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Abstract Multiunmanned aerial vehicle (UAV) systems have
shown immense potential in handling complex tasks in large-
scale, dynamic, and cold-start (i.e, limited prior knowledge)
scenarios, such as wild re suppression. Due to the dynamic
and stochastic environmental conditions, the scheduling for
sensing tasks (i.e, re monitoring) and operation tasks (i.e,

re suppression) should be executed concurrently to enable
real-time information collection and timely intervention of the
environment. However, the planning inclinations of sensing and
operation tasks are typically inconsistent and evolve over time,
complicating the task of identifying the optimal strategy for each
UAV. To solve this problem, this article proposes SOScheduler,
a collaborative multi-UAV scheduling framework for integrated
sensing and operation in large-scale and dynamic wild re
environments. We introduce a spatiotemporal con dence-aware
assessment model to dynamically and directly pinpoint locations
that can optimally enhance the understanding of environmental
dynamics and operational effectiveness, as well as a priority
graph-instructed scalable scheduler to coordinate multi-UAV in
an ef cient manner. Experiments on real multi-UAV testbeds
and large-scale physical feature-based simulations show that
our SOScheduler reduces the re expansion ratio by 59% and
enhances the re coverage ratio by 190% compared to state-of-
the-art (SOTA) solutions.

Index Terms Autonomous aerial vehicles, multirobot systems,
robot sensing systems.

I. INTRODUCTION

ILDFIRES pose a signi cant threat to human life and
cause devastating destruction of homes, infrastructure,
and wildlife habitats [1], [2], [3], [4]. For example, the 2020
wild res in California burned over 4 million acres of land
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and destroyed thousands of homes, causing billions of dollars
in damages [5], [6], [7]. What is even worse, wild res aso
release large amounts of carbon dioxide and other pollutants
into the atmosphere, leading to climate change and air quality
deterioration [8], [9]. The long-term effects of wild res can
lead to soil erosion, loss of biodiversity, and water pollu-
tion [10]. Therefore, quick and effective wild re suppression
is crucial to protect the health and safety of human beings and
preserve natural ecosystems.

However, conventional re- ghting methods are not able to
provide quick and effective wild re suppression to large-scale
and dynamic wild res due to the following reasons. First, the
mobility of re ghtersisinsuf cient for expansive areas, espe-
cialy when hindered by heavy equipment, resulting in a slower
pace than the advancing re [11], [12]. Second, challenging
terrain often impedes ground access to re sites, hindering
real-time assessment for effective suppression strategies [13].
Finaly, while manned aircraft offer speed, they are labor-
intensive and high cost which constrain dense deployment for
large-scale re ghting [1].

Fortunately, unmanned aerial vehicle (UAV) showsimmense
potential in the complex wild re scenario [12], [14], [15].
First, UAVs are highly mobile and agile, alowing them
timely access to different areas of large spaces, especialy
areas that may be dif cult or dangerous for re ghters to
reach [16], [17]. Second, equipped with various sensors, such
as high-resolution cameras and thermal imaging equipment,
UAV swarm can capture real-time information, such as re
location, size, shape, and intensity, supporting the identi ca-
tion of potential hotspots and the allocation of re ghting
resources [18], [19]. Third, UAVs are cost-effective compared
to traditional manned aircraft, which alows the deployment
of multi-UAV systems for the increasing area and complex
tasks.

By fully embracing the new advantages brought by UAVs,
current innovations explore the collaborative scheduling of
multi-UAV for enhancing wild re management in challenging
scenarios[4], [20], [21], [22], [23], [24], [25], [26], [27]. These
works mainly treat wild re monitoring and suppression as two
independent entities for scheduling.

1) Most research efforts are dedicated solely to schedul-

ing for wild re detection or monitoring and mainly
aim at maximizing re coverage [23], [24], [25]. These
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Fig. 1. Illlustration of scheduling multi-UAV for wild re suppression. The
server integrates data from all UAVs and sends scheduling commands to UAV's
for re monitoring and suppression simultaneously.

approaches generally necessitate a follow-up re sup-
pression operation based on gathered information,
which often leads to a delayed response in dynamic
situations.

2) A few studies explore planning for wild re sup-
pression (e.g., dispersing re retardant) with multiple
robots [21], [26], [27]. These studies, however, typically
rely on an accurate, deterministic environmental model
(e.g., an enlarging elliptical perimeter) or they assume
complete observation of the environment. Unfortunately,
such ideal conditions are seldom present in large-scale
situations.

3) The advanced data-driven methods, such as rein-
forcement learning (RL) [22] could serve as an
all-in-one scheduling solution. However, these learning-
based methods are prone to major drawbacks, such
as scalability and domain shift problems, which hin-
der the rea application in safety-critical  re ghting
scenarios [23].

As dynamic environmental conditions, like wind, could
shift the size, position, and shape of the re unpredictably,
certain areas within the operational environment exhibit unpre-
dictability during speci c periods, necessitating reobservation
of these regions when their status is uncertain. Therefore,
the scheduling for wild re monitoring and suppression tasks
should be executed concurrently —If monitoring is not suf-

ciently comprehensive, the operation may not be optimally
positioned for effective re-extinguishing actions. In contrast,
alack of adequate suppression could potentially cause the re
dynamics to escalate.

Our Work aims to devise an effective strategy for the
collaborative scheduling of multiple UAVs to concurrently
execute wild re monitoring and suppression within large-
scale and dynamic wild re environments, as shown in Fig. 1.
Particularly, we focus on cold-start situations where a limited
number of UAVSs, deployed for emergency tasks, typically
possess minimal prior knowledge about the environment.
However, realizing the idea is nontrivial and faces two grand
challenges.

24859

Option1: Explore Unknown Area

No Fire W On Fire W Burnt Out
® UAV - Flight Path

Extinguished

Unknown

1]
Multi-UAV System Observated Env. L
%,
® lx -
. e
®
ES
o
©

Afdladatx
Sk 3
gL

st

Real-world Env.

Fig. 2. lllustration for inconsistent goals and different results of schedul-
ing for monitoring and suppression. The yellow circle highlights the re
expansion.

1) Divergent Goals of Monitoring and Suppression
Scheduling (C1): Monitoring-oriented scheduling seeks
to obtain comprehensive data to enhance the accu-
racy of environmental dynamics prediction. In contrast,
suppression-oriented  scheduling ams to optimize
resource utilization based on current information.
However, the number of UAVs is limited and their
sensing and suppression resources are constrained, this
gives rise to a decision-making challenge. As illustrated
in Fig. 2, sensing-oriented scheduling necessitates the
UAV to explore uncertain regions and gather fresh data
about res, while suppression-oriented scheduling urges
it to move toward the currently estimated re boundary
to dispense re extinguishing balls. These divergent
planning inclinations al so evolve over time, complicating
the task of identifying the optimal strategy for each
UAV. Achieving a good tradeoff demands a meticulous
analysis of their relationship and the quanti cation of
potential gains, a task that poses signi cant challenges.

2) Spatiotemporal High-Dimensional Decision Space
Impair Scheduling Efficiency (C2): The large-scae
property of environments intensi es spatial complexity
in scheduling decision space while the dynamic nature,
on the other hand, expands the temporal complexity.
Speci cally, large-scale environments necessitate high-
resolution spatial data for informed decision making.
Additionally, the swiftly changing conditions demand
forward-thinking planning, which expands the search
space along the temporal dimension. The involvement
of multiple UAV's further exacerbates this issue, leading
to exponential growth in the already high-dimensional
search space. Collectively, these elements create a
spatiotemporal, high-dimensional combinatorial search
space. Given these complexities, nding an optimal
policy within a limited time slot becomes unfeasible.

To tackle the above challenges, we design SOScheduler,

a collaborative multi-UAV scheduling framework for inte-
grated wild re monitoring and suppression by proactively
evaluating the wild re state and adaptively adjusting the
collaboration strategy to track the re front and perform
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re suppression simultaneously. SOScheduler can integrate
existing probabilistic modeling of dynamic environments for
other disaster events and further provide ef cient and effective
emergency response.

To address C1, we introduce a Spatiotemporal Confidence-
Aware Assessment method, which incorporates the potential
information decay and quanti es the expected gain of
both sensing and suppression action for each location.
Subsequently, both measures are integrated to derive a dual-
criteria utility function to guide the follow-up scheduling.
This method not only breaks away from the assumption of
complete observation of the environment but also equips UAV
with a quantitative basis that enables them to dynamically and
directly pinpoint locations that can best improve re estimation
quality and re suppression performance.

To address C2, we convert the problem of optimal allocation
into maximal coverage scheduling problem. Consequently,
we devise an ef cient Priority Graph-Instructed Scalable
Scheduling algorithm, which predicts the environment state
in the near future to enable nonmyopic planning. We fur-
ther introduce the sequentia alocation scheme to coordinate
multi-UAV operations, which effectively reduces the planning
complexity from an exponential to a linear scale, while pro-
viding a theoretical guarantee for performance. This method
ensures that the algorithm is computationally lightweight and
can run on resource-constrained edge platforms.

We implement SOScheduler and deploy it on a multi-
UAV prototype system for evaluation. Extensive experiments
were conducted, including a scaled-down (at a ratio of 1:30)
lab-based testbed (15 h) and large-scale physical feature-
based simulations under varying environmental conditions
(500 runs). Evaluation results reveal that our approach reduces
the re expansion ratio (FER) by an impressive 59% while
enhancing coverage ratio by 190% when compared with
the latest RL-based solutions. Our main contributions are
summarized as follows.

1) We design SO<cheduler, a multi-UAV collaborative
scheduling framework that integrateswild re monitoring
and suppression, speci cally designed to handle tasks in
large-scale and dynamic environments with limited prior
information.

2) We develop a spatiotemporal assessment model that
contributes to improving understanding of environmental
dynamics and enhancing re suppression effectiveness
simultaneously.

3) We devise a scalable, nonmyopic algorithm that
signi cantly reduces the complexity associated with
coordinating multiple UAV's in expansive environments
while offering a performance guarantee.

4) We validate SOScheduler with comprehensive evalu-
ations involving a real-world multi-UAV system and
large-scale physical features-based simulations.

The remainder of this article is organized as follows.
We rst present the related work in Section I, fol-
lowed by the overview of SOScheduler in Section IlI.
The detailed descriptions of the key components and ago-
rithms are shown in Section IV. We further demonstrate
the implementation and evaluation of our framework in

IEEE INTERNET OF THINGS JOURNAL, VOL. 11, NO. 14, 15 JULY 2024

Section V. Finally, we discuss and conclude SOScheduler in
Section VI.

1. BACKGROUND AND RELATED WORK
A. Remote Sensing in Wi dfire

Remote sensing has been extensively researched in the
wild reassistance eld asit allows the observation of wild res
without unnecessarily exposing humans to dangerous activi-
ties. Traditional remote sensing tools consist of two methods:
1) satellite and 2) wireless sensor networks (WSNS).

Satellite imagery has long been employed for Earth surface
monitoring [28], [29], [30], offering a broad coverage that
aids in identifying re risks and detecting active res across
regions. Despite its utility, this method is hindered by three
prominent limitations. First, the spatial resolution of satellite
imagery poses a constraint. For instance, a single image
from a moderate-resolution satellite, like Landsat, covers an
expansive area (approximately 185 km 185 km) but with
a spatia resolution of only 30 m per pixel. This limitation
becomes apparent when attempting to detect small objects or
subtle environmental changes. Second, satellites are unable to
provide real-time information. This limitation holds signi -
cance because the time required for a satellite to revisit the
same region introduces instability in continuous monitoring
efforts. Real-time responsiveness is crucial in swiftly changing
wild re events, where timely information is paramount for
effective response and intervention. Additionally, the ground
coverage provided by satellites is inherently limited. Due to
their xed orbits, satellites lack maneuverability and exibility,
making it challenging to monitor rapidly changing wild re
events in a dynamic and responsive manner. As a result,
the reliance on satellite imagery for timely and detailed
environmental monitoring becomes compromised.

WSNs are proposed for wild re monitoring but face signif-
icant challenges [31], [32], [33]. First, WSN nodes operate on
limited battery power, posing sustainability issues in remote
areas, where battery replacement or recharging is challenging.
This limitation threatens the operational lifespan of sensors,
impacting their reliability in wild re-prone regions. Second,
scalability isamajor concern. The static installation of sensors
in forests results in coverage and resolution directly tied to
investment, making deployment costly. Coordinating a large
number of sensors also strains the network, affecting the feasi-
bility of comprehensive wild re monitoring across expansive
areas. Additionally, the overall cost of WSN deployment and
maintenance is substantial, encompassing sensor acquisition
and network establishment. Moreover, during a re event,
the vulnerability of sensors to destruction raises reliability
concerns at critical moments.

In summary, the limitations of traditional methods empha-
size the need for innovative, real time, and scalable wild re
monitoring solutions. The rising consideration of UAVs for
wild re assistance is explored in the next section.

B. UAV-Based Scheduling System in Wi dfire Assistance

1) Goals of UAV-Based Scheduling System: Mitigating
the impact of wild res involves considering various
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interconnected factors, such as meteorology, drought
monitoring, and ongoing forest status assessment. Research
in these areas contributes to proactive wild re prevention
and preparedness. For UAV-based systems, two critical
elements emerge during a wild re. The rst goa involves
real-time monitoring and surveillance of the wild re s status.
This timely information empowers re ghters to anticipate

re behavior and make informed decisions on resource
allocation. The second goa is suppressing the wild re before
the arrival of re ghters. Due to the rapid and large-scale
nature of wild res, swift re ghter response is challenging.
Implementing immediate suppression measures, like dropping

re ghting retardant from UAV's, becomes pivotal. This early
intervention can effectively slow or halt the res spread until

re ghters arrive, preventing further escalation, conserving
resources, and reducing the risk to lives.

2) UAV-Based Scheduling System for Wil dfire Monitoring:
The most common mission in wild re assistance is wild re
monitoring. The UAV-based system for wild re monitoring in
the existing works could be class ed into three types: 1) a
single agent for independent planning; 2) a fully distributed
method; and 3) a cooperative method. In [34], a planning
algorithm based on RL for a single agent is proposed to
achieve ef cient information collection. Casbeer et al. [25]
proposed a distributed system where each agent indepen-
dently performs its path planning, but this can result in the
underutilization of the information collected by multiagent
systems. Therefore, cooperative systems have attracted more
attention. The system proposed by Haksar et . [35] involved
two UAVs working as a group to exchange information as
well as path planning at regular intervals, but this work has
limitations as the two interacting UAVs are determined in
advance. Our work differs from the previous work in that
we have constructed a cooperative system in which multiple
UAV's ensemble information periodicaly to provide real-time

re status prediction, aiming at supporting the autonomous
suppression mission which is performed concurrently.

3) UAV-Based Scheduling System for Wi dfire Suppression:
In contrast to the wild re monitoring task, little work has
been done on UAV-based systems for wild re suppression.
Saikin et a. [36] presented an approach for accurately
dropping re retardant onto a wild re from UAVS in close
proximity to the epicenter of the re, which validates the
effectiveness of autonomous re suppression. Haksar and
Schwager [22] proposed an RL-based algorithm for re sup-
pression, but these learning-based methods are prone to major
drawbacks, such as scalability and domain shift problems,
which hinder the real application in safety-critical re ghting
scenarios. Thul and Powell [37], Phan and Liu [20], and
John et al. [13] proposed multi-UAV solutions for faster
detection and mitigation of forest res, but they assume the
UAV has complete information about the environment or adopt
over-simpli ed elliptical wild re models.

In summary, our work uniquely focuses on scheduling
multi-UAV to conduct wild re monitoring and suppression
simultaneoudly, particularly in cold-start situations where a
limited number of UAVs, deployed for emergency tasks, typi-
cally possess minimal prior knowledge about the environment.
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This work can be viewed as a variant of a wireless sensor and
actor network (WSAN) [4], [38], contributing to the growing
paradigm of the Internet of Things (1oT).

I1l. OVERVIEW

In this work, we seek to schedule a group of UAVs
to concurrently execute wild re monitoring and suppres-
sion in large scale and dynamic wild re environments. In
order to facilitate understanding of the process, we rst
describe our modeling and problem formulation, then we detail
SOScheduler’s architecture.

A. Modeling

1) Environment Model: In order to represent the dynamics
and stochastic characteristics of wild res, we model it by
a graph-coupled hidden Markov model (GHMM) with the
probabilistic transition functions [27], in which re state
transition is expressed by a stochastic process to capture
the uncertainty of re evolution. Speci cally, we consider
an environment as a 2-D terrain Z2 that is discretized into
a collection of congruent n; cells, as shown in Fig. 2. The
position of each cell i is represented by p;. Each cell i Z2
corresponds to a standard HMM with latent state ¥ X
and observation y} Y at time t. In the wild re scenario,
according to [27], the cell state x} is described by one of three
discrete values, X = { healthy/no fire, on fire, burnt}. Note that,
this abstraction covers the core characteristic of the wild re,
which is also widely adopted in other works [26], [39]. For
simplicity, we denoted the cell state as x} {H,F,B} in the
following sections.

Consider the propagation of re, the transition probabilities
of each cell i are in uenced by its neighbor set N (i), which
isde ned as a collection of cells that are one unit away in the
Manhattan distance

NO=1Jlm B ,=1. )

Therefore, the latent state transition distribution for each cell
can be expressed as

pox X G @
where x}\l(i) ={x |j NC(i)} represents the latent state for the
neighbors of cell i. Note that, the objective of this article is
not to develop aredistic rewild re model but to incorporate
the stochastic variability of the re growth. Any probabilistic
wild re models that allow for stochastic variability of the
output can be incorporated into our frameworks.

2) UAV Moded: We consider a team of UAVs R =
{r1,...,rn} engaged in the mission. Each UAV has two kinds
of actions: 1) moving action ! U and 2) operation action
al {0, 1}, indicating where to go and whether to conduct

re suppression at timet, respectively. The UAV movesin the
environment and obeys the following dynamic:

p=fpt ! 3)
t

where pt and | are the position of UAV r and the control
input to the UAV r at time t, respectively.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 13,2025 at 04:43:18 UTC from IEEE Xplore. Restrictions apply.



24862

In the re suppression scenario, to alow for performing
vision observation and active suppression, we assume the
UAVs are equipped with the following capabilities.

1) Fire Detection: UAVs are equipped with downward-
facing vision sensors, such as thermal imaging cameras
to provide visual information about the re status.

2) Fire Suppression: UAVs are equipped with a limited
number of re extinguishing balls, and they will drop
the balls autonomously (i.e., al = 1) to extinguish the

re area directly beneath it when they locateat re front.

3) Localization: UAVs use GPS receivers and inertial
measurement units (IMUs) to localize themselves and
navigate to destinations.

4) Communication: UAVs transmit data to the edge server
and receive action control from it by radio.

Based on these capabilities, UAV's are able to collaboratively
localize and navigate themselves above the terrain to search
and suppress the re area.

B. Problem Formulation

The primary goal of SOScheduler is to minimize the
affected area as much as possible. Therefore, the objective
function could be represented as minimizing a desired sup-
pression criterion UT(+) over a period of mission time T

1:rTn a>§:T ur XI:nC )
Tnp ALy
st. bt =hb Ly Vi @l (5)
s I =9 0Py, (6)
=fptt R (7)
g 01 ¢ Ux Xy Y @
whereafl and 17 represent the actions and moving control

for al UAVs from time 1 to T. The detailed form of UT(+)
for re suppression is shown in (20). Equation (5) represents
that the estimation of the environment state b™?1 at time
t + 1 is based on the UAVs historical trajectories and actions
from time 1 to t. Equation (6) states that the action strategy
g(*) at time t is based on the environment state estimation
b' and the UAVs position ptlznr. Equation (7) states the
dynamics of UAVs. Notably, h(*) can be implemented based
on the various existing environment models. In this article,
we focus on designing the scheduling strategy g(*) based on
the environment state estimation, which in turn contributes
to improving re estimation quality and re suppression
performance concurrently.

C. System Architecture

OScheduler is a collaborative multi-UAV  scheduling
framework that aims at proactive and adaptive suppressing
wild rein atimely manner. As shown in Fig. 3, we detail its
three main modules.

Collaborative Perception & Prediction Model: This compo-
nent takes the measurement of the environment from multiple
collaborative UAVs as input, and then leverages the Bayes
Filter to fuse sensing data and estimate the environment state.
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Fig. 3. System architecture of SOScheduler.

This module also allows a prediction step to support the
nonmyopic planning of UAVs.

Spatiotemporal Confidence-Aware Assessment Model: This
component is the core of SOScheduler, which introduces a
novel utility function to assess the utility of locations based
on the predicted environment state. It begins by estimating the
sensing gain and operation gain for each location using the
predicted environment state. Next, it constructs a con dence
map to integrate the sensing gain and operation gain measures
into an uni ed utility function.

Priority Graph-Instructed Scalable Scheduler: This com-
ponent rst constructs a priority graph based on the
utility assessment results to facilitate the path search. Next,
it provides a sequential allocation scheme to generate
collaborative paths for multiple UAVsS, which ef ciently
reduces the computation complexity from exponentia to
linear.

We describe the work ow of SOScheduler as follows. For
each communication cycle, our agorithm begins with UAVs
recelving the visual sensing data as inputs. After employ-
ing existing re detection processes (e.g., YOLOX [40Q]),
the identi ed re states are transmitted to the edge server.
Following this, Collaborative Perception and Prediction Model
integrates al the collected information to predict the global
wild re status in the operational environment at the next
time step. This prediction guides Spatiotemporal Confidence-
Aware Assessment Model in deriving an utility estimation
for each location to prioritize the regions. Finally, Priority
Graph-instructed Scalable Scheduling generates collabora
tive scheduling commands for multiple UAVS, which are
dispatched to the UAVs and executed by their onboard
controllers. Notably, the communication content between
UAVs and the edge server consists of scheduling com-
mands and abstracted re states (rather than raw visual
sensing data), thus the algorithm only requires low band-
width and the optimization of communication latency falls
outside the scope of this work. A summary of the key
procedures at the edge server for the UAVs is presented in
Algorithm 1, and the agorithm work ow is illustrated in
Fig. 4.
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Algorithm 1 SOScheduler Algorithm
Input: UAV positions {p}}, belief of re status b(x")
Output: Joint action-moving path P T for next time period
{t:t+T}
1. Collaborative Perception & Prediction: predict the global
re status b(x*T) after T steps based on the gathered
loca information from all UAV's
2. Spatio-temporal Confidence-aware Assessment: estimate
the utility u(x}) for each cell i based on the predicted re
status
3: //Priority Graph-instructed Scalable Scheduler
4: for each UAV in the team do
5. Path planning: nd the collaborative paths P™*T for
all UAV's based on the estimated utility map
6: end for

IV. SYSTEM DESIGN
A. Collaborative Perception and Prediction Model

The perception module of SOScheduler considers all
the information collected by UAVs and uses data fusion
technologies to estimate the evolution of the wild re environ-
ment. For each communication cycle, each UAV processes the
sensing data and provides the extracted information to the edge
server, where the joint estimation takes place.

1) Observation Fusion: Due to various factors, such as

occlusion and imperfect detection models, noise and errors are
inevitable in measuring the environment status. We consider
the overall measurement accuracy with aparameter 0  Ppy,
1, which indicates the probability of detection results matching
the ground truth state of the cells. The speci ¢ value of
this parameter hinges on the accuracy of the adopted re
detection model. Consequently, the measurement model of cell
i observed by UAV r can be mathematically expressed as

Po =X

Myt =
PUIR = 50 p, =k

©)

We assume each observation is dependent only on the state of
the corresponding cell, and noise on the observations is uncor-
related between UAVs. The joint measurement probabilities of

§1v-B Collaborative Perception & Prediction

|
| + Dual-cirterion Utility Function
Predicted

Fire Status 1

Fire State G

Estimation 1] Confidence Map Update
]
L1 ]

the environment are then
N Ne
py Ix = Py
r=1i=1
We note that the fusion of multiple observations has been stud-
ied extensively [41], and is not the focus of our contribution
in this work.

2) Fire Sate Edtimation: For the integration of new
information, we update the environment state estimation
according to the Bayes Rule based on the state transition
model and the joint measurement model in (10). Let b(x})
be the belief that represents the environment state estimation
conditioned on all historical measurements|i.e., bt in (5)], then
this process can be mathematically expressed as

(10)

n n
b xt py Ix  bx1?

i=1

PXIX Xy - (1)
xt 1 i=1

Typically, we have a priori about the coarse position of the
initial re (e.g., satellite remote sensing and residents aarm),
thus b(x') can be initialized by setting part of the cells state

with higher probabilities on re.

B. Spatiotemporal Confidence-Aware Assessment Model

The wild res stochastic variation across space and time
leads to the fact that UAVs collected information about the
environment becomes partially outdated, thus some locations
need to be reobserved when their states become uncertain

a perpetual spatiotemporal task. Given the limitation in
the number of available UAVs and the expanding nature
of the re, prioritizing regions that signi cantly contribute
to understanding the environment s dynamics and reducing
the time required to suppress the spreading re becomes
imperative. Therefore, our assessment model seeks to answer
two critical questions.

1) How to quantify the potential impact of sensing and

operation at each location?

2) How to mitigate over-reliance on the employed environ-

ment model that typically may not be entirely accurate?
To answer these questions, we rst leverage the re status
estimation and the mutual information (Ml) tool to quantify the
potential contribution of each cell to both objectives, denoted
as sensing gain S and operation gain O. We then craft a

Authorized licensed use limited to: Tsinghua University. Downloaded on October 13,2025 at 04:43:18 UTC from IEEE Xplore. Restrictions apply.



24864

location-wise con dence map based on UAV's historical mea
surements, accounting for the information decay due to a lack
of measurement and breaking down over-dependence on the
environment model. Finally, we combine the gain estimations
with the con dence map into a dual-criterion utility function,
more directly determining the locations where they can best
improve the model quality and operation performance. Overall,
this assessment model not only enables the simultaneous
optimization of both sensing and operation but also facilitates
policy adjustments at each decision interval according to the
environment dynamics.

1) Sensing Gain Measure: Since we aim to infer the
environment state from the measurements, we are motivated to
schedule the UAV's to locations that maximize the information
collected from the environment. This information can be
quanti ed by MI, which is an information-theoretic tool that
enables measuring the reduction in expected uncertainty about
the environment given the observations.

As such, the sensing gain by moving to each cell in the
environment can be represented as the information gain

Sy =1l =HX HA D

p x|y
Py X bx log bl>¢l

(12)

t t
XY

where H(x) is the entropy of the environment state and H(x' |
y}) is the conditional entropy given the new observation.

2) Operation Gain Measure: Given that the ultimate goal
is to intervene in the dynamic environment process as soon
as possible but the operation resource (i.e.,, re extinguish-
ing balls) is limited, it is required to assess the operation
gain of each location by leveraging the environment state
estimation. In the wild re scenario, ef cient re suppression
necessitates applying re retardant directly to the time-varying

re front. Therefore, areas with estimated re front positions
are assigned higher operation gains.

The locations of re front should be in the estimated
boundary of the burning area. Let (x) = argmax b(x{) be
the maximum likelihood state of cell X!, then we de ne the
boundary of the reas

BX = i|] ¥ =F &

j =H. ]

N (@) .
From these boundary positions, the na re front (xX) is
obtained by considering the cells of the boundary with high

re probabilities b(xit = H) over agiven threshold . As such,
the operation gain of moving to each cell in the environment
can be denoted as

(13)

ox =1i .

3) Confidence Map Update: When we estimate the sensing
and operation gain, some locations are incorporated with
in eld observation in close proximity, while others rely solely
on the environment model s prediction. Intuitively, the former
one should have astronger con dence in the predicted gains.
Therefore, we provide acon dencevaue (i, t) for each target
cell i based on two aspects: 1) the spatial distances of historical
observationsto cell i and 2) the temporal distances of historical

(14
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observations to cell i. These two aspects can be formally
combined and de ned as
n
i,9)= N tow 4§ P pi;0,
=1

(15)

where tnow is the current time and tj is the time cell j was nal
observed. |[pj  pil is the Chebyshev distance between x}, (the
cell being updated) and x}, (the cell which has been observed).
n indicates the recent w observations and N (¢) is an univariate
Gaussian function to represent the importance of observation
obtained at p; to estimate the state of the cell at pj. The kernel
size is a hyperparameter.

We introduces a con dence map (i,t) by normalizing

(i, t) to the interval [0, 1)

(=1 e ¢ @07 (16)

The con dence map depends on the historical trajectories
of UAVs and the nal observed time of each cell. A high
con dence value for a cell means that the estimated gain is
derived from a large number of recent observations in close
proximity to this cell. On the contrary, alow con dence value
suggests that there are few historical observations near this
cell, or this cell was nal observed long time ago.

4) Dual-Criterion Utility Function: Finaly, the overal
utility assessment is calculated by integrating the con dence
map, sensing gain, and operation gain into a dual-criterion
utility function as follows:

uxt = (.50 x +(1 )
i Rs(%) k Ro(X)

(K, )S Xt

17)

where Rs(X) and Ro(X}) are the cells in the range of sensing
and suppression when an UAV is located above cdl i,
respectively.  is a parameter to adjust the relative in uence
of the component objectives.

In this way, when the estimated sensing and suppression
gains of a cell are rooted in a low con dence value (i, t),
the overall utility of that cell decreases. The con dence map
can be viewed as a dynamic weight coef cient to adjust the
estimated gains, which mitigates the reliance solely on the
estimation result based on the employed environment model.

C. Priority Graph-Instructed Scalable Scheduling

This module aimsto generate paths for multiple UAV's based
on the spatiotemporal con dence-aware assessment model.
To address the challenge of spatiotemporal high-dimensional
decision space mentioned in Section |, we proposed a scalable,
heuristic-based algorithm to  nd an approximate solution with
a performance guarantee. Its core ideas are as follows.

1) Construct a priority graph based on the utility assess-
ment and utilize a graph search algorithm to plan the
path for each UAV.

2) Utilize a sequential alocation scheme, where UAVs
make decisions sequentially conditioned on all the paths
that have been selected, to coordinate multiple UAVSs.
This approach reduces the planning complexity from
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exponential to linear, enabling ef cient and nonmy-
opic path planning for multiple UAVs in dynamic
environments.

1) Prioriy Graph Construction: The optimal scheduling
requires the perfect knowledge of the future environment state.
However, the multi-UAV system has only partial information
and an imperfect environment model, the environment state
prediction can not be entirely accurate. To adapt to the
uncertainty in real time, we leverage the principle of model
predictive control (MPC) approach, which requires optimizing
an UAV s path for the predicted environment state at t + T,
but only executing the rst action from the optimized path.

Speci cally, we use the collaborative perception component
to predict the environment states for future time step t + T
based on the recursive Bayesian function, and then the priority
score for each location can be obtained by (17). Our objective
isto nd aT-step path for each UAV such that the score
sum of visiting the locations in the paths is maximized. We
then construct a priority graph for the cells by directed acyclic
graph (DAG) to facilitate the path calculation. Speci caly, we
characterize a priority graph G as (V, E, W), where V, E, and
W are the set of nodes, edges, and edge weights, respectively.
Each node v; represents a cell i in the environment, while
each edge &; connects node v; and node v; whose Chebyshev
distance is less than two (i.e., Vi 2). For each edge
gj with its tail on node vj, the weight is assigned denoting the
predicted priority score.

2) Multi-UAV Sequential Allocation: Even if we only con-
sider one-step planning, nding optimal paths for multiple
UAVsin a DAG is known to be an NP-hard team orienteering
problem [42]. Given the limited decision time in real-world
deployment in a dynamic environment, we do not expect to

nd the optimal solution (OPT) ef ciently. Instead, our goal is
to ef ciently nd near-OPTs, where the performance is close
to the optimal value.

Inspired by [43], we adopt a sequential alocation scheme
to coordinate multiple UAVs. To simplify notation, let P, =
{al - =T, T Yindicate the joint action-moving path for
UAV r, and U™T (P;) indicate the sum of score for path P
over the constructed priority graph. Thus, the solution for a
single UAV is denoted as

P, = aagmax U™ (P) (18)
P

which can be ef ciently solved by the Bellman—-Ford algo-

rithm [44] with an O(T#) complexity. The sequential

alocation algorithm then optimizes the path P, for UAV r

conditioned on all paths P4, ..., Py 1 that have been selected

such that

P, = argmaxp Up(lif 1)(P)
Up P =UP P uPp)
plr 1 — P1 Pr 1.

(19)

It is noticed that this approach reduces computation complex-
ity from exponential to linear, i.e., from O(JUsy Un, M)
to O( {‘;1T 4). Since the constructed priority graph satis es
modularity, the obtained solution P by sequential allocation
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A

* Start Location

(a) (d)

Fig. 5. Testbed experimental setup and scenarios of SOScheduler. (a) and (d)
Side view and top view of the experimental scenario with dynamic wild re
animation. (b) UAV platform DJl Tello EDU. (c) Example view of an UAV.

can achieve least 50% of the optimal values as proven in [45],
i.e, UP) 1/2U(P ), where P denotes the OPTSs.

V. EVALUATION

In this section, we evaluate the performance of our
OScheduler and baselines for re suppression scenarios.
Experiments are conducted on both real multi-UAV systems
and physical feature-based simulations.

A. Implementation and Methodology

1) Testbed Implementation: To validate our SOScheduler in
the re suppression scenario, we run experiments on a real-
time multi-UAV testbed inthe 8 m 10 m indoor environment,
as shown in Fig. 5. Most parts of the testbed adopt the same
setup as the real scenario, including the sensing, mation,
communication, and computation of the multi-UAV system.
The UAV s take off randomly at a corner of the areato emulate
the entry of UAVs into a real-world wild re scenario.

To eliminate safety concern and increase repeatability, we
mimic re spread and suppression through projected lights,
which has been validated by [46]. The testbed consists of three
major components.

1) Multi-UAV Platform: Three commercial UAVs DJl Tello
EDUs, which is eguipped with an onboard camera
for visual information and a 2.4 GHz 802.11n Wi-Fi
for wireless communication. Fire state classi cation is
performed using the imagery from the onboard camera
through the OpenCV. At each time unit of the experi-
ment, UAV's derive commands from the ground station
for sensing and operation.

2) Ground Sation: A laptop equipped with an Intel i5
2.60 GHz CPU is used as the ground station (i.e., edge
server), where we merge the information from multiple
UAVs and plan their paths at each decision interval.

3) Fire Environment: We project the dynamic re environ-
ment animations to the ground, which is discretized into
cells representing an area of 250 m 250 m in real world
with an 1:1000 scaled-down ratio. Environment states
(") are illustrated with different colors (e.g., red for on

re). When an UAV conducts re suppression operation
on one cell, its color (state) changes with a probability
to mimic the uncertainty of re suppression effect. The
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Fig. 6.

condition. (c) Fast-evolving re condition.

TABLE |
DEFAULT PARAMETERS FOR TESTBED EXPERIMENT AND SIMULATION

Parameter Symbol  Value

UAV velocity (testbed) vt 3m/s

UAV velocity (simulation) Vg 15m/s
Measurement accuracy Py, 0.95
Successful fire suppression probability — Ps 0.80

Sample period rt Ss

Planning horizon T 16
Communication frequency Te 8

Initial Fire Size n; 4 x4

Fire extinguishing ball number np 16

Fire update rate (slow-moving fire) 1 3

Fire update rate (Moderate-paced fire)  pa 2

Fire update rate (Fast-evolving fire) p3 1

Range of sensing Rs 3x3

Range of operation R, 1x1

wild re animation updates according to re suppres-
sion operation of UAVs and a stochastic re spread

model [27]. Note that based on our experiences and
previous experiments, different wild re models adopted
do not change the effectiveness of our experiment. In
the experiment, we consider three typical scenarios. 1)
slow-moving wild re; 2) moderate-paced wild re; and
3) fast-evolving wild re in the experiments. The major
default settings are summarized in Table I.

2) Smulation Setup: To validate the performance of
OScheduler under various environmental conditions in a
large-scale terrain with more UAV'S, we conduct evaluations
with respect to the two most signi cant environmental fac-
tors [23]: 1) re propagation velocity and 2) number of initial

res. To mimic real-world wild re ghting scenarios with
more UAVS, we simulated a terrain of 10 km 10 km and
discretized it into 50 50 cells. The measurement accuracy
is set as 95.7% according to the testbed detection results on
average. The default number of UAVS is set as 15, other
default settings are consistent with the testbed experiments and
summarized in Table I.

3) Evaluation Metrics: Our collaborative framework aims
to prevent the spread of the re and minimize the damage to
the surrounding environment. Besides, the effectiveness of our
method is based on the coverage of real-time observations of

re. Therefore, we use the following two metrics.

1) FER It evaluates the operation performance by

measuring the average ratio of the increase in re and

Fractions of cells in different states change with time under different wild re scenarios. (a) Slow-moving

(b) (©

re condition. (b) Moderate-paced re

burnt out area after the mission to the initial re area
L )
FER= 1 L &) (20)
i 1 |H(Xi0 )

where IH(x,-O) and IH(xiT) are indicator functions that
denote whether cell i remains healthy at the beginning
and end of the mission, respectively. FER is the speci ¢
form of UT(+) in (4) for wild re suppression scenarios.
The metric is typically far more than one due to the fast
expansion of re thus the smaller value indicates better
performance.

Fire Coverage Ratio (FCR): It evaluates the sens
ing performance by measuring the average fraction of
ground truth res covered by the UAVs over the full
mission period

2)

T .
T

i Z2|X=F

(21)
t=1
where T is the total number of simulation time steps.
The metric is typically less than one due to the limited
number of UAV's and their constrained sensing capabil-

ities. The larger value represents better performance.

4) Basdlines. Two baselines are adopted to validate the
advantages of our SOScheduler.

1) DDRL [22]: A state-of-the-art (SOTA) RL-based frame-

work for dynamic wild re control. During the wild re,
each UAV receives an uncertainty map as the input of
the policy network, and outputs a direction to move for
the next time step.
Heuristic (HEUR) [47]: A two-stage complex heuristic
algorithm, which schedules the agents to nd the re
centers a rst and then move counterclockwise along
the re fronts.

2)

B. Overall Performance

1) Testbed Experiment Results: To analyze how the re
changes with suppression efforts, we plot the percentages of
cells in different states over time under various re speeds in
Fig. 6. Asseenin Fig. 6(a) and (b), the fractions of on re and
burnt cells increase initially as time steps change from 1 to
10, indicating rapid wild re spreading while UAV's explore the
area. However, as time steps increase, UAVs nd the re front
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Fig. 7. Overall performance in testbed experiments under various wild re

speeds. (a) Impact of re propagation velocity on FER. (b) Impact of re
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Fig. 8. Overal performance in simulation experiments under various wild re
speeds. (8) FER comparison. (b) FCR comparison.

and start to suppress the re, leading to a downtrend in terms
of the fraction of burning cells. Finally, the fraction of burning
cells in both scenarios turns to zero, signifying a successful

re suppression. As for the most challenging fast-evolving
scenario in Fig. 6(c), the fraction of on recells rst increases
again after an initial decrease. This is because UAV's reach the

re front and mitigate the spreading to some extent initially.
However, the aggressive propagation and exponentia growth
of the refront make suppression highly complex, rendering
it impossible to extinguish the wild re completely for three
UAVs.

Fig. 7(a) measures the average FER for all scenarios after
experiments, comparing with two baselines. The results show
that the SOScheduler outperforms HEUR and DDRL under all
scenarios. As seen, the FER increases with the growth of re
propagation velocity, which indicates an increasing dif culty
intimely re suppression. As for the performance in the most
challenging fast-evolving scenario, the FER of SOScheduler is
6.22, which outperforms DDRL by 59.1% and exceeds HEUR
by more than 35.4%.

We also evaluate the average FCR for all scenarios, as
shown in Fig. 7(b). With the increase of the re propagation
velocity, the FCR of two baseline methods decrease. In
contrast, our SOScheduler remains an FCR of more than
0.55 under all re velocities, outperforming baselines. This
is because our algorithm actively evaluates the information
gain throughout the mission, enabling the UAVs to revisit
the uncertain areas and thus discover more regions that just
transited from healthy into burning.

In summary, SOScheduler can successfully contain wild res
in general with a small group of UAVs due to its adaptive
action strategy and effective cooperation. Further evaluation
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Fig. 9.  Overdl performance in simulation experiments under different
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of the in uence of the number of UAVs will be conducted in
Section V-C.

2) Smulation Experiment Results (Fire Propagation
\elocity): We evaluate the FER and FCR of SOScheduler on
three wild re scenarios mentioned in Section V-A, as shown
in Fig. 8. Fig. 8(a) shows that the SOScheduler has consistent
advantages over two baselines under al wild re conditions.
Especially, in fast-evolving res, SOScheduler outperforms
the DDRL and HEUR ight by 70.8% and 58.7% on FER,
respectively. This superior performance can be attributed to
the system s ability to actively estimate the con dence values
of each location, leading to a timely and dynamic adjustment
of the scheduling strategy. Furthermore, Fig. 8(b) shows the
average FCR under all scenarios. We can see that the FCR
of all methods decrease with the growth of re velocity,
since the area size of re increases exponentially. However,
SOScheduler achieves an average FCR greater than 0.5 in the
fast-evolving scenario whereas for the best baseline HEUR,
the maximum achievable FCR is only 0.2. In summary, these
results validate that the SOScheduler has the ability to adapt
the planning policy in a manner that is commensurate with
the propagation velocities of the re, contributing to effective
and ef cient re suppression.

Number of Initial Fires: To evaluate the ef cacy of our
SOScheduler for various initial  re conditions, we consider
scenarios, including oneto veinitia resin the terrain. Each
initial re occupies 3 3 cells and is randomly placed in
the terrain without overlap at the beginning. From Fig. 9(a),
we can see that FER increases with the number of initial

res in general. SOScheduler outperforms baselines under
variant initial re conditions, because it explicitly models
the uncertainty in the environment model and reason about
the re status. This can aso be veri ed in Fig. 9(b), where
SOScheduler maintains higher FCR for most of the scenarios,
indicating more exploration to collect the new information.
Fig. 10 illustrates an example snapshot of scenarios during
experiments under threeinitial  res. In summary, SOScheduler
enables the UAVs to ef ciently cooperate with each other and
provides an empirically better solution when there are multiple
initial res.

C. System Robustness

We further evaluate SOScheduler with respect to the number
of UAVs and model accuracy. Since the system performance
has been veri ed under varying wild re speeds, we do not
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Fig. 10. Example snapshot of the simulation experiment under three initial
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verify the impact of UAV speed, which is equivaent to
validating the in uence of wild re speed.

1) Number of UAVS. We examine the impact of the number
of UAV's under the challenging fast-evolving scenario with ve
initial  res, as shown in Fig. 11. The result demonstrates that
increasing the number of UAVs leads to a higher FCR and a
lower FER in general, as a larger team of UAVs alows for
more sensing and operation actions to be applied. Furthermore,
the bene t of increasing the number of UAVs diminishes
for SOScheduler after the number of 25, since 25 UAVs are
suf cient to quickly extinguish the wild re in this scenario. It
is noteworthy that the SOScheduler still achieves an FER of
22.3 even with 10 UAVs, outperforming the DDRL and HEUR
approaches with 15 UAV's that achieve FER of 46.3 and 32.7,
respectively, [as shown in Fig. 8(a)].
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2) Model Accuracy: We showed the robustness of
Ocheduler to the different levels of accuracy of the
environment model. The model accuracy isin uenced by the
accuracy of the measurement model. We take measurement
accuracy as a random variable and sample its values from
the random uniform distribution in [0.5, 0.95]. With different
con gured parameters, we can obtain multiple spatiotemporal
environment models with varying accuracy levels. As Fig. 12
shows, the overall FER under varying model accuracy levels
remains robust. This is because our agorithm encourages the
system to explore the environment based on the uncertainty in
the belief and incorporate the in eld measurement to instruct
the scheduling strategy, therefore it can tolerate the imperfect
model to some extent and maintain high performance.

D. System Micro-Benchmark

1) Effectiveness of Confidence-Aware Assessment: We also
compare the FER with different utility function designs in
Fig. 13. In the experiment, we compare our spatiotempo-
ral con dence-aware assessment model with another two
strategies, greedy operation (i.e, (i,t) 1, =1 ad
bi-objective with equal weights (i.e, (i,t) 1, = 0.5),
both widely used in previous works [48]. As seen, when
the re is fast-evolving, SOScheduler demonstrates greater
advantage with an improvement of FER for 31.5% and 60.3%
compared to greedy operation and bi-objective, respectively.
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This outstanding performance is due to the design of the
con dence map as an ef cient knob to dynamicaly adjust
the estimated gains, which mitigates over-reliance on the
environment model and enables the adaptive adjustment of
scheduling strategy in uncertain dynamic environments.

2) Runtime: We further evaluate the computation ef ciency
and advantages of the SOScheduler s coordination scheme
in a small-scale scenario (i.e., less than 10 UAVS). Fig. 14
illustrates the runtime of our graph-based sequential allocation
algorithm, compared with the OPT calculated by brute force
methods. As seen, the time cost of OPT grows exponentially
with the number of UAV's, while SOScheduler has a negligible
time cost, e.g., when there are 9 UAV's, the time cost of OPT is
up to more than 3000 s, while SOScheduler keep a small time
cost of less than 4 s. Notably, the runtime of our sequential
allocation algorithm grows linearly with the number of UAV's,
which echoes the linear computation complexity, as described
in Section IV-C.

VI. CONCLUSION

This article proposes SOScheduler, a multi-UAV scheduling
framework for integrated wild re monitoring and suppression.
First, UAV's estimate and predict environment state with shared
onboard sensing data in a collaborative way. Second, UAVS
adaptively identify optimal locations for enhancing environ-
mental understanding and operational effectiveness. Finally,
UAVs decide their trajectory and corresponding actions in a
nonmyopic way with a scalable planning algorithm. Extensive
experiments demonstrate its superior performance, which
indicates that the SOScheduler can integrate with existing
probabilistic modeling of disaster environments and provide
autonomous and ef cient emergency response in large-scale
and dynamic environments.

ACKNOWLEDGMENT

The authors thank the Meituan company for their insightful

suggestions and support.

Xuecheng Chen is with
Ingtitute, Tsinghua University,
chenxc21@mails.tsinghua.edu.cn).

Zijian Xiao, Yuhan Cheng, Chen-Chun Hsia, and Haoyang Wang are
with the Shenzhen International Graduate School, Tsinghua University,
Shenzhen 518000, China (e-mail: xiaozj22@mails.tsinghua.edu.cn;
cyh22@mails.tsinghua.edu.cn; xcj2l@mails.tsinghua.edu.cn; haoyang-22@
mails.tsinghua.edu.cn).

Jingao Xu is with the School of Software, Tsinghua University, Beijing
100084, China (e-mail: xujingaol3@gmail.com).

Susu Xu is with the Civil and Systems Engineering, Johns Hopkins
University, Baltimore, MD 21218 USA (e-mail: sxu83@jhu.edu).

Fan Dang is with the Global Innovation Exchange, Tsinghua University,
Beijing 100084, China (e-mail: dangfan@tsinghua.edu.cn).

Xiao-Ping Zhang is with the Shenzhen International Graduate School,
Tsinghua University, Shenzhen 518000, China (e-mail: xpzhang@ieee.org).

Yunhao Liu is with the Global Innovation Exchange and the Department
of Automation, Tsinghua University, Beijing 100084, China (e-mail:
yunhao@tsinghua.edu.cn).

Xinlei Chen iswith the Shenzhen International Graduate School, Tsinghua
University, Shenzhen 518000, Guangdong, China, aso with the RISC-V
International Open Source Laboratory, Shenzhen 518000, Guangdong, China,
and also with Pengcheng Laboratory, Shenzhen 518066, Guangdong, China
(e-mail: chen.xinlel @sz.tsinghua.edu.cn).

the Tsinghua-Berkeley  Shenzhen
Shenzhen 518000, China (e-mail:

REFERENCES

[1] R. Bailon-Ruiz and S. Lacroix, Wild re remote sensing with UAVs: A
review from the autonomy point of view, in Proc. Int. Conf. Unmanned
Aircraft Syst. (ICUAS), 2020, pp. 412—420.

(2

(3l

(4

(9]
(6l
(7

(8
(9

(10]

(11

(12]

(13]

(14]

(19]

(16]

(17]

(18]

(19]

[20]

(21]

(22

(23]

[24]

24869

M. A. Akhlou , A. Couturier, and N. A. Castro, Unmanned aerial
vehicles for wildland res: Sensing, perception, cooperation and assis-
tance, Drones, vol. 5, no. 1, p. 15, 2021.
C. K. Brewer, J. C. Winne, R. L. Redmond, D. W. Opitz, and
M. V. Mangrich, Classifying and mapping wild re severity: A com-
parison of methods, Photogram. Eng. Remote Sens., vol. 71, no. 11,
pp. 13112320, 2005.
F. H. Panahi, F. H. Panahi, and T. Ohtsuki, An intelligent path planning
mechanism for re ghting in wireless sensor and actor networks, |EEE
Internet Things J., vol. 10, no. 11, pp. 9646-9661, Jun. 2023.
D. Wang et a., Economic footprint of Cdifornia wild res in
2018, Nature Sustain., vol. 4, no. 3, pp. 252260, 2021.
M. A. Moritzet a., Learning to coexist withwild re, Nature, vol. 515,
no. 7525, pp. 58-66, 2014.
L. Zhang, C. Lu, H. Xu, A. Chen, L. Li, and G. Zhou, MMFNet:
Forest re smoke detection using multiscale convergence coordinated
pyramid network with mixed attention and fast-robust NMS, |EEE
Internet Things J., vol. 10, no. 20, pp. 1816838180, Oct. 2023.
X. J. Walker et a., Increasing wild res threaten historic carbon sink
of boreal forest soils, Nature, vol. 572, no. 7770, pp. 520-523, 2019.
M. R. Nosouhi, K. Sood, N. Kumar, T. Wevill, and C. Thapa, Bush re
risk detection using Internet of Things: An application scenario, |EEE
Internet Things J., vol. 9, no. 7, pp. 5266-5274, Apr. 2021.
R. R. Buchholz et a., New seasona pattern of pollution emerges from
changing north American wild res, Nat. Commun., vol. 13, no. 1,
p. 2043, 2022.
A. Bouguettaya, H. Zarzour, A. M. Taberkit, and A. Kechida, A review
on early wild re detection from unmanned aeria vehicles using deep
learning-based computer vision algorithms, Sgnal Process., vol. 190,
Jan. 2022, Art. no. 108309.
O. M. Bushnag, A. Chaaban, and T. Y. Al-Naffouri, The role of UAV-
10T networks in future wild re detection, |EEE Internet Things J.,
vol. 8, no. 23, pp. 16984-16999, Dec. 2021.
J. John, K. Harikumar, J. Senthilnath, and S. Sundaram, An ef cient
approach with dynamic multi-swarm of UAVs for forest re ghting,
2022, arXiv:2211.01958.
J S, Almeida, C. Huang, F. G. Nogueira, S. Bhatia, and
V. H. C. de Albuquerque, EdgeFireSmoke: A novel lightweight CNN
model for real-time video re-smoke detection, |EEE Trans. Ind.
Informat., vol. 18, no. 11, pp. 7889898, Nov. 2022.
T. Lewicki and K. Liu, Aeria sensing system for wild re detection:
Demo abstract, in Proc. 18th Conf. Embed. Netw. Sens. Syst., 2020,
pp. 595-596.
X. Chen et d., PAS: Prediction-based actuation system for city-scale
ridesharing vehicular mobile crowdsensing, |EEE Internet Things J.,
val. 7, no. 5, pp. 3719-3734, May 2020.
H. Wang, X. Chen, Y. Cheng, C. Wu, F. Dang, and X. Chen, H-
SwarmLoc: Ef cient scheduling for localization of heterogeneous MAV
swarm with deep reinforcement learning, in Proc. 20th ACM Conf.
Embed. Netw. Sens. Syst., 2022, pp. 1148-3154.
H.-J. Yoon, H. Kim, K. Shrestha, N. Hovakimyan, and P. Voulgaris,
Estimation and planning of exploration over grid map using a spa
tiotemporal model with incomplete state observations, in Proc. |IEEE
Conf. Control Technol. Appl. (CCTA), 2021, pp. 998—2003.
Z. Li, F Man, X. Chen, B. Zhao, C. Wu, and X. Chen, TRACT:
Towards large-scale crowdsensing with high-ef ciency swarm path
planning, in Proc. ACM Int. Joint Conf. Pervasive Ubiquitous Comput.
ACM Int. Symp. Wearable Comput., 2022, pp. 409-414.
C. Phan and H. H. Liu, A cooperative UAV/UGV platform for wild re
detection and ghting, in Proc. 7th Int. Conf. System Smul. Sci.
Comput., 2008, pp. 494—498.
M. Kumar, K. Cohen, and B. HomChaudhuri, Cooperative control
of multiple uninhabited aerial vehicles for monitoring and ghting
wild res, J. Aerosp. Comput., Inf., Commun., vol. 8, no. 1, pp. 1-16,
2011.
R. N. Haksar and M. Schwager, Distributed deep reinforce-
ment learning for ghting forest res with a network of aerial
robots, in Proc. IEEE/RS] Int. Conf. Intell. Robots Syst. (IROS), 2018,
pp. 1067—2074.
E. Serg, A. Silva, and M. Gombolay, Multi-UAV planning for
cooperative wild re coverage and tracking with quality-of-service
guarantees, Auton. Agents Multi-Agent Syst., vol. 36, no. 2, p. 39,
2022.
H. X. Pham, H. M. La, D. Feil-Seifer, and M. C. Deans, A distributed
control framework of multiple unmanned aerial vehicles for dynamic
wild retracking, |EEE Trans. Syst., Man, Cybern., Syst., vol. 50, no. 4,
pp. 15372548, Apr. 2020.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 13,2025 at 04:43:18 UTC from IEEE Xplore. Restrictions apply.



24870

[29]

[26]

(27

(28]

[29]

(30

(31

(32

(33]

[34]

[39]

[36]

(37

[38]

[39]

[40]

(41

[42]

[43]

[44]

[49]

[46]

[47]

(48]

D. W. Casbeer, D. B. Kingston, R. W. Beard, and T. W. McLain,
Cooperative forest re surveillance using a team of small unmanned
air vehicles, Int. J. Syst. i, vol. 37, no. 6, pp. 351-360, 2006.
D. Bertsimas, J. D. Grif th, V. Gupta, M. J. Kochenderfer, and
V. V. Mi,ig, A comparison of monte carlo tree search and rolling
horizon optimization for large-scale dynamic resource allocation prob-
lems, Eur. J. Oper. Res,, vol. 263, no. 2, pp. 664678, 2017.
A. Somanath, S. Karaman, and K. Youcef-Toumi, Controlling stochastic
growth processes on lattices: Wild re management with robotic re
extinguishers, in Proc. 53rd IEEE Conf. Decision Control, 2014,
pp. 1432-2437.
S. Chien et a., Space-based sensorweb monitoring of wild res in
Thailand, in Proc. IEEE Int. Geosci. Remote Sens. Symp., 2011,
pp. 1906—1909.
N. Chiaraviglio et a., Automatic re perimeter determination using
MODIS hotspots information, in Proc. |IEEE 12th Int. Conf. e-<ci.,
2016, pp. 414-423.
T. Fukuhara, T. Kouyama, S. Kato, R. Nakamura, Y. Takahashi, and
H. Akiyama, Detection of small wild re by thermal infrared camera
with the uncooled microbolometer array for 50-kg class satellite, |EEE
Trans. Geosci. Remote Sens., vol. 55, no. 8, pp. 4314-4324, Aug. 2017.
I. Yoon, D. K. Noh, D. Lee, R. Teguh, T. Honma, and H. Shin,
Reliable wild re monitoring with sparsely deployed wireless sensor
networks, in Proc. |[EEE 26th Int. Conf. Adv. Inf. Netw. Appl., 2012,
pp. 460—466.
Y. K. Tan and S. K. Panda, Self-autonomous wireless sensor nodes
with wind energy harvesting for remote sensing of wind-driven wild re
spread, |EEE Trans. Instrum. Meas., vol. 60, no. 4, pp. 13671377,
Apr. 2011.
H. Lin, X. Liu, X. Wang, and Y. Liu, A fuzzy inference and big data
analysis algorithm for the prediction of forest re based on rechargeable
wireless sensor networks, Sustain. Comput., Inform. Syst., vol. 18,
pp. 101211, Jun. 2018.
J. R ckin, L. Jin, and M. Popovig, Adaptive informative path
planning using deep reinforcement learning for UAV-based active sens-
ing, in Proc. Int. Conf. Robot. Autom. (ICRA), 2022, pp. 4473-4479.
R. N. Haksar, S. Trimpe, and M. Schwager, Spatia scheduling of
informative meetings for multi-agent persistent coverage, |EEE Robot.
Autom. Lett., vol. 5, no. 2, pp. 3027-3034, Apr. 2020.
D. A. Saikin, T. Baca, M. Gurtner, and M. Saska, Wild re ghting by
unmanned aerial system exploiting its time-varying mass, |EEE Robot.
Autom. Lett., vol. 5, no. 2, pp. 2674-2681, Apr. 2020.
L. Thul and W. B. Powell, An information-collecting drone manage-
ment problem for wild re mitigation, 2023, arXiv:2301.07013.
T. Melodia, D. Pompili, V. C. Gungor, and |. F Akyildiz,
Communication and coordination in wireless sensor and actor
networks, |EEE Trans. Mobile Comput., vol. 6, no. 10, pp. 1116-3129,
Oct. 2007.
K. D. Julian and M. J. Kochenderfer, Distributed wild re surveillance
with autonomous aircraft using deep reinforcement learning, J. Guid.,
Control, Dyn., vol. 42, no. 8, pp. 17681778, 2019.
C. Lieta., Fastforest re detection and segmentation application for
UAV-assisted mobile edge computing system, |EEE Internet Things J.,
early access, Sep. 4, 2023, doi: 10.1109/J10T.2023.3311950.
T. Hill, Con ations of probability distributions, Trans. Amer. Math.
Soc., vol. 363, no. 6, pp. 3351-3372, 2011.
S. Ruan et d., Dynamic public resource alocation based on human
mobility prediction, Proc. ACM Interact., Mobile, Wearable Ubiquitous
Technol., vol. 4, no. 1, pp. 122, 2020.
A. Singh, A. Krause, C. Guestrin, and W. J. Kaiser, Ef cient informa-
tive sensing using multiple robots, J. Artif. Intell. Res., vol. 34, no. 1,
pp. 707—#55, 2009.
A. Goldberg and T. Radzik, A heuristic improvement of the Bellman-
Ford agorithm, Dept. Comput. Sci., Stanford Univ., Stanford, CA,
USA, Rep. TR-STAN-CS-92-1464, 1993.
N. Atanasov, J. Le Ny, K. Daniilidis, and G. J. Pappas, Information
acquisition with sensing robots: Algorithms and error bounds, in Proc.
IEEE Int. Conf. Robot. Autom. (ICRA), 2014, pp. 6447—6454.
J. P. How, B. Behihke, A. Frank, D. Dale, and J. Vian, Real-time indoor
autonomous vehicle test environment, |EEE Control Syst. Mag., vol. 28,
no. 2, pp. 51-64, Apr. 2008.
R. N. Haksar, Control, Itering, learning, and multi-robot algorithms
for large graph-based Markov decision processes, Ph.D. dissertation,
Dept. Mech. Eng., Stanford Univ., Stanford, CA, USA, 2020.
W. Chen and L. Liu, Pareto monte carlo tree search for multi-objective
informative planning, in Proc. Robot., Sci. Syst., 2019, pp. 1-20.

IEEE INTERNET OF THINGS JOURNAL, VOL. 11, NO. 14, 15 JULY 2024

Xuecheng Chen received the B.E. degree from
the Department of Intelligence Engineering, Sun
Yat-sen University, Guangzhou, China, in 2021.
He is currently pursuing the Ph.D. degree with
the Department of Tsinghua-Berkeley Shenzhen
Institute, Tsinghua University, Shenzhen, China.

His current research interests lies at the
intersection of mobile computing, multirobot
systems, and cyber—physical systems.

Zijian Xiao received the B.E. degree from
the School of Aerospace Engineering, Tsinghua
University, Beijing, China, in 2019. He is cur-
rently pursuing the M.S. degree with Shenzhen
International Graduate School, Tsinghua University,
Shenzhen, China.

His research interests encompass cyber—physical
systems and mobile sensing.

Yuhan Cheng received the B.E. degree from the
School of Intelligent Systems Engineering, Sun Yat-
sen University, Guangzhou, China, in 2022. He is
currently pursuing the M.S. degree with Shenzhen
International Graduate School, Tsinghua University,
Shenzhen, China.

His research interests encompass cyber—physical
systems and mobile sensing.

Chen-Chun Hsia received the B.E. degree
from the School of Engineering, National Cheng
Kung University, Tainan, Taiwan, in 2021. He is
currently pursuing the M.S. degree with Shenzhen
International Graduate School, Tsinghua University,
Shenzhen, China

His research interests encompass human—
computer interaction and mobile sensing.

Haoyang Wang (Graduate Student Member, |EEE)
received the B.E. degree from the School of
Computer Science and Engineering, Central South
University, Hunan, China, in 2022. He is currently
pursuing the Ph.D. degree with Tsinghua Shenzhen
International Graduate School, Tsinghua University,
Shenzhen, China

His research interests include AloT and mobile
computing.

Jingao Xu (Member, |EEE) received the B.E. and
Ph.D. degrees from Tsinghua University, Beijing,
China, in 2017 and 2022, respectively.

He is currently a Postdoctoral Researcher with
the School of Software, Tsinghua University. His
research interests include Internet of Things, mobile
computing, and edge computing.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 13,2025 at 04:43:18 UTC from IEEE Xplore. Restrictions apply.


http://dx.doi.org/10.1109/JIOT.2023.3311950

CHEN et al.: SOScheduler: TOWARD PROACTIVE AND ADAPTIVE WILDFIRE SUPPRESSION

Susu Xu received the B.S. degree from Tsinghua
University, Beijing, China, in 2014, and the M.S.
and Ph.D. degrees from Carnegie Mellon University,
Pittsburgh, PA, USA, in 2019.

She is an Assistant Professor with the Department
of Civil and Systems Engineering, Johns Hopkins
University, Baltimore, MD, USA. Her research
focuses on mobile crowdsensing, spatiotemporal
learning, and incentive mechanisms for urban
systems and rapid disaster responses.

Fan Dang (Member, IEEE) received the B.E.
and Ph.D. degrees in software engineering from
Tsinghua University, Beijing, China, in 2013 and
2018, respectively.

He is a Research Assistant Professor with the
Globa Innovation Exchange, Tsinghua University.
His research interests include the industrial internet,
edge computing, and mobile security.

Dr. Dang is a member of CCF and ACM.

Xiao-Ping (Steven) Zhang (Fellow, |EEE) received
the B.S. and Ph.D. degrees in electronic engineering
from Tsinghua University, Beijing, China, in 1992
and 1996, respectively.
He is the Chair Professor with Tsinghua-Berkeley
Shenzhen Ingtitute, Tsinghua University, Shenzhen,
China Since Fal 2000, he has been with the
Department of Electrical, Computer and Biomedical
Engineering, Ryerson University, Toronto, ON,
Canada, where he is currently a Professor and
the Director of the Communication and Signal
Processing Applications Laboratory. In 2015 and 2017, he was a Visiting
Scientist with the Research Laboratory of Electronics, Massachusetts Institute
of Technology, Cambridge, MA, USA. His research interests include sensor
networks, Internet of Things, machine learning, statistical signal processing,
image and multimedia content analysis, and applications in big data, nance,
and marketing.

Dr. Zhang was arecipient of the 2020 Sarwan Sahota Ryerson Distinguished
Scholar Award and the Ryerson University Highest Honor for schol-
arly, research, and creative achievements. He was selected as the |IEEE
Distinguished Lecturer by the |IEEE Signal Processing Society from 2020 to
2021 and the IEEE Circuits and Systems Society from 2021 to 2022. He
is a Fellow of the Canadian Academy of Engineering and the Engineering
Ingtitute of Canada.

24871

Yunhao Liu (Fellow, |EEE) received the B.E. degree
from the Department of Automation, Tsinghua
University, Beijing, China, in 1995, the M.A.
degree from Beijing Foreign Studies University,
Beijing, in 1997, and the M.S. and Ph.D. degrees in
computer science and engineering from Michigan
State University, East Lansing, MI, USA, in 2003
and 2004, respectively.
He is a Professor with the Department of
Automation and the Dean of the Global Innovation
Exchange, Tsinghua University. His research
interests include Internet of Things, wireless sensor networks, indoor
localization, industrial Internet, and cloud computing.
Prof. Liu is a Fellow of CCF and ACM.

Xinlei Chen (Member, IEEE) received the B.E.
and M.S. degrees in electronic engineering from
Tsinghua University, Beijing, China, in 2009 and
2012, respectively, and the Ph.D. degreein electrical
engineering from Carnegie Mellon University,
Pittsburgh, PA, USA, in 2018.
He is currently an Assistant Professor with
Shenzhen International Graduate School, Tsinghua
University, Shenzhen, China, from 2021. He is
with RISC-V International Open Source Laboratory,
Shenzhen, China, and aso with Pengcheng
Laboratory, Shenzhen. He was a Postdoctoral Research Associate with the
Department of Electrical Engineering, Carnegie Mellon University, Pittsburgh,
PA, USA, from 2018 to 2020. His research interests include AloT, pervasive
computing, and cyber—physical system.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 13,2025 at 04:43:18 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


