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As wildfires intensify due to climate change, managing the surge of electronic waste (e-waste) in
affected areas is a growing environmental challenge. This study presents an innovative decision-
making framework that integrates wildfire diffusion modeling, geospatial analytics, and
optimization strategies to estimate and efficiently manage e-waste generated after a wildfire. By
simulating wildfire spread and identifying impacted population, the framework assesses e-waste
volume and optimizes transportation logistics to recycling facilities. It also evaluates the feasibility
of temporary recycling sites to enhance efficiency. Using Butte County in California as a case
study, this research offers actionable insights to strengthen disaster response, minimize
environmental risks, and promote circular economy practices in post-disaster recovery. While the
case study focuses on wildfires, the framework is generalizable to other disaster contexts where
rapid e-waste assessment and recovery are essential. The findings empower policymakers and

urban planners with data-driven strategies for sustainable and resilient cities.
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I. INTRODUCTION

Disasters produce massive amounts of
debris in affected regions, posing significant
challenges. Although the primary focus of
disaster management systems is saving lives,
managing debris is also critical. Improper
handling can lead to severe environmental,
social, and economic risks, including pollution,
public health hazards, and disruption to local
economies. For example, wildfires can lead to
elevated soil contamination, particularly with
heavy metals from the combustion of
anthropogenic materials, as observed in the
2021 Marshall Fire (Jech et al., 2024).
Therefore, developing proactive strategies is

essential to enhance the preparedness of disaster
management systems to effectively manage
debris and mitigate the risks.

One type of debris generated after a
disaster is e-waste. Although it may be smaller
in volume compared to other debris, such as
building materials (Leader et al., 2018),
neglecting its proper collection and recovery
can lead to significant consequences. The e-
waste issue in Accra highlights an example of
environmental contamination worsened by
floods. Flooding carried toxic metals from
burning and dumping sites into the Odaw River
and Korle Lagoon, which eventually flowed
into the Gulf of Guinea (Daum et al., 2017).
With projections indicating a rise to 74 million
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tons by 2030 (Withanage & Habib, 2021),
addressing the global problem of e-waste
generated after disasters is critical.

This study explores the issue of e-waste
generated by wildfires, with a particular focus
on California—one of the regions that has been
severely impacted by these catastrophic events.
As shown in Figure 1, California has
experienced widespread wildfires since 1878,

with nearly every part of the state affected by
past fires. The most recent wildfires, which
devastated the mountainous areas of Los
Angeles County in January 2025, highlight the
ongoing threat. Among California's most
destructive fires was the Camp Fire in Butte
County, which tragically claimed 86 lives and
destroyed nearly 19,000 structures, including
much of the town of Paradise (Edgeley, 2022).
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To enhance the e-waste recovery
resilience of a region, an analytical framework
is developed that aims to answer three critical
questions: 1) How much e-waste will be
generated in the aftermath of a wildfire?; 2)
How can local recycling facilities be utilized
most effectively to manage the e-waste?; and 3)
If available recycling facilities are located far
from the affected areas, how can we assess the
feasibility of setting up temporary recycling
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FIGURE 1. WILDFIRE PERIMETERS IN CALIFORNIA (1878-2023). BUTTE COUNTY
HIGHLIGHTED IN BLUE. DATA SOURCE: [CALIFORNIA STATE GEOPORTAL,
HTTPS://GIS.DATA.CA.GOV/DATASETS]

sites to reduce costs and improve efficiency?
The framework integrates a wildfire spread
simulation model with advanced optimization
techniques and uses geospatial data to estimate
the total population impacted and the resulting
e-waste generated. This approach provides
actionable insights for more effective e-waste
management and recovery following wildfires.

Although this paper focuses on
wildfires, the proposed framework is applicable
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to other types of disasters, such as floods,
hurricanes, or earthquakes, where infrastructure
damage leads to large-scale e-waste generation.
The wildfire case study is used here to
demonstrate the model’s capabilities in a high-
risk and data-rich context. While the framework
uses wildfire simulation to estimate impacted
populations and e-waste generation, the
simulation component is mainly intended for
pre-disaster planning and preparedness. In real
post-disaster ~ scenarios, observed  burn
perimeters and population impact data can
replace the simulated inputs. This dual
functionality ensures that the framework is
adaptable to both planning and response
contexts.

The reminder of this paper is organized
as follows: Section 2 provides an overview of
the relevant literature. In Section 3, the method
of this study is explained. Section 4 discusses
estimating e-waste from wildfire spread by
simulating its impact on the area and
population. Section 5 presents strategies to
optimize e-waste recovery by allocating it to
operational recycling facilities and considering
the possibility of opening temporary sites. It
follows by discussing the findings of this study
in Section 6. The last section outlines the
limitations of this study and suggests directions
for future research.

II. BACKGROUND

This section highlights four areas of
relevant literature. The first explores the
development of models for wildfire spread. The
second examines the quantification of e-waste
generated by natural disasters. The third
explores the application of analytical models in
e-waste management, focusing on strategies to
optimize cleanup and recovery operations. The
final area evaluates the resilience of disaster
management systems and communities. The
section concludes by presenting the research

questions addressed in this study, showing the
contributions of this work.

Wildfire propagation models differ in
complexity, required inputs, and computational
performance. These differences reflect the
specific assumptions and objectives behind
each modeling approach. Most models fall into
four main categories: physics-based models,
mechanistic surrogates, empirical or statistical
models, and machine learning—based
approaches (Sadrabadi & Innocente, 2024).
Physics-based models, such as FDS, FIRETEC,
and WRF-FIRE, rely on the fundamental laws
of fluid dynamics, heat transfer, and combustion
chemistry to replicate  fire—atmosphere
interactions with high precision (Hanson et al.,
2000). These models offer detailed and realistic
simulations but often require extensive
environmental data and long runtimes
(Kremens et al., 2010). As a result, their
application is typically limited to research
settings rather than real-time or large-scale
operational use.

Mechanistic surrogate models, such as
FARSITE and FDS-LS, apply simplified rules
and geometric approximations to simulate fire
growth. Although these models do not represent
fire physics explicitly, they still capture
essential fire behavior trends and allow faster
computation (Finney, 1998). Empirical and
statistical models use relationships derived from
historical fire data and landscape characteristics
to estimate fire spread or risk. These models
offer practical solutions for large-scale risk
assessment and scenario analysis, especially
when detailed environmental data are
unavailable (Holdrege et al., 2024). Machine
learning and hybrid models form a newer
category that uses historical fire records or
synthetic training data to approximate fire
spread patterns (Cheng et al., 2022). These
models can produce fast, data-efficient
predictions and often require less environmental
input.

In this study, we decided to use a
random walk algorithm to simulate wildfire
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spread due to its simplicity and ability to
illustrate the functionality of the decision-
support framework without imposing high
computational demands or requiring detailed
environmental data. Although it does not
capture the full complexity of wildfire
dynamics, its stochastic nature reflects the
unpredictability of factors like wind direction
and speed. Random walk models have also been
effectively used in previous disaster spread
studies (Asano & Nagayama, 2021; Deshmukh
& Bamnote, 2024). Most importantly, the
framework is modular. The wildfire simulation
component can be replaced with more
sophisticated models such as FARSITE,
FlamMap, or CAWFE, or with observed fire
perimeters, making the approach flexible and
adaptable to a range of real-world scenarios.
The second research stream aims to
quantify the volume of e-waste generated
following natural disasters. Tabata et al. (2018)
estimates material stock from consumer goods
in housing by analyzing ownership and
expenditure data, considering housing type and
floor area. Through surveys and material
intensity coefficients, they assess the weight of
consumer goods and estimates potential waste
generated during floods. Another study employs
a method that involves documenting household
consumer durables and creating a mass per unit
database using web-based and statistical
surveys (Tabata et al., 2016). It estimates
current and future disaster waste quantities,
aiding in pre-disaster waste management and
recycling planning. Ishibashi et al. (2021)
estimate disaster waste from the anticipated
Nankai Trough earthquake using a risk-based
method with Monte Carlo simulations and
geographical data, supporting pre-disaster
planning. For floods, Park et al. (2020) show
Bayesian inference improves flood waste
estimation accuracy over deterministic
methods, especially for post-event predictions.
However, the studies in this area have not
sufficiently addressed the quantification of e-

waste generated from wildfires, a gap that this
study aims to fill.

The third relevant group of studies has
focused on using analytical models to
efficiently manage debris generated after
natural disasters. This includes, but is not
limited to, employing a multiobjective
optimization approach for selecting temporary
debris management sites (Wang et al., 2019),
developing stochastic mixed integer linear
programming models to optimize the reverse
logistics network for debris from proactive
demolition (Nayeem & Abbaas, 2024),
presenting a robust machine learning approach
for optimizing debris removal operations during
the disaster response phase (Vahdani, 2023),
and developing a Markov decision process
model to optimize road clearing during disaster
response (Celik et al., 2015). While numerous
studies have focused on improving the
efficiency of debris cleanup and recycling
processes, there is a noticeable gap in research
addressing the management of e-waste recovery
and recycling logistics following wildfires. This
study aims to address and fill this gap.

Several studies have explored assessing
and improving resilience in disaster-prone
areas. Lin et al. (2022) develop a resilience
assessment framework for Taiwan's hillside
communities. Their study focuses on
environmental, hazard, and response factors to
improve preparedness for debris-flow disasters.
Fuzzy Delphi and AHP methods are used to
identify key resilience indicators. In another
study, Hu et al. (2025) assess the resilience of
road networks to volcanic debris flows using
simulation results and key indices like node
degree and centrality. As the final example,
Tiedmann et al. (2023) explore the evolution of
water infrastructure resilience in Texas after
Winter Storm Uri. They analyze challenges and
improvements across economic, environmental,

governance, infrastructure, and  social
dimensions to strengthen future hazard
preparedness and public health. While

numerous studies exist in this field, assessing
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the resilience of e-waste recycling systems has
not been studied. This paper fills this gap by
evaluating the risk of wildfire impact on
existing recycling facilities in the affected area.
This paper addresses gaps in post-
wildfire e-waste management by focusing on
the estimation and optimal allocation of e-waste
in wildfire-affected areas. Research gaps
include the estimation of e-waste generation
after wildfires, the efficient management of e-
waste using recycling facilities, and the
assessment of the resilience of recycling
systems. The study simulates wildfire spread,
estimates impacted populations, and calculates
e-waste generation based on consumer
electronics usage. It also examines the logistics
of transporting e-waste to existing recycling
facilities and assesses the feasibility of
establishing temporary facilities in safe areas.

ITI. POST-WILDFIRE E-WASTE
MANAGEMENT: DECISION-MAKING
FRAMEWORK

A decision-making framework is
designed to estimate the e-waste generated by
wildfires in a region and optimize its allocation
to recycling facilities. It also identifies the need
for temporary recycling facilities to support
existing ones in efficiently managing the e-
waste. The framework leverages optimization
modeling and geospatial data to achieve its
objectives. The process begins by using a
diffusion model to simulate the spread of
wildfire from an initial location over time. The
framework uses parcel data to estimate the
number of people affected by the wildfire,
including those who may have already received
evacuation notices. Consumer electronics
consumption data is then used to calculate the
total e-waste generated in the fire-impacted
area.

It is important to note that the simulation
model serves as a flexible planning tool to
evaluate potential scenarios and inform pre-

disaster decision-making. When accurate post-
disaster data become available, the simulation
can be bypassed and the downstream
optimization components of the framework can
operate on actual fire perimeters and impact
data. For simplicity and generalizability, the
model also assumes that all recycling facilities
are general-purpose and capable of handling a
broad spectrum of e-waste. This assumption
allows us to focus on system-level logistics and
planning, while acknowledging that real-world
operations often involve specialized facilities
with varying capabilities.

To streamline the e-waste collection
process, the affected area should to be divided
into sub-regions based on factors such as
topography, elevation, natural boundaries, and
population density. The generated e-waste in
each sub-region is stored at temporary locations
such as each region's centroid before being
shipped to recycling facilities for processing
and recovery.

The final step in this framework focuses
on the efficient transportation of e-waste from
affected sub-regions to recycling facilities. This
begins with identifying formal recycling
facilities and ensuring they are operational and
unaffected by the wildfire. Once confirmed, an
optimization problem is formulated to
determine the optimal distribution of e-waste
among the available facilities, aiming to
minimize shipping costs. To enhance cost-
efficiency, a second optimization model is
introduced to evaluate the feasibility of
constructing temporary recycling facilities. This
model assesses whether establishing these
facilities near fire-affected areas would be more
economical than relying solely on existing
permanent facilities that might be located
farther away.

To demonstrate the implications of the
framework, a detailed numerical example
focused on Butte County, California, is
presented. A two-dimensional random walk
algorithm simulates the propagation of a
wildfire originating from the same location as
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the 2018 Camp Wildfire. Geospatial data of the
county is used to estimate the total population
affected by the wildfire and the amount of e-
waste generated. The county is divided into four
regions based on latitude and longitude
thresholds. The first optimization model
identifies existing recycling facilities to manage
the e-waste. Subsequently, the second
optimization model is implemented. By
analyzing historical wildfire perimeter data,
safe zones, areas that have never experienced
wildfires, are identified. Temporary recycling
facilities are then randomly placed within these
safe zones to enhance the county's emergency
response and waste management capabilities.

IV. ESTIMATING POST-WILDFIRE
ELECTRONIC WASTE

One of the main questions addressed in
this paper is: How much e-waste will be
generated in an area following a wildfire? To
answer this, the first step is to simulate how the
wildfire starting from a specific geographical
location will spread across the region.
Subsequently, it is needed to estimate the fire-
affected area and assess the impact on
infrastructure. Although there are numerous
models to simulate wildfire spread, a two-
dimensional random walk algorithm is used in
this study, defined as follows:
{xi = x;_1 + As;.cos (6;) ()

Yi = Yi-1 T As;.sin (6;)

This algorithm may seem simplistic for
simulating wildfire spread in real-world
scenarios. It overlooks the complex interactions
between weather, topography, and fuel types.
However, it is used primarily to demonstrate
how the decision-support framework works. In
(1), x; and y; represent the coordinates, 4s; is the
random step size, and 6; is the random angle of
direction in step i of the algorithm. As;cos(6;)
represents the displacement in the x-direction,
while 4s;sin(6;) represents the displacement in
the y-direction. Each step involves a movement

in a random direction and for a random distance.
The algorithm is run for N steps. The
randomness in both direction and distance
reflects the unpredictable nature of factors such
as wind.

A numerical example is used to
demonstrate the algorithm. The initial wildfire
location is set to the coordinates xp and yy, which
correspond to the starting point of the Camp
Wildfire, the most destructive wildfire in
California’s history. The step sizes are
randomly generated from a normal distribution
with a mean of 0.0008 degrees and a standard
deviation of 0.0003 degrees. Since one degree
of latitude equals approximately 111,045 meters
and one degree of longitude equals
approximately 87,870 meters, an average step
size of 0.0008 degrees corresponds to a
movement of approximately 89 meters north or
south and 70 meters east or west. The number
of steps is set to 200,000, and the direction angle
is randomly selected from a uniform
distribution between 0 and 2z. This allows the
wildfire to spread in any direction. It reflects its
natural randomness influenced by wind and
other environmental factors. Capturing the
speed at which wildfires spread is generally
challenging, as demonstrated by the rare case of
the Camp Wildfire. During its first three days,
the fire expanded from 20,000 to 70,000 acres
(Qian et al., 2021).

Figure 2 shows the final wildfire spread
within Butte County, marked by red scatter
dots. To assess the impact on the population,
parcel data maps are used to identify the total
number of residents in the fire-affected areas. It
is assumed that the wildfire caused severe
damage, destroying all electronic devices found
during cleanup. An area of 304.74 km? of land
has been affected by the wildfire, with a total
population of 18,300 in the impacted region. It
is challenging to estimate the total number of
electronic devices owned by residents in the
fire-affected area, including both active and
unused devices, as this number fluctuates over
time. In California, the average annual
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consumption of consumer electronics is
reported to be 10 kg per person (California
Department of Tax and Fee Administration,
2018). It is then assumed this number represents
the average total weight of devices owned per
capita each year. This means that, annually,
each person discards 10 kg of old devices and
acquires 10 kg of new devices each year. Based

on this average, and given that 18,297
individuals are affected by the wildfire, it is
estimated that the total amount of e-waste
generated due to the wildfire is 182,970 kg.
Alternative approaches, such as conducting a
survey or using more specific regional data,
could provide a more precise estimate.
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Next, the total e-waste generated should be
effectively recycled. In Butte County, there are
six official e-waste recycling facilities, as
shown in Figure 2. To ensure efficient recycling
of post-wildfire e-waste, it is assumed that
cleanup operations begin as soon as conditions
allow, with the goal of promptly collecting
generated e-waste once access and resources are
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FIGURE 2. SIMULATED WILDFIRE SPREAD WITHIN BUTTE COUNTY, WITH
RECYCLING CENTERS AND MAJOR CITIES OVERLAID.

available. As depicted in Figure 2, recycling
facilities 3 and 4 are within the fire-affected area
and are therefore not operational for e-waste
processing. Consequently, e-waste must be
redirected to the remaining operational
facilities. In the next section, an optimization
model is designed to find the most effective and
cost-efficient shipment plan.
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V. RECYCLING PLANNING

5.1. Optimizing Recycling with Existing
Facilities

Following the estimation of e-waste
generated in the fire-affected area, the next step
is to determine a cost-effective strategy for
recovering the e-waste to  mitigate
environmental risks. This involves identifying
the recycling facilities that are operational and
unaffected by the wildfire, evaluating their
capacity to process e-waste, and allocating a
share of the e-waste for recycling at these
facilities. The problem can be modeled as a
transportation optimization problem, where the
recycling facilities operate under capacity
constraints. The general structure of this
problem is outlined as follows:

Minimize Z = Y jex Yies @;jd;jXij (2)
subject to Y jcx Xies Xij = Dies Wi (3)
YiesXij < ¢j, VjEK 4)
Yjek Xij = Wi, Vies (5)
0<ux Vies ©6)

The objective function defined in (2) aims to
minimize the total cost of shipping e-waste
generated in the fire-affected area to a set of

recycling facilities located outside this area,
denoted as K. In this context, x;; represents the
amount of e-waste received by recycling facility
j from region i of the fire-affected area. The
recycling facility j is located at a distance d;
from the centroid of region i. a;; represents the
cost per unit distance between the centroid of
region i and the recycling facility j. The
constraint specified in (3) ensures that the total
amount of e-waste received by all recycling
facilities matches the total amount of e-waste
generated in the fire-affected area. Additionally,
each recycling facility has a limited capacity for
processing e-waste, denoted as c¢. The
constraints in (4) ensure that the total amount of
e-waste received by each facility does not
exceed its capacity. The constraints in (5)
guarantee that the total amount of e-waste
leaving a region is equal to the amount of e-
waste generated within that region. The
decision to divide a fire-affected area into
subregions is made to facilitate the efficient
cleanup and collection of e-waste generated in
the area. The division could be based on factors
such as the severity of the damage, geographic
boundaries, and the ease of access to each area.
In this model, it is assumed that the e-waste
depots are located at the center of each
subregion to optimize logistics. From these
depots, e-waste is then transported to recycling
facilities for final processing.
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In Butte County, e-waste recycling is
available at six locations, denoted as RF; for
i=1, 2,...,6, as shown in Figure 2. However,
recycling facilities 3 and 4 are not operational
as they are located within the fire-affected area.
The remaining operational recycling facilities
are shown in Figure 3. Since specific
information about the recycling capacity of
these facilities is unavailable, it is assumed that
each facility can handle between 40 to 60 metric
tons of e-waste. Additionally, the model
assumes homogeneous processing capabilities
across facilities, meaning each can accept any
type of e-waste. This simplification is intended
to demonstrate the core logistics framework. In
practice, specialized facilities may only handle
certain e-waste types, which can be
incorporated in future model refinements. The

-121.6

-121.4 -121.2
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FIGURE 3. E-WASTE DISTRIBUTION NETWORK, INCLUDING E-WASTE DEPOTS IN
THE CENTROIDS OF WILDFIRE REGIONS AND EXISTING RECYCLING FACILITIES
WITHIN BUTTE COUNTY

fire-affected area is divided into four sub-
regions based on randomly chosen latitude and
longitude coordinates. The sub-regions are
defined by their relative positions of both
latitude and longitude to the chosen
geographical thresholds.

The distances from each facility to the
centroid of each region are calculated using
their geographical coordinates. All costs per
unit distance are assumed to be constant, set to
$1. Following the wildfire, a total of 182,970 kg
of e-waste is generated, with 55,140 kg in
region 1 (the bottom-right region), 14,300 kg in
region 2 (the top-right region), 84,360 kg in
region 3 (the bottom-left region), and 29,180 kg
in region 4 (the top-left region). The
optimization problem is then solved using
Gurobi solver to determine the most efficient
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transportation  strategy for the e-waste,
considering the remaining four facilities. The
optimization results are summarized in Table 1.

5.2. Assessing Temporary Recycling Need

As illustrated in Table 1, recycling
facilities 1, 2, 5, and 6 handle all e-waste
processing. However, certain scenarios may
require the establishment of some temporary
recycling facilities. For example, if the
combined capacity of the existing facilities is
insufficient to manage the total e-waste
generated after a wildfire, particularly if some
facilities are impacted by the wildfire, new
recycling centers may need to be constructed.

Additionally, it may be more cost-effective to
open temporary recycling sites rather than
relying solely on existing facilities. The crucial
question then arises: where should these
additional recycling facilities be located? In
practice, temporary standalone e-waste
recycling facilities are rare due to their cost and
complexity. Disaster recovery operations
typically rely on centralized debris management
sites where multiple waste streams, including e-
waste, are sorted before being routed to
appropriate permanent facilities. In our model,
temporary e-waste facilities represent a stylized
abstraction of such multi-purpose debris sites,
focused specifically on the e-waste stream.

TABLE 1. OPTIMIZED E-WASTE TRANSPORTATION TO THE EXISTING RECYCLING

FACILITIES
Fire-affected Regions
Recycling Facilities, RF' | Region 1 Region2 Region3 Region 4 Total
RF, - - 48,906 kg - 48,906 kg
RF> 52,017 kg - - 52,017 kg
RF; Non-operational due to wildfire damage
RF,4 Non-operational due to wildfire damage
RFs 3,123 kg - 21,906 kg - 25,029 kg
RFs - 14,300 kg 13,548 kg 29,180 kg | 57,028 kg
Total: | 55,140 kg 14,300 kg 84,360 kg 29,180 kg

To determine the optimal locations for
new recycling facilities, one strategy is to target
regions that have historically remained
unaffected by wildfires, based on past wildfire
perimeter data, and are considered safe. This
approach could serve as a long-term strategic
decision, allowing the temporary recycling
facilities established in these areas to be utilized
for future wildfire-related incidents. Figure 4
displays the wildfire perimeters in Butte County
from 1878 to 2023. In this study, a safe location
is defined as a geographic area that is
sufficiently distant from historical wildfire

perimeters. For example, a location located at
least 5 km away from any area that has
experienced a wildfire could be considered a
potential site for opening a recycling facility.
The green areas in Figure 4 represent potential
regions deemed safe for temporary recycling
sites. The decision to select specific locations
within these safe areas depends on additional
factors, such as land availability and proximity
to the fire-affected area.

The optimization problem in (2)-(6)
should be revised to analyze the new scenario as
follows:
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FIGURE 4. MAP OF BUTTE COUNTY SHOWING THE HISTORICAL WILDFIRE
PERIMETERS, MAJOR CITIES, SAFE AREAS 5+ KM AWAY FROM THE WILDFIRE,
AND THE TEMPORARY RECYCLING FACILITIES.

Minimize Z = Y jex Yies @ijd;jXij + Xjer Dies AijdijXij + Xjer [V, (7
subject to Y jex Xies @;ijd;jXij + Xjer Dies AijdijXij = Xies Wi (8)
YiesXij < ¢j, VjEK )

YiesXij < G Y, VjET (10)

0<x;, yj€{01}, VieSVje(KUT) (11)

In this model, x; still represents the
amount of e-waste transported from region i to
recycling facility j. The recycling facilities
consist of both existing (permanent) sites and
potential temporary sites. The binary decision
variable ); indicates whether a temporary
facility j is opened, where y=1 if the facility is
utilized in the optimal solution. The fixed cost
associated with opening a temporary facility j is
denoted by f;. The objective function in equation
(7) calculates the total cost, which includes the
transportation costs of shipping e-waste from
the fire-affected regions to the recycling

facilities, along with the fixed costs of opening
any temporary facilities. Constraint (8) ensures
that the total e-waste shipped from the fire-
affected regions equals the total amount
received by the recycling facilities, maintaining
a balance in the e-waste flow. Constraint (9)
ensures that the amount of e-waste received by
the already-built recycling facilities does not
exceed their capacity. Similarly, constraint (10)
guarantees that any e-waste received by
temporary recycling facilities, if opened,
remains within their respective capacity limits.
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To illustrate the model's impact, three
candidate locations for temporary recycling
facilities are identified randomly, as shown in
Figure 4, with capacities randomly assigned
between 20 and 40 metric tons. All other
parameters remain consistent with the previous

optimization model. The optimization results,
displayed in Table 2, reveal a strategic shift: no
e-waste is directed to permanent recycling
facility 5, as it is now more cost-effective to
activate temporary facilities 1 and 3.

TABLE 2. OPTIMIZED E-WASTE TRANSPORT TO THE EXISTING AND
TEMPORARY RECYCLING FACILITIES.

Fire-affected Regions
Recycling Facilities, RF Region 1 Region 2 Region 3 Region 4 Total
RF; - - 48,906 kg - 48,906 kg
RF> 52,017 kg - - - 52,017 kg
RF; Non-operational due to wildfire damage
RF4 Non-operational due to wildfire damage
RF;s - - - - -
RFs - - 27,848 kg 29180 kg 57,028
Temporary Recycling
Facility

TRF 3,123 kg 1,227 kg 7,606 kg - 11,956 kg

TRF; Not to be built

TRF3 - 12,029 kg - - 12,029 kg

Total: | 55,140kg  14,300kg  84,360kg 29,180 kg
VI. DISCUSSION effects of toxic substances and leachates

This study presents a decision-making
framework designed to enable a rapid response
and minimize the environmental impact of e-
waste generated by wildfires, which may end up
in landfills due to inadequate logistical
preparedness. It emphasizes the importance of
pre-disaster planning and the development of
clear protocols for the proper recycling of e-
waste following a disaster.

Although this study focuses on
managing e-waste after wildfires, its findings
can help disaster management systems engage
communities in improving e-waste handling. In
wildfire-prone regions, residents can be
encouraged to remove e-waste from their homes
by taking it to official recycling facilities,
reducing the amount of e-waste generated after
a wildfire. The importance of this involvement
can be underscored by highlighting the harmful

released from landfilled e-waste, as well as the
risk of water and soil contamination from
hazardous materials if e-waste remains in the
affected area for an extended period. In
addition, the costs associated with cleanup,
transportation, and recycling of e-waste can be
discussed with residents to raise awareness of
the e-waste issue.

This study assumes that recycling
facilities within fire-affected areas become non-
operational. However, this is not always true if
the facility is resilient to wildfire. To ensure
effective disaster management, it is essential to
evaluate the resilience of all involved facilities.
If recycling facilities are found to lack adequate
resilience and capacity, disaster management
systems should focus on improving their design,
performance, and location to maintain
operational continuity during emergencies. The
resilience of recycling facilities is evaluated
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through a simulation process. By simulating
wildfire spread multiple times, the model
identifies fire-affected areas, the impacted
population, recycling facilities within those
areas, and the amount of e-waste generated. The
results from 400 simulation runs reveal that the
recycling facility 4 is located within fire-
affected zones 124 times, indicating a 31%
likelihood of becoming nonoperational during
future wildfires. The recycling facility 3 has a
25% probability of being affected, while the
recycling facility 5, situated further from the
wildfire’s origin, has only a 2% risk.

The e-waste generated during these
simulations is also analyzed. The distribution
shows an average e-waste generation of
304,443 kg, with a minimum of 169.81 kg and
a maximum of 1,777,359 kg. The distribution is
positively skewed because most of the areas
where the wildfire starts in the simulation are
sparsely populated. As a result, in many
simulation runs, the amount of e-waste
generated is relatively low compared to the
extreme cases. This e-waste analysis provides
critical insights into whether the existing
recycling capacity should be expanded. It helps
disaster management systems assess the risk
and preparedness needed to handle the
maximum potential e-waste, ensuring the
system can effectively respond to future crises.

Finally, the cost of collecting and
recycling e-waste may appear significant;
however, it can be offset by the profits
generated from the recycling process. These
profits could then be reinvested into the affected
areas, supporting reconstruction efforts and
contributing to the local economy. Even if the
profits from recycling are not enough to fully
offset the costs, properly recycling the
generated e-waste remains a more sustainable
solution than landfilling. When considering the
long-term environmental impacts and economic
burdens, recycling offers a far more promising
approach.

VII. CONCLUSION

This study tackles the critical issue of e-
waste generated in the aftermath of wildfires in
California. An innovative decision-making
framework is introduced to mitigate the
environmental and logistical challenges posed
by wildfire-induced e-waste. The framework
begins by simulating the spread of wildfire
using a two-dimensional diffusion model to
predict which areas of Butte County will be
affected. Next, the total population in these fire-
impacted zones is estimated using parcel data
maps. From there, the amount of e-waste
generated is quantified. To efficiently address
this challenge, two optimization models are
developed with a focus on the most effective
ways to transport the generated e-waste to
recycling facilities. The study underscores the
importance of establishing a responsive and
adaptive recycling infrastructure capable of
managing the surge in e-waste post-wildfire. By
optimizing facility usage and incorporating
temporary recycling sites, this approach reduces
environmental impact, lowers costs, and aids
long-term recovery efforts in fire-affected areas.

This study has several limitations. First,
the wildfire spread simulation in this study
relies on a random walk algorithm, which, while
useful for illustrating the framework, does not
accurately capture the physical processes
governing real wildfire behavior. It simplifies or
omits important factors such as terrain,
vegetation, and weather conditions, which are
critical to realistic fire modeling. This limits the
precision of the affected-area estimates and, by
extension, the accuracy of the resulting e-waste
assessments. However, the framework 1is
modular, enabling the wildfire simulation
component to be easily replaced with more
advanced models or real-world fire data as
needed for future applications. Second,
estimating the amount of e-waste generated in
fire-affected  regions  poses  significant
challenges. Accurate estimation requires
detailed micro-level data on electronic device
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ownership within the region. Even with access
to such data, predicting the extent of damage to
these devices post-wildfire remains uncertain.
Verification of the findings would be more
robust if comprehensive historical data on e-
waste from past wildfires were available. The
final limitation concerns the feasibility of
operating temporary recycling facilities. Factors
such as regulatory approvals, logistical
challenges, and the availability of resources can
impact the establishment and efficiency of these
facilities. For example, setting up a temporary
recycling site may require significant lead time
and coordination with local authorities, which
could delay the response.

This study opens several avenues for
further research. First, the framework’s core
components, impact estimation, logistics
modeling, and capacity planning, can be readily
adapted to other disaster scenarios beyond
wildfires. This makes the framework a versatile
tool for broader post-disaster = waste
management planning. Second, a life cycle
assessment can compare the environmental
impacts of properly recycling e-waste versus
landfilling it. Integrating real-time data from
satellite imagery, drones, and sensors can refine
the simulation results, improving the accuracy
of the findings. Additionally, analyzing the
specific types of e-waste generated would help
recycling facilities optimize their processes. It is
important to note that, in real disaster scenarios,
e-waste recovery is often embedded within
broader debris handling operations. Temporary
sites typically manage mixed waste, and only
sort and route e-waste to certified recyclers.
While our framework focuses on e-waste
logistics to emphasize system resilience, future
extensions could model these processes within
an integrated debris management context. Last,
promoting the use of biodegradable materials in
wildfire-prone regions could significantly
reduce the environmental impact of e-waste
following a wildfire.
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