2 miles (3.2 km), the segment was divided into multiple sections. The resulting average length of road segments where
debris was located was 0.65 miles (1 km). The maximum length of the road segments (i.e., 2 miles) was defined based on the average
amount of debris on the roadways and the capacity of debris hauling crews. There is about 526,000 CY (402,156 m>) of debris scattered
in ~330 miles (499 km) of roadways. This implies that each road segment, with an average length of 0.65 miles, contains ~1000 CY
(765 m®) of debris that can be collected by a single debris collection crew in four passes (each crew has a debris collection capacity of
250 CY (191 m®)). The maximum length of the road segments can be adjusted based on decision-makers’ preferences and the amount
of debris on the roadways. It should be noted that reducing the maximum road segment length threshold will not result in significant

Table 3
Test scenario parameters.
Attributes Value
Debris hauling tickets 47,400 units
Debris types:
Vegetative debris 502,000 CY* (383,807 m>")
Construction and demolition (C&D) debris 6700 CY (5123 m®)
Ash debris 17,000 CY (12,997 m®)
Leaners and hangers 34,000 units
Debris removing resources:
Number of debris removing trucks 150 units
Trucks capacity 50 CY (38 m%)
Truck speed [22, 25, 28] mph°® ([35, 40, 45] kph?)
Truck loading time [5, 6, 7] minutes
Truck unloading time [8, 9, 10] minutes
Number of TDMSs 4 units

& CY = cubic yard.

> m?® = cubic meter.

mph = mile per hour.

4 kph = kelometre per hour.
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Fig. 6. Debris source locations and volume distribution in Liberty County, Florida, after Hurricane Michael: (a) Debris locations and original TDMSs; (b) Detailed
illustration of the debris aggregation process in Blountstown; (c) Distribution of the debris volume throughout the network.

changes in the total debris hauling distance since the simulation model allows trucks to move to the next tasks and collect more debris
if they have some capacity remaining. However, lowering this threshold would increase the number of debris hauling tasks and, in
turn, the model complexity, hence reducing the efficiency of the optimization model. The aggregated debris source locations are
plotted in Fig. 6a. Fig. 6b presents a more detailed map of Blountstown illustrating the debris aggregation process. The distribution of
the debris volume throughout the network is presented in Fig. 6c¢.

Identifying eligible places that meet the geographical requirements, listed in Table 1, is the first step toward identifying near-
optimal locations for TDMSs. The restricted areas were identified using the restriction model presented in Fig. 2a, and their suit-
ability was determined based on their slope and distance from urban buildings, wetlands, green spaces, and transportation roads
(Fig. 2b). Fig. 7 displays the candidate TDMSs zones as well as debris locations. The score of each TDMS candidate from the suitability
analysis was used to denote its suitability as low, average, or high. The majority of the candidate locations were ranked as ‘average’ in
the analysis, while few locations in southern Liberty County were rated as ideal for TDMSs (i.e., ranked as ‘high’). Despite their
relatively far distance to populated areas (i.e., red box in Fig. 7), they may be suitable for collecting debris from the county’s southern
roadways. In total, 45 locations were identified suitable to host TDMSs.

In the second module of the framework, a model was developed to simulate the post-disaster debris collection operations. Each
debris source location was considered a single debris collection task and assigned to a debris collection crew consisting of five trucks as
suggested by Ref. [54]. Thirty debris collection crews (i.e., 150 trucks) were assumed to be available for debris collection operations.
Moreover, the capacity of each truck was assumed to be 50 CY (38 m®). During the simulation, the trucks in each crew collectively work
to remove the debris from roadways based on their assigned tasks. Collected debris is transported to the four TDMSs reported by the
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primary debris hauling contractors. The time unit of the simulation model was set to “hours” to capture details of the truck movements
within the road network. Moreover, the virtual time mode of the AnyLogic environment was utilized to maximize the simulation speed
during the optimization process.

A calibration process was conducted to determine the values of the truck agents’ speed, loading, and unloading time parameters
from their corresponding sets of possible values, which were presented in Table 3. Within this regard, the truck speed was set to 25
mph, and the truck loading time and unloading time were set to 6 and 9 min, respectively. With these calibrated values, the simulation
model yielded results that well captured the overall progression of the actual debris collection process (i.e., in terms of cumulative
debris collected from roadways over time) (Fig. 8a). Such comparison, which is usually referred to as a behavior reproduction test [35,
55,56], verified that the developed model well captures the regularity of the real-world debris operations.

To further investigate the impact of changing the truck agents’ speed and waiting (i.e., loading and unloading) time parameters on
the simulation results, uncertainty analysis was performed, as presented in Fig. 8b and c, respectively. The analysis results indicate that
variations in these parameters have a negligible effect on the simulated debris collection operations at the beginning of the simulation
(i.e., the first 25%). However, as the simulation progresses, the disparity among the results increases. At the end of the simulation, the
total simulation duration changes by 3.7% and 4% as a result of changing truck speed by 3 mph (12% change) and changing the truck
waiting time by 1 min (16% change), respectively.

As previously explained, the proposed framework allows decision-makers to prioritize the collection of any kind of debris based on
their emergency/recovery preferences. In this case study, the collection of vegetative debris and other debris, which are both located in
urban areas, were selected to be prioritized to demonstrate the framework’s capabilities. Vegetative debris constitutes most of the
debris generated in Liberty County due to the abundance of green lands. In fact, piles of vegetative debris may become fire hazards
during the dry season and attract insects, rats, and other rodents [57]. Further, due to various environmental stressors such as tem-
perature and humidity, vegetative debris readily decays and loses its recyclable value over time. As such, in this case study,
decision-makers were assumed to prioritize the collection of vegetative debris to maximize its recyclable value and minimize its
potentially adverse impacts on surrounding communities. Additionally, debris within urban areas was considered as a priority to be
collected, thereby expediting the recovery of the community and its return to normalcy.

Using the third module of the framework (i.e., the optimization module), near-optimal solutions for TDMSs locations were found to
minimize the debris collection duration while prioritizing the collection of vegetative debris and debris within urban communities. In
this module, the optimization’s number of iterations should be adjusted to allow the optimization engine to investigate the search
space sufficiently. In this regard, the optimization was conducted using various iteration numbers [8000; 9000; 10,000; 11,000] to
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| § B Truck crews
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Fig. 9. Results of the optimization module: (a) Snapshot of the simulation model along with optimal TDMSs locations; (b) Normalized objective function with respect
to the normalized number of iterations; (c) Normalized accumulative debris delivered to TDMSs; (d) Normalized accumulative vegetative and non-vegetative debris
delivered to TDMSs; (e) Normalized accumulative debris within and outside urban communities delivered to TDMSs.
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evaluate the effect of increasing the number of iterations. Results showed that the improvement of the objective function was insig-
nificant beyond 10,000 iterations; the number of iterations was thereby set to 10,000. For simplification purposes, in this case study,
the time constraint e in Equation (3) was set to zero while it may depend on various factors such as temperature, humidity, and
changing properties of the material [3]. Fig. 9b illustrates how the normalized value of the objective function varies across different
iterations. During early iterations, the value of the objective function drops fast as the algorithm searches globally within the search
environment. However, as the algorithm searches locally and closer to the near-optimal solutions, the objective function’s decreasing
rate diminishes. Results show that the optimization module can successfully explore the search environment and find better solutions
as it iterates.

Fig. 9a shows a snapshot of the simulation model during a simulation run. It depicts the near-optimal TDMS locations as slightly
different from the initial TDMSs, since the former was selected in a way that would reduce the total operation duration. All four sites
were graded “two” (i.e., average) based on the suitability analysis. Three of the locations were chosen to be closer to urban areas in
order to speed up debris collection from these areas. The fourth TDMS was selected to manage debris located in the county’s southern
half.

Fig. 9c compares the total debris collection time for the real-world conditions (i.e., baseline) with the near-optimal solution. Results
show that by applying the proposed framework for TDMSs selection and debris logistics planning, the total debris collection time
decreased from ~156 to ~112 days. Fig. 9d and e depict the optimized progress of delivering debris to TDMSs by debris type (i.e.,
vegetative vs. non-vegetative) and debris location (within vs. outside community), respectively. The optimization results show that the
collection of vegetative debris is prioritized over other types of debris (Fig. 9d). In particular, the vegetative debris is collected within
60 days, which is about 50% of the total debris collection duration (~112 days) due to the much faster collection rate. Similarly, the
debris located within the community is collected within ~70 days, which is about 60% of the time spent collecting the debris outside
urban areas (Fig. 9e). These results illustrate the effectiveness of the optimization module in planning the debris collection process in
accordance with the prioritized debris types and source locations.

5. Managerial insights

Post-disaster recovery operations are often constrained by their available resources due to the enormity of the magnitude and
extent of the disaster-resultant damage. In this section, some critical managerial insights are discussed to assist decision-makers in
making more informed decisions regarding the required resources for the debris removal operations. In particular, this section analyzes
multiple planning scenarios to evaluate the impact of varying resource availability on the duration of post-disaster debris removal
operations versus their resulting cost, thereby enabling the development of cost-effective plans.

A sensitivity analysis was conducted for the number of trucks and available TDMSs using a total of 27 test scenarios (Table 4). More
specifically, the number of trucks was increased from 50 trucks to 210 trucks with an increment of 20 trucks; and the number of
available TDMSs was varied between three, four, and five. The optimization module was utilized in each scenario to identify near-
optimal solutions for TDMSs locations and truck routing. The simulation module was used to evaluate the duration and cost of the
debris removal operations. The latter consist of (1) the cost of collecting and transporting debris to TDMSs, (2) the cost of handling the
debris within TDMSs, and (3) the cost of operating TDMSs. The debris transportation cost component was calculated based on the
distance traveled by each truck agent multiplied by a unit transportation cost of $16/mile*ton ($10/km*ton), as suggested by
Ref. [26]. Similarly, the debris handling cost was calculated based on the amount of debris handled at the TDMS multiplied by a unit
handling total cost (i.e., processing and disposal) of $166/ton, as suggested by Ref. [26]. As for the cost of operating a TDMS, it was
computed based on its floor area, with an estimated unit cost of $2000/acre/month [11].

The impact of varying the number of trucks and available TDMSs on the duration of the debris removal operations is illustrated in
Fig. 10. Results of the sensitivity analysis show that as we increase the number of trucks from 50 to 210, the total debris collection
duration is reduced by approximately 60%, regardless of the number of available TDMSs (i.e., three, four, or five) (Fig. 10a). Similarly,
the collection durations of vegetative debris and debris within urban areas are reduced by almost 80% as the number of available
trucks increases (Fig. 10b and c). Such enhanced rapidity in the collection and removal of disaster debris can positively impact the
psychological recovery of the disaster-affected community [58] and the debris recyclability [12]. The impact of increasing the number
of available TDMSs on the total duration of the debris removal operations is shown in Fig. 10d. The average values of operation
duration for different truck numbers were calculated to study this effect. The results of the sensitivity analysis show an inverse
relationship between the two (Fig. 10d). Opening more TDMSs results in more distributed facilities within the network and hence
shrinks the area covered by each facility. Therefore, the travel distance for each truck to deliver the debris decreases, resulting in a
reduction in the total operation duration. Such inverse relationship, however, was not apparent in Fig. 10c, where increasing the
number of TDMSs had a negligible effect on the collection duration of debris within urban areas. The reason is that the optimization
model does not select the locations for TDMSs in a way that minimizes the time to collect debris specifically from urban areas; the
model optimizes TDMSs locations and collection operations to minimize the overall collection time as shown in Fig. 10d. In other
words, the area covered by the extra facilities (i.e., four and five TDMSs test scenarios) selected by the optimization module is not

Table 4

Test scenarios for sensitivity analysis of debris removal resources.
Number of TDMSs Number of Trucks
3 50 70 90 110 130 150 170 190 210
4 50 70 90 110 130 150 170 190 210
5 50 70 90 110 130 150 170 190 210
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urban; hence, the added TDMSs did not contribute to quickly transferring and storing the debris from urban areas.

Fig. 11 depicts the effect of increasing resources on the total cost of the debris removal operations, as well as on its different
components (i.e., transport cost, handling cost, and TDMSs operating cost). The overall trends in Fig. 11a suggest that as more trucks
are used, the total operation cost decreases. A similar observation was reported by Ref. [11]. It should be noted that the inconsistency
of such a trend across all test scenarios in Fig. 11a can be attributed to the general setup of the optimization problem. To be more
specific, minimizing the total operation cost is not part of the objective function of the optimization algorithm, which was instead set to
minimize the total duration of the debris collection operation. Further, fluctuations in the observed trends between different scenarios
are expected due to the innate complexity of VRPs and the large number of variables existing in each scenario [47].

With regards to specific cost components, results indicate that increasing the number of trucks can have different effects. For
example, increasing the number of trucks reduces the debris processed and hence its cost, due to the reduction in the total duration of
the debris removal operations (Fig. 11b). Similarly, having more trucks reduces the TDMSs operating cost as they become operational
for a shorter duration (Fig. 11d). As for the debris transport cost, it shows negligible variations when adding more truck resources
(Fig. 11c). The reason is that the total debris removal tasks become distributed over more trucks, resulting in each truck performing
fewer tasks. Additionally, each truck becomes operational for a shorter duration due to the reduced total operation duration. As for the
impact of varying the number of TDMSs available, adding more TDMSs results in an increase in the total operation cost (Fig. 11a). With
more TDMSs, the debris handling capacity increases and thus the debris handling costs (Fig. 11b). Additional TDMSs also mean
increased total floor area, which translates to higher TDMSs operating costs (Fig. 11d). Further, as explained previously, adding extra
TDMSs would reduce the area covered by each facility, resulting in a reduction in truck travel distances and hence debris transport cost
(Fig. 11c).

As demonstrated in this section, the cost of the debris removal operations is largely impacted by its duration and the available
resources. To further evaluate the cost and time implications of changing the number of available resources, cost-per-benefit ratio was
utilized as an integrated cost-time measure, where the benefit was defined as the inverse of the total operation duration. In other
words, the benefit gained would increase as the total operation duration decreases. Fig. 12 shows the normalized cost-per-benefit ratio
variations among the test scenarios investigated in this section. According to Fig. 12, the cost-effectiveness increases as the number of
trucks increases for each of the three investigated TDMSs scenarios; however, the rate of improvement diminishes as the number of
trucks increases. For example, the cost-effectiveness improves by 63% when increasing the number of trucks from 50 to 130; however,
it only improves by 13% when increasing the number of trucks from 130 to 210. Further, while increasing the number of trucks seems
to positively affect the cost-per-benefit ratio, adding more than four TDMSs would reduce the cost efficiency of the debris removal
operations. Therefore, balancing infrastructure capacity and resources is critical to increasing the efficiency of the debris removal
operations.
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6. Conclusions

TDMSs locations are critical design parameters of the disaster debris management system, significantly impacting the logistics of
the debris collection operations. Without considering its subsequent impact on the debris collection logistics, most prior studies pri-
marily rely on geographical factors when locating TDMSs. While limited studies address both locating TDMSs and planning the debris
clean-up operations together, none provide a systematic approach that allows decision-makers to plan and prioritize the debris
collection process in a way that minimizes the social and economic impacts of the disaster debris. Additionally, existing studies do not
provide a visualization framework that enables decision-makers to better understand the debris collection process dynamics, chal-
lenges, and bottlenecks. This study addresses the current knowledge gaps by proposing an integrated simulation-based framework for
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identifying optimal TDMSs locations, taking into account both geographical factors and debris collection logistics planning. The
proposed framework enables decision-makers to set debris removal priorities based on the debris type and source location. Further, the
developed simulation model provides a visualization tool that can be used by decision-makers to identify system flaws and investigate
different operational scenarios for process improvement.

A real-world case study of debris removal planning for Liberty County, Florida, for Hurricane Michael was used to demonstrate the
proposed framework. The optimal TDMSs locations were determined in a way that satisfies relevant geographic suitability criteria and
minimizes the truck routing time for debris collection. A sensitivity analysis was also conducted to guide debris resource planning and
management. It was found that adding more trucks would reduce the duration and cost of the debris removal operations. Opening
more TDMSs, on the other hand, would decrease the duration of debris clean-up but would increase its total cost, mainly due to the
increased cost of operating the TDMSs.

The proposed framework is flexible and can be adapted to facilitate decision-making regarding disaster debris management and
planning in other geographical areas and for other disaster scenarios (i.e., by adjusting the framework’s input parameters [e.g.,
geographical characteristics, debris data, and available resources]). While this study sufficiently demonstrates its proposed integrated
framework through the case study of debris management of Liberty County, there is still room for the proposed framework to be
expanded and improved. For example, the proposed framework assumes that the entire disaster debris location, type, and volume is
known and fixed at the beginning of the recovery phase. However, in reality, that assumption might not always be true. In other words,
some debris might be relocated to the curbside from other public lands after initiating the recovery phase. The impact of non-stationary
debris on debris collection logistics can be further studied in future research work. Additionally, developing a detailed simulation
model of TDMSs’ internal operations would provide a more detailed and accurate evaluation of the amount of processed debris and
truck waiting periods. For example, in this study, it is assumed that trucks spend a fixed amount of time delivering the debris. However,
as the number of trucks increases, the waiting time might increase due to traffic and congestion inside the TDMS.

Future research is also needed to evaluate the changing nature of disaster debris based on the material properties and governing
environmental conditions. Such evaluation would be beneficial in determining time thresholds within which debris should be collected
to avoid any adverse health impacts on its surrounding community, as well as to facilitate the implementation of sustainable debris
management practices (e.g., recycling & reuse). Moreover, future studies are recommended to further investigate social aspects of post-
disaster debris collection operations. The proposed framework aims to minimize the social impact of disaster debris by minimizing the
community recovery duration and the impact of hazardous debris on the community’s health. However, there might be other social
aspects (e.g., neighborhood tolerance and disturbance, social disparities, etc.) that could potentially impact the post-disaster debris
collection operation.

Declaration of competing interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Data availability
The authors do not have permission to share data.

Acknowledgments

This study is partially supported by the U.S. National Science Foundation under award CBET-2014330. Any opinions, findings, and
conclusions expressed in this article are those of the authors and do not necessarily reflect the views of the U.S. National Science
Foundation.

References

[1] World Meteorological Organization (WMO), Weather-related disasters increase over past 50 years, causing more damage but fewer deaths (2021). https://
public.wmo.int/en/media/press-release/weather-related-disasters-increase-over-past-50-years-causing-more-damage-fewer.
[2] C.W. Babbitt, The role of clean technology research in disaster debris management, Clean Technol. Environ. Policy 21 (5) (2019) 923-924. Springer Berlin
Heidelberg.
[3] J. Choi, C. Park, N. Yesiller, T. Abichou, A spatiotemporal framework for the resilience of a post-disaster waste management system, in: Construction Research
Congress 2020: Infrastructure Systems and Sustainability, ASCE, Reston, VA, 2020, pp. 69-78.
[4] C. Brown, M. Milke, Planning for Disaster Debris Management, in: WasteMINZ Conference, 2009.
[5] M. Ghorbanzadeh, M. Koloushani, E.E. Ozguven, A. Vanli, R. Arghandeh, City transportation network vulnerability to disasters: the case of Hurricane Hermine
in Florida, Environ. Hazards (2021) 1-19.
[6] C. Brown, M. Milke, E. Seville, Disaster waste management: a review article, Waste Manag. 31 (6) (2011) 1085-1098. Elsevier Ltd.
[7]1 E.M.A. Zawawi, N.S. Yusof, Z. Ismail, Adoption of post-disaster waste management plan into disaster management guidelines for Malaysia, J. Mater. Cycles
Waste Manage., Springer Japan 20 (1) (2018) 223-236.
[8] M. Ghorbanzadeh, M. Koloushani, M.B. Ulak, E.E. Ozguven, R.A. Jouneghani, Statistical and spatial analysis of hurricane-induced roadway closures and power
outages, Energies 13 (5) (2020) 1098.
[9] F. Zhang, C. Cao, C. Li, Y. Liu, D. Huisingh, A systematic review of recent developments in disaster waste management, J. Clean. Prod. 235 (2019) 822-840.
[10] M.S. Habib, B. Sarkar, M. Tayyab, M.W. Saleem, A. Hussain, M. Ullah, M. Omair, M.W. Igbal, Large-scale disaster waste management under uncertain
environment, J. Clean. Prod. 212 (2019) 200-222. Elsevier Ltd.
[11] J. Kim, A. Deshmukh, M. Hastak, A framework for assessing the resilience of a disaster debris management system, Elsevier Ltd, Int. J. Disaster Risk Reduc. 28
(2018) 674-687. January.
[12] United States Environmental Protection Agency (USEPA), Planning for Natural Disaster Debris, 2019.

16


https://public.wmo.int/en/media/press-release/weather-related-disasters-increase-over-past-50-years-causing-more-damage-fewer
https://public.wmo.int/en/media/press-release/weather-related-disasters-increase-over-past-50-years-causing-more-damage-fewer
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref2
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref2
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref3
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref3
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref4
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref5
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref5
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref6
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref7
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref7
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref8
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref8
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref9
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref10
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref10
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref11
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref11
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref12

N. Nickdoost et al.

[13]
[14]
[15]

[16]
[17]

[18]
[19]
[20]
[21]
[22]

[23]
[24]

[25]
[26]
[27]
[28]
[29]

[30]
[31]

[32]
[33]

[34]
[35]
[36]
[37]
[38]
[39]
[40]
[41]

[42]
[43]

[44]
[45]
[46]
[471
[48]
[49]
[50]
[51]
[52]
[53]

[54]
[55]

International Journal of Disaster Risk Reduction 80 (2022) 103215

C. Cheng, R.G. Thompson, Application of boolean logic and GIS for determining suitable locations for temporary disaster waste management sites, Elsevier, Int.
J. Disaster Risk Reduc. 20 (2016) 78-92. October.

H. Jalloul, J. Choi, S. Derrible, N. Yesiller, Towards sustainable management of disaster debris: three-phase post-disaster data collection planning, Construct.
Res. Congress 2022 (2022). ASCE.

N. Nickdoost, J. Choi, A framework to determine the optimal locations of temporary debris management sites in response to a hurricane event, in: Proceedings of
the Canadian Society of Civil Engineering Annual Conference 2021, Springer, Singapore, 2023, pp. 287-299.

United States Federal Emergency Management Agency (FEMA), Public Assistance: Debris Management Guide, 2007.

S. Grzeda, T.A. Mazzuchi, S. Sarkani, Temporary disaster debris management site identification using binomial cluster analysis and GIS, Disasters 38 (2) (2014)
398-419.

M.S. Habib, B. Sarkar, An integrated location-allocation model for temporary disaster debris management under an uncertain environment, Sustainability 9 (5)
(2017).

M.S. Habib, M.H. Magsood, N. Ahmed, M. Tayyab, M. Omair, A multi-objective robust possibilistic programming approach for sustainable disaster waste
management under disruptions and uncertainties, Int. J. Disaster Risk Reduc. 75 (2022), 102967. Elsevier Ltd.

Y. Lee, Y. Kim, H. Lee, Framework for selection of temporary disaster waste management sites for post-flood recovery in Seoul, South Korea, Int. J. Disaster Risk
Reduc. 71 (2022), 102832. Elsevier Ltd.

C. Boonmee, M. Arimura, T. Asada, Location and allocation optimization for integrated decisions on post-disaster waste supply chain management: on-site and
off-site separation for recyclable materials, Elsevier Ltd, Int. J. Disaster Risk Reduc. 31 (2018) 902-917. July.

C. Cheng, R. Zhu, A.M. Costa, R.G. Thompson, Optimisation of waste clean-up after large-scale disasters, in: Waste Management vol. 119, Elsevier Ltd, 2021,
pp. 1-10.

G. Fetter, T. Rakes, Incorporating recycling into post-disaster debris disposal, Soc. Econ. Plann. Sci. 46 (1) (2012) 14-22. Elsevier Ltd.

A. Lorca, M. Gelik, O. Ergun, P. Keskinocak, An optimization-based decision-support tool for post-disaster debris operations, Prod. Oper. Manag. 26 (6) (2017)
1076-1091.

K. Onan, F. Ulengin, B. Sennarollu, An evolutionary multi-objective optimization approach to disaster waste management: a case study of Istanbul, Turkey,
Expert Syst. Appl. 42 (22) (2015) 8850-8857.

Z. Wang, H. Hu, M. Guo, J. Gong, Optimization of temporary debris management site selection and site service regions for enhancing postdisaster debris removal
operations, Comput. Aided Civ. Infrastruct. Eng. 34 (3) (2019) 230-247.

H. Jalloul, J. Choi, N. Yesiller, D. Manheim, S. Derrible, A systematic approach to identify, characterize, and prioritize the data needs for quantitative
sustainable disaster debris management, Resour. Conserv. Recycl. 180 (2022), 106174.

V. Karavezyris, K.-P. Timpe, R. Marzi, Application of system dynamics and fuzzy logic to forecasting of municipal solid waste, Math. Comput. Simulat. 60 (3-5)
(2002) 149-158.

N. Kollikkathara, H. Feng, D. Yu, A system dynamic modeling approach for evaluating municipal solid waste generation, landfill capacity and related cost
management issues, Waste Manag. 30 (11) (2010) 2194-2203.

H.-Y. Lin, J.-J. Kao, Grid-based heuristic method for multifactor landfill siting, J. Comput. Civ. Eng. 19 (4) (2005) 369-376.

J. Kim, A. Deshmukh, M. Hastak, Selecting a temporary debris management site for effective debris removal, in: 10th Annual Conference of the International
Institute for Infrastructure Renewal and Reconstruction, Purdue University Press, 2014, pp. 214-218.

M. Uyan, MSW landfill site selection by combining AHP with GIS for Konya, Turkey, Environ. Earth Sci. 71 (4) (2014) 1629-1639.

M. Longman, S.B. Miles, Using discrete event simulation to build a housing recovery simulation model for the 2015 Nepal earthquake, Int. J. Disaster Risk
Reduc. 35 (2019), 101075.

M. Debacker, F. Van Utterbeeck, C. Ullrich, E. Dhondt, I. Hubloue, SIMEDIS: a discrete-event simulation model for testing responses to mass casualty incidents,
J. Med. Syst. 40 (12) (2016) 1-15.

S. Khanmohammadi, H. Farahmand, H. Kashani, A system dynamics approach to the seismic resilience enhancement of hospitals, Int. J. Disaster Risk Reduc. 31
(2018) 220-233.

E. Bonabeau, Agent-based Modeling: Methods and Techniques for Simulating Human Systems, in: Proceedings of the National Academy of Sciences of the
United States of America, 2002.

W.C. Baldwin, B. Sauser, R. Cloutier, Simulation approaches for system of systems: events-based versus agent based modeling, Procedia Comput. Sci. 44 (C)
(2015) 363-372. Elsevier Masson SAS.

C. Macal, M. North, Introductory tutorial: agent-based modeling and simulation, in: Proceedings - Winter Simulation Conference, IEEE, 2015-Janua, 2015,
pp. 6-20.

N. Hooshangi, A. Alesheikh, Developing an agent-based simulation system for post-earthquake operations in uncertainty conditions: a proposed method for
collaboration among agents, ISPRS Int. J. Geo-Inf. 7 (1) (2018) 27.

M.S. Eid, I.H. El-adaway, Decision-making framework for holistic sustainable disaster recovery: agent-based approach for decreasing vulnerabilities of the
associated communities, J. Infrastruct. Syst. 24 (3) (2018), 04018009.

A. Mostafavi, A system-of-systems framework for exploratory analysis of climate change impacts on civil infrastructure resilience, Sustain. Resilient Infrastruct.
3 (4) (2018) 175-192. Taylor & Francis.

A. Mostafavi, D. Abraham, D. Delaurentis, Ex-ante policy analysis in civil infrastructure systems, J. Comput. Civ. Eng. 28 (5) (2014) 1-14.

T. Tabata, Y. Wakabayashi, P. Tsai, T. Saeki, Environmental and Economic Evaluation of Pre-disaster Plans for Disaster Waste Management: Case Study of
Minami-Ise vol. 61, Waste Management, Elsevier Ltd, Japan, 2017, pp. 386-396.

G. Kakareko, S. Jung, E.E. Ozguven, Estimation of tree failure consequences due to high winds using convolutional neural networks, Int. J. Rem. Sens. 41 (23)
(2020) 9039-9063.

United States Federal Emergency Management Agency (FEMA), Hazus-MH 2.1 Hurricane Model User Manual, 2018.

M. Kakooei, Y. Baleghi, Fusion of satellite, aircraft, and UAV data for automatic disaster damage assessment, Int. J. Rem. Sens. 38 (8-10) (2017) 2511-2534.
J. Pasha, M.A. Dulebenets, M. Kavoosi, O.F. Abioye, H. Wang, W. Guo, An optimization model and solution algorithms for the vehicle routing problem with a
‘factory-in-a-box, IEEE Access 8 (2020) 134743-134763.

T. van Benthem, M. Bergman, M. Mes, Solving a bi-objective rich vehicle routing problem with customer prioritization, in: International Conference on
Computational Logistics, Springer, Cham, 2020, pp. 183-199.

S.N. Kumar, R. Panneerselvam, A survey on the vehicle routing problem and its variants, Intell. Inf. Manag. 4 (3) (2012) 66-74.

V.F. Yu, P. Jewpanya, A.A.N.P. Redi, Open vehicle routing problem with cross-docking, Comput. Ind. Eng. 94 (2016) 6-17.

H. Bae, I. Moon, Multi-depot vehicle routing problem with time windows considering delivery and installation vehicles, Appl. Math. Model. 40 (13-14) (2016)
6536-6549.

M. Qiu, Z. Fu, R. Eglese, Q. Tang, A Tabu Search algorithm for the vehicle routing problem with discrete split deliveries and pickups, Comput. Oper. Res. 100
(2018) 102-116.

Associated Press, Florida City Makes Last Hurricane Michael Debris Payment, US News, 2021. https://www.usnews.com/news/best-states/florida/articles/
2021-09-01/florida-city-makes-last-hurricane-michael-debris-payment.

United States Federal Emergency Management Agency (FEMA), Public Assistance Debris Monitoring Guide, 2020.

P. Cooley, E. Solano, Agent-based model (ABM) validation considerations, in: SIMUL 2011, the Third International Conference on Advances in System
Simulation, (C), 2011, pp. 134-139.

17


http://refhub.elsevier.com/S2212-4209(22)00434-4/sref13
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref13
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref14
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref14
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref15
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref15
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref16
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref17
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref17
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref18
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref18
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref19
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref19
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref20
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref20
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref21
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref21
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref22
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref22
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref23
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref24
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref24
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref25
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref25
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref26
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref26
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref27
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref27
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref28
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref28
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref29
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref29
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref30
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref31
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref31
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref32
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref33
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref33
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref34
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref34
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref35
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref35
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref36
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref36
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref37
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref37
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref38
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref38
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref39
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref39
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref40
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref40
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref41
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref41
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref42
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref43
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref43
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref44
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref44
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref45
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref46
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref47
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref47
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref48
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref48
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref49
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref50
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref51
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref51
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref52
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref52
https://www.usnews.com/news/best-states/florida/articles/2021-09-01/florida-city-makes-last-hurricane-michael-debris-payment
https://www.usnews.com/news/best-states/florida/articles/2021-09-01/florida-city-makes-last-hurricane-michael-debris-payment
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref54
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref55
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref55

N. Nickdoost et al. International Journal of Disaster Risk Reduction 80 (2022) 103215

[56] M. Darvishi, G. Ahmadi, Validation techniques of agent based modelling for geospatial simulations, International Archives of the Photogrammetry, Remote
Sensing and Spatial Information Sciences - ISPRS Archives 40 (2W3) (2014) 91-95.

[57] United States Federal Emergency Management Agency (FEMA), Air Curtain Incineration of Vegetative Debris to Begin in the U.S. Virgin Islands, 2017.

[58] Z.H. Hu, J.B. Sheu, C. Wei, S.L. Hu, Post-storm debris removal considering traffic and psychological impacts, Transportmetrica: Transport. Sci. 15 (2) (2019)
1145-1174.

18


http://refhub.elsevier.com/S2212-4209(22)00434-4/sref56
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref56
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref57
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref58
http://refhub.elsevier.com/S2212-4209(22)00434-4/sref58

	An integrated framework for temporary disaster debris management sites selection and debris collection logistics planning u ...
	1 Introduction
	2 Literature review
	3 Methodology
	3.1 Suitability analysis module
	3.2 Simulation module
	3.3 Optimization module

	4 TDMSs selection and debris logistics planning: a case study of Liberty County, Florida, in response to Hurricane Michael
	5 Managerial insights
	6 Conclusions
	Declaration of competing interest
	Data availability
	Acknowledgments
	References


