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Abstract— This paper explores the design of a high-level
mission planner and controller for managing UAVs fighting
a wildfire through the utilization of reactive synthesis and
dynamic allocation of the UAVs as resources to the fires.
Reactive synthesis provides a formal means of guaranteeing the
UAVs transition to areas of fire, refill on water, and emergency
land as defined by linear temporal logic specifications. Dynamic
allocation coordinates the behavior of multiple UAVs through
assignments to regions of fire based on a cost function that
takes into effect the fire locations, fire intensities and other
UAV locations. For six fire scenarios, this paper determines the
minimum number of UAVs required to eliminate all fires and
prevent the burning of more than a set amount of fuel (i.e.
forestry or shrubbery). Lastly, our results and successful appli-
cation expand discussion on the utilization of reactive synthesis
in larger task spaces and the implications of abstracting UAV
transitions for use in formal methods.

I. INTRODUCTION

The economic burden of wildfires on the United States (in
2016 $US) exceeds $63.5 billion annually due to damages;
more than $7.6 billion is spent annually to fight said fires
[1]. Current methods of fighting fires involve numerous
man hours and piloted vehicles capable of dropping large
amounts of suppressant over regions of fire. As discussed in
[2], unmanned aerial vehicles (UAVs) pose a huge benefit
to traditional firefighting methods by providing additional
“eyes in the sky” and supply drops, which has motivated
numerous agencies to explore such options in the last decade.
Furthermore, UAVs could potentially extinguish fires on their
own as was mechanically demonstrated on a small, single-
UAV scale in [4]. Fighting wildfires primarily through a fleet
of autonomous drones, in turn, could limit the number of
required personnel and produce more efficient results. For
the purposes of research in UAV autonomy, a design problem
such as this allows for the exploration and further assessment
of multiple methods in autonomy.

One such method, reactive synthesis, provides a means for
generating correct-by-construction controllers for complex
systems. Synthesized controllers take into account system
and environment variables with varying dynamics, progress
and safety specifications, and initial conditions. The primary
benefit of this method is the correct-by-construction attribute;
the realized controller will satisfy the specifications designed
by the user as long as the environment behaves according
to the assumptions made. Programmers are not required to
“handcraft” individual behaviors of a system under specific
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conditions (of which many are often error prone) and can
instead focus on defining the system and specifications. The
major pitfall of reactive synthesis, however, is the computa-
tional complexity in dealing with dynamic environments as
discussed in [3]. For example, consider a scenario involving
the path planning of a robot that must always avoid any
number of arbitrarily placed obstacles on a 10x10 grid. The
synthesized controller must account for every possible ob-
stacle location (2100 permutations), resulting in an inordinate
amount of computation time. Full models of real problems
will easily involve this scenario’s scale of permutations in
the environment. As a result, reactive synthesis is typically
restricted to “smaller” problems that utilize low-granular
finite abstractions of system state spaces alongside limited
dynamic environments.

When the high-level design of a system does involve
the previous example’s scale of environmental permutations
and state space, solutions typically seek to discretize the
synthesis problem or approach the problem from a different
perspective. Discretization appears in the use of receding
horizon control in [5] and the use of decentralized controllers
for multiple agents in [6]. Both examples break down the top-
level synthesis problem into smaller, discrete pieces for the
computational benefits. On the other hand, [7] approached
their synthesis problem with a focus on resolving deadlock
under specific environment conditions instead of directly
avoiding dynamic obstacles. In each of the presented cases,
the problem description focuses on a limited task space and
how the solution can handle larger sets of actions from an
environment. In [5], [6], and [7], the task space encompasses
up to 4 progress statements for each scenario.

For the purposes of fighting large, dynamic fires with a
single autonomous UAV, a high-level controller created with
just reactive synthesis would quickly present an impractical
solution if the design should accommodate a fairly granular
state space with a large number of tasks. Further expanding
this concept to a whole fleet of UAVs, the problem becomes
worse due to an increase in the number of system variables.
Even with decentralized controllers for each UAV, more
system variables would need to be introduced to describe
coordination and behaviors between the decentralized UAV
controllers. To alleviate the computational complexity on
reactive synthesis in this regard, the coordination of UAVs
can be handled by a dynamic allocation process.

Dynamic allocation presents an automated method for
assigning resources in an ever-changing environment. Recent
approaches include clustering techniques and formulating
the allocation problem in the form of a multi-objective
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problem. In [8], a partitioning-based task allocation strategy
is proposed to decide on the assignment of agents in dynamic
disaster environments by applying the K-means clustering
algorithm. In [9] and [10], the resource allocation problem
is framed as a multi-objective optimization problem of min-
imizing the extinguishing time and resource utilization cost,
solved by the use of evolutionary algorithms in [9] and by
mathematical programming techniques in [10].

We propose an allocation strategy to address the assign-
ments of UAVs for our fire fighting scenario. If the fleet
of UAVs are treated as resources to manage with respect to
a changing fire landscape, dynamic allocation would serve
well in assigning the UAVs to specific fires. Assignments
would depend upon factors in the behavior of the fires such as
density, intensity, ability to spread, and more. Perhaps readily
apparent, though, is that an allocation algorithm would not
necessarily be constructed to control the UAVs within the
state space defined, nor would the algorithm manage other
high-level system aspects associated with the UAVs, such
as suppressant control and decisions on emergency landings.
Building these high-level behaviors into an allocation algo-
rithm requires “handcrafting” the behaviors for all scenarios,
an approach that is avoided through the use of synthesis.

To integrate the two discussed methods, reactive synthesis
and dynamic allocation, we utilize the receding horizon
framework for reactive synthesis as discussed in [3]. As
far as we have found, [11] first touched upon the idea of
manipulating the receding horizon framework for decompos-
ing the synthesized problem and decentralizing the planning
procedure. For their purposes, this idea resulted in the
ability of multiple agents to satisfy high-level specifications
through only considering other agents that entered their
local horizon. For our purposes, decentralizing the planning
procedure allows for dynamic allocation to arrange the order
of progress goals specified in the synthesized controller in
real-time. Through this, we seek to reconcile the strengths
and weaknesses of the two discussed methods to create a
high-level mission planner and controller for implementation
in a fire fighting scenario.

The rest of the paper follows as such. In Section II, we
present subjects pertinent to the exploration of our topic,
primarily in relation to reactive synthesis. In Section III,
we present the fire fighting scenario, including environment
and system definitions. Section IV discusses our proposed
solution, followed by the implementation of our solution in
Section V. In Section VI, we present the outcomes to our
tested cases, followed by our conclusions in Section VII.

II. PRELIMINARIES

Linear temporal logic (LTL) is utilized for describing
specifications within the reactive synthesis framework. LTL
makes use of boolean system variables that serve as atomic
propositions (AP), and LTL formulas are built through APs
with logic connections and temporal modal operators. Logic
connections include ¬ (negation), ∨ (or), ∧ (and), and =⇒
(implication). Temporal modal operators include # (next), �
(always), 3 (eventually), and U (until). LTL formulas that

Fig. 1: Segmentation of state space and example of ordered set
flow-down performed in receding horizon framework, as described
in [3].

only utilize logic connections are referred to with ϕ . Through
the use of LTL, a broad range of specifications can be written
to describe the behaviors of a system (or environment). We
point the reader to the preliminaries section of [12] for an
expanded description of LTL as it pertains to our purposes.

Reactive synthesis provides a method for generating con-
trollers within the context of a defined environment and
system as specified through LTL. One of the most commonly
used forms for these LTL formulas is general reactivity(1)
(GR(1)), the assume-guarantee form shown in Eq. (1),
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From the above equation, the propositional formula ϕinit
describes the initial condition of the environment or system
(denoted by superscript e or s, respectively), ϕs,i describes
safety specifications, and ϕp,i describes progress specifica-
tions. [12] proved that when the system and environment
specifications are written in the framework shown in Eq.
(1), the synthesis of a system controller that fulfills the
specifications while subject to the environment will occur
in polynomial time. The proof of such, though, provides
no guarantee that the polynomial time required will fall
within a practical time-limit, due to the formulation’s limiting
dependency on the total amount of permutations between the
system and environmental states.

[13], [14], and [3] have explored reactive synthesis within
a receding horizon (RH) framework. The primary benefit of
utilizing RH is the segmentation of the state space for both
the environment and system into separate horizons. Each
horizon provides a smaller problem to synthesize a controller
for, and the combination of these controllers form a single
controller that obeys the specifications written for the total
system and environment. The primary disadvantage of RH is
that while each horizon itself can be optimized, the total sum
is not. Other sources have explored methods of optimizing
control with respect to time-based rewards on each horizon,
such as in [14], but such optimization is forgone in this paper.

Implementation of RH revolves around, for each progress
specification, segmenting the total system state space into
regions W i

j so that, when placed into properly constructed
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Fig. 2: 2D grid partition of problem location with environmental
indicators

ordered sets represented by F i(W i
j ), the system variables

will converge to meeting each progress statement for the
system, i.e. W i

0 . Here, i represents the system progress
statement i ∈ Ig, and j indexes the ordered regions W about
the progress specification i. This process is displayed in Fig.
1. Following the basis laid out by [3], each region consists of
its own GR(1) specification (shown in Eq. (2)), constructed
so that the synthesized controller will move the system states
towards the next region within the ordered set (eventually
leading to j = 0) and fulfill the top level GR(1) specification,
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In Eq. (2), s refers to the system state. The formula Φ

consists of all limitations on the states of system, preventing
the system from making transitions to or initializing within
states that are not allowed. This tautology prevents individual
synthesized controllers from creating transitions to states that
are infeasible for longer horizons.

III. PROBLEM FORMULATION

The high-level problem scenario this paper explores is
presented as such. A region of forest and/or grassland,
segmented by various large-scale obstacles, is experiencing
a wildfire. The fire spreads from starting points with a fixed
behavior, and the starting fire conditions are arbitrary, i.e. any
number of fires can occupy any number of subdivisions in the
region that contain fuel to burn. A base of operations exists
near the edge of the region and contains a fleet of N UAVs for
fighting the fire. Each UAV holds a varying level of water for
dumping on the fire, from High (100%), Medium (60%), Low
(20%), to Empty (0%), associated with a total water volume
of Wv = 50 liters. Each individual UAV contains a radio for
communicating with base, GPS for determining position, and
any other sensors required for lower-level controllers. Each
UAV’s average flight speed, v, is approximately 15 m/s.

For the purposes of this paper, suppose that the overall 2D
region is partitioned into a granular 10x10 grid, as shown in
Fig. 2, with each partition side measuring at l = 45 meters.

Fig. 3: Possible transitions for UAV within grid given starting
orientation and location

Each partition that is not an edge of the region or does not
contain an obstacle is capable of experiencing fire within
it. UAVs can transition throughout these partitions in the
manner displayed in Fig. 3 and have the ability to stop within
a partition, indicating emergency landing. Every transition
represents l/v = 3 seconds in real-time. From the above
descriptions, the set of states of the UAVs, S, consist of
their position in the grid, sp, and orientation, so ∈ {1,2,3,4}.
Additionally, the UAVs’ states include the water level, w ∈
{0,1,2,3,4} (each level tied to the percentages described
before), and therefore S = sp× so×w.

The fire behaves as follows. Each partition can contain f ∈
{0,1,2,3,4,5,6} amount of fuel (i.e. forestry or shrubbery),
starting with f = 6 for all partitions capable of holding
fire. This results in an initial total fuel amount of F = 300
(subtracting region edges and obstacles). The fuel amount
corresponds to how long a fire can burn within a partition,
and as long as it is greater than 0, the partition can hold a
fire. Each fire varies in intensity, with levels of Low, Medium,
and High, that are each tied to a specific fire spread rate, fr.
These rates, shown in Table I, were pulled from the results
data gathered in [15], which tested the amount of suppressant
volume required to extinguish various spread rates of fires
in a 1.5 by 3 meter test area. From the same test data,
each rate requires a specific volume of water per square
meter, vr, to extinguish. A fire will grow in intensity and
spread to adjacent partitions with time, t f , determined by
the partition length, l, divided by the spread rate of the fire.
Each time a fire grows in intensity, all adjacent partitions
that do not currently hold fire and do contain fuel will start
holding fire, matching the intensity of the originating fire.
Additionally, the fire will consume fuel in the partition, an
amount described by fc, proportional to its intensity level.
Each of the above described properties are listed in Table I.

TABLE I: Fire growth behavior

Fire intensity level Low Medium High
Fire spread rate fr (m/s) 0.035 0.040 0.045

Required suppressant volume per
square meter vr (L/m2)

0.156 0.211 0.267

Time before fire spreads t f (s) 1287 1125 999
Fuel consumption at intensity

increase fc

1 2 3

Each time one or multiple UAVs drop a combined amount
of water, labeled vud , on a partition with fire, the total
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Fig. 4: Diagram of creating the solution method and the responsibil-
ities and roles for both the synthesized controllers and the allocation
process during real-time implementation

volume of water dropped on that partition, Vd , grows by vud .
Furthermore, if Vd reaches the necessary amount vr (provided
in Table I) for the given fire intensity before the fire grows
and spreads, the partition is considered extinguished with the
current fuel amount, and fire can no longer spread to that
partition. If the fire spreads before this volume of dropped
water is reached, then Vd resets to 0.

Desired design specifications for each individual UAV are
as follows. Each UAV must only drop a fraction of its water
supply (transitioning from the currently held amount to next
lowest) when flying over designated fire regions, and each
UAV must return to base for replenishing water supplies
when w = 0. Additionally, the UAVs may experience engine
problems and must land for prolonged periods of time in the
next available region not consumed by fire. Lastly, the UAVs
must coordinate when asked, either prioritizing the same fires
with multiple UAVs or different fires for each UAV.

As mentioned before, the design goal for this problem
scenario is to create a high-level autonomous controller to
dictate the overall behavior of the fleet for tackling any
generic fire situation while maintaining the desired design
specifications per UAV. For a given fire scenario, we seek
to determine the required minimum number of UAVs. Given
any number of UAVs, success is achieved when the fleet
can permanently extinguish all fires while maintaining a
minimum level of total fuel.

IV. PROPOSED SOLUTION METHOD

We propose a solution to the formulated problem scenario
that combines reactive synthesis with a dynamic allocation
algorithm. These two methods form a high-level planner and
controller that fulfills the design constraints imposed on each
UAV and dictates the behavior of each one as well as their
collective maneuvers. Fig. 4 depicts a conceptual view of
the process of creating our solution and the duties that each
method fulfills. Fig. 5 depicts the direct relationship between
the allocation process and a synthesized controller.

As shown in Fig 4, a common synthesized controller is
created for each of the UAVs through the RH framework
with the duties presented by the indexed arrows. Given any
arbitrary initial condition, the controller progresses to each

Fig. 5: Diagram of allocation process rearranging the progress goal
ordering (as depicted in Fig. 1) for a single UAV controller instance
in real-time

partitioned space, these goals represented within Fig. 4 by
the “nodes” protruding from each rectangle. The order that
the controller meets these progress statements for a single
UAV, shown previously through the ordering of W i in Fig.
1, is not dictated by the synthesized controller as typically
performed within the RH framework. Instead, the allocation
process decides which progress specification any single UAV
should pursue, represented within Fig. 5 by the switching of
the “nodes’” order for any given moment in time. Hence, the
allocation process prioritizes and assigns which goals a single
controller should meet next in real-time. The combination
of these two methods in the described manner works to
highlight the strengths of each method. The synthesized
controllers manage various system oriented aspects of the
design and path planning while allocation governs the fleet
behavior through assignments of goals for each controller.

Previously mentioned in [4], a physical scenario was
constructed that dealt solely with one UAV gathering water,
moving to another location, and dumping said water on
the destination. [4] demonstrates the existence of lower
level controllers that could manage the actions necessary
to achieve the high-level planner and controller this paper
proposes (at least for a smaller scale UAV). So, as often ex-
pressed in other sources dealing with high-level synthesized
controllers, we assume there exists low-level controllers to
dictate the motion of individual agents in real-time.

Remark: One caveat with regards to the solution explored
in this paper is the, perhaps obvious, alternative solution.
Suppose the design was created through a more “hand-
crafted” approach, one without the use of formal methods
for verification. Utilization of a path planning algorithm
(such as any of the on-line algorithms discussed in [16])
for sending UAVs to any given destination (i.e. a fire or
base) from any starting condition, could be combined with
the described top-level allocation process that managed the
destinations for all UAVs together. A huge benefit of such
an approach is that the dedicated path-planning algorithm
could handle a greater variety of dynamic environments than
a synthesized controller. However, the described approach
could easily be susceptible to programming errors due to
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the necessity of creating the conditions that dictate other
task-oriented operations of the UAV (such as those involving
control of the water level, knowing when to land under what
conditions, etc.), precisely the issue that reactive synthesis
aims to resolve. This paper’s proposed solution method seeks
to explore and expand the capabilities of reactive synthesis
as a formal method within a more granular environment and
complex task space.

V. IMPLEMENTATION

This section describes the construction and operation of
the synthesized controllers and allocation algorithm used for
the high-level controller. Additionally, the simulation used to
test such cases is also outlined.

A. Synthesis of Controllers in Receding Horizon framework

For the common synthesized controller, environmental
variables as perceived by a single UAV were created.
These Boolean variables consist of: StopSignal, representing
whether or not the UAV needs to stop due to periodic engine
failures; Fire, representing the presence of fire directly
beneath the UAV; and DropWater, representing allocation
signaling a UAV to drop water on the assigned goal loca-
tion. Hence, the environment is E = StopSignal × Fire×
DropWater. The system consists of S as described in Section
III. Additional APs GoalPosi and Base were created for when
the UAV enters any specified goal location (indexed with
i ∈ Ig) and the base location, respectively.

The overall environment specifications for each UAV are
listed:

ϕ
e
init = ¬StopSignal∧¬Fire, (3)

ϕ
e
s = {}, (4)

ϕ
e
p =�3DropWater∧�3¬StopSignal∧�3¬Fire, (5)

Eq. (3) states that no UAV starts with engine failure or fire
beneath it. Eq. (4) shows no guarantees on the environments
behavior, and Eq. (5) states that always eventually: allocation
instructs the UAV to drop water; the UAV will experience
engine failure; and the UAV will not fly over fire.

The overall system specifications for each UAV are listed:

ϕ
s
init = Φ∧ (w = 4). (6)

Eq. (6) reflects that a UAV will start in the position and
orientation states allowed by Φ (tautology that governs
feasible states) and will start with the full water supply.

ϕ
s
s,1 =�(StopSignal∧¬Fire =⇒ sys actions = “Stop”),

(7)
Eq. (7) states that a UAV experiencing the engine fail signal
and is not over fire will stop in the current partition.

ϕ
s
s,2 =�(¬(StopSignal∧¬Fire) =⇒

sys actions = “Go”),
(8)

Fig. 6: RH partitions for progress statement centered on position
(4,4)

Eq. (8) indicates that in the negation of the previous condi-
tion, the UAV must transition to new partitions.

ϕ
s
s,3,i =�((¬(w = 0)∧DropWater∧#GoalPosi∧¬(#Base))

=⇒ ((#w) = (w−1)),
(9)

Eq. (9), which exists for every goal AP, states that the next
water level decreases by 1 if: the water level isn’t empty;
the UAV is told to drop water into its goal; the UAV will
transition into the goal next move; and the next move doesn’t
result in True for Base.

ϕ
s
s,5,i =�(((w = 0)∧DropWater∧#GoalPosi∧¬(#Base))

=⇒ ((#w) = w),
(10)

Eq. (10) indicates that if the same conditions as Eq. (9) hold
except the water level is at empty, the water level must stay
the same.

ϕ
s
s,4,i =�((¬(DropWater∧#GoalPosi∧#Base =⇒

((#w) = w),
(11)

Eq. (11) states that the water level will remain the same as
before if the UAV: is not told to drop water into its goal;
is not transitioning into the goal next move; and/or is not
transitioning to the base location.

ϕ
s
p,i =�3DropWater =⇒ GoalPosi, (12)

Lastly, Eq. (12) states that for every goal i, the UAV will
transition into the goal location if the UAV is told to drop
water. The resulting total reactive synthesis specification is
displayed in Eq. (13).
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Given any excessively large values for i∈ Ig, the total spec-
ification would yield a synthesized controller that would first,
take an excessive amount of time to generate (longer than
the 12 hours taken for an attempt with a 3.2 GHz processor),
and second, create no practical performance with regards to
extinguishing fires. From such, though, the RH framework
is applied to the synthesized controller, as followed from
[3]. For every progress specification, the partitioned grid is
further segmented into subregions W i

j , an example of which
is shown in Fig. 6. As displayed, the regions are ordered by
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Fig. 7: Limited (in red) and expanded (in green) transition space
example for W3, with progress goals highlighted gray. Modified
transition example shown by blue arrows.

j based on their distance from the position that fulfills the
particular progress statement (the i index is not shown).

For each set of partitions W i
j , GR(1) specifications (of

the form in Eq. (2)) were constructed to enable correct tran-
sitions for the synthesized controllers. These specifications
were differentiated between j > 1 and j = 1 through the
progress statements and sets of initial conditions. For j > 1,
the progress statements were constructed simply to force
the UAV to transition into partitions contained within the
next W , an example of such shown in Fig. 7 through the
highlighted partitions. For j = 1, the progress statements
were constructed as discussed earlier with Eq. (12).

1) Receding Horizon Modification: Also displayed in Fig.
7 is an example of the expanded transition spaces (cut out
segments of W4) only used when initial conditions that do not
provide feasible transitions to the next inner W arise. These
situations typically occur around obstacles. Normally in an
RH framework, infeasible initial conditions would be limited
through the ordered sequence of progress goals. Due to the
fact that any goal can proceed any other goal for this problem
statement, though, all initial conditions for any W must be
viable. The addition of these expanded transition spaces for
the normally infeasible initial conditions provides a feasible
transition path that the UAV moves into if needed. The
planner that manages which synthesized controllers to use
then switches to the one associated with set W j+1. Note that
the synthesized controllers with these expanded transition
spaces only exist for initial conditions that cannot transition
to the next set W j−1. Unfortunately, the guarantee that the
combined controller will always satisfy the specifications is
lost anytime these synthesized controllers are used. From
testing, though, we found that this issue only occasionally
resulted in goal accessibility problems for UAVs assigned to
fires directly on the other side of the larger obstacles.

B. Dynamic allocation

In this paper, we propose an efficient method for managing
the dynamic allocation of UAVs to fire locations that spread
with time. The allocation process considers two paramaters,
fire density and proximity of the UAVs to fire locations.
Regions with higher fire densities correspond to areas with a
higher number of fires concentrated in a region. To partition
the map into regions according to their fire densities, the
first step in our allocation process is to carry out the K-
means clustering algorithm via the Matlab built-in function,
kmeans. We set this function to use the Manhattan distance as
the evaluation index of similarity in order to group fires with
similar locations into the same cluster. The kmeans function
requires a desired number of clusters, k, as input.

To find the optimal k, kopt , the elbow method is used.
[Similar work on utilizing the elbow method and other
clustering techniques is shown in [17].] In the elbow method,
the process iterates through the possible number of clusters,
k, from 2 to some maximum number of clusters, Kmax, and
the sum of square error (SEE) for each k is computed.
Ideally, we are looking for a value of k that results in clusters
that have a low SEE. This would lead to fires with high
location similarity being assigned to the same cluster. The
optimal number of clusters is the value of k at which the
second derivative of the average of SEE(k) is maximized.
The idea is that the marginal drop in the average SEE as
k increases will decrease dramatically for some value of k
before it reaches a plateau, hence the “elbow criterion”. The
partition algorithm is summarized in Algorithm 1.

Algorithm 1 Partition algorithm

1: procedure CLUSTERING(Kmax, f ireLocs)
2: Set k = 2
3: while k < Kmax do
4: Compute clusters set C = kmeans( f ireLocs,k)
5: Compute mean sum of square error with k clus-

ters, SEEavg(k)

6: Set optimal k, kopt = k that maximizes the second
derivative of SEEavg(k)

7: Generate initial cluster centroid positions Cinit
8: Compute clusters set C =

kmeans( f ireLocs,kopt ,Cinit)
9: Assign f ireLocs to their corresponding cluster c∈C,

10: return C, fire location assignments

Once the map is divided into clusters, the number of UAVs
that will be allocated to each cluster is defined by Eq. (14),

Nalloc(c) = dρc/ρtot × (Ntot −N f ree)e, (14)

where ρc is the cluster priority calculated as the sum of fire
intensity values that belong to cluster c, ρtot is the sum of
intensity values of all fires. Ntot is the total number of UAVs
and N f ree is the number of UAVs that have not been assigned
to a cluster. For each cluster c, we assign a subset of UAVs
chosen from all available UAVs. This subset of size Nalloc is
comprised of those UAVs with locations closest to c. Once
each cluster c has an assigned subset of UAVs, the next step
is to decide on which fire location in c each UAV should go
to.

For each cluster c, we pick the UAV in the subset of
UAVs assigned to c that is the closest to c and determine
the fire location fnew with the minimum cost relative to this
UAV. This cost is calculated as the weighted sum of the
distance between the fire and the UAV, the fire intensity and
its distance from the centroid of c, and the switching fires
penalty for the UAV. The rest of the UAVs in the subset
are assigned to the same fire or their own lowest cost fire,
explained in the next paragraph. We refer to this cost fuction
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as g as shown in Eq. (15).

min
fnew∈F

g( fnew,x) = d f ∗‖x− fnew‖+ s f ∗∥∥ fprev− fnew
∥∥−n f ∗ ( fint,new +‖ccentroid− fnew‖),

(15)

where d f (assigned as 0.3 in our simulation) is a coefficient
between 0.0 and 1.0 and is used as an importance weight
for the distance between UAV location x and fire fnew ∈
F . F represents the set of all fire locations in cluster c.
The coefficient n f represents an importance weight for the
fire intensity level, fint,new, and the distance between the
fire location and the centroid of cluster c. This coefficient
is set as 1.0 - d f . The first term in Eq. (15) seeks to
drive UAVs towards their closest fires while the third term
seeks to prioritize outer fires with higher intensities. Finally,
coefficient s f corresponds to the switching penalty for when
a fire assignment, fnew, switches to a different fire than the
previous assignment, fprev, before the UAV reaches such (s f
assigned as 10 in our simulation). This prevents UAVs from
going to different fires if they have not yet reached their
previously assigned fire. If the UAV reaches its assigned
fire, then the minimization is done over all other fires. The
provided coefficient values were chosen heuristically during
simulations with regards to performance.

We have two modes in which UAVs are assigned to fires,
Sync mode and NonSync mode. In Sync mode, all UAVs
can be assigned to any individual fire, allowing multiple
UAVs to fight the same fire if said fire minimizes each of the
UAVs associated cost function. In NonSync, no two UAVs
are allowed to be assigned to the same fire at any given
moment.

C. Simulation

To implement the solution and test its ability to meet the
problem scenario, the synthesized controllers and allocation
algorithm were constructed in MATLAB with a step-based
simulation in mind, i.e. the simulation’s main loop updated
upon each move performed by the synthesized controllers.
The time scale of the loop was adjusted to match that of a
UAV’s transition from one partition to the next, since most
controller moves related to time revolved around such. From
this, longer time-based actions, such as the fires’ described
spreading behaviors and the UAVs’ wait times, were only
updated when the amount of loops corresponding to the
desired amount of time passed.

Furthermore, various fire scenarios’ initial conditions were
constructed for the purposes of testing the controllers. These
fire scenarios were aimed at testing the capabilities of the
UAVs to extinguish all fires without the fuel decreasing
below the minimum amount, with no exact focus on per-
formance. The simulation cycled through iterations on each
scenario, increasing the number of UAVs until the goal was
met. Additionally, the scenarios aimed to capture a wide
range of initial conditions and assess the differences between
the allocation’s Sync and NonSync modes. The exact initial
fire placements are depicted in Fig. 8. For all scenarios, the
UAVs started at the base location.

Fig. 8: Fire scenario visualizations, initial conditions

VI. RESULTS

TuLiP [18] was utilized to realize and synthesize the
controllers associated with each region W i

j . On an Intel
i5-6500 CPU @ 3.20 GHz processor, this total process,
approximately 250 regions W , took on the order of 8 hours.
In addition to the large amount of time to synthesize all of
the individual controllers, numerous memory issues came up
throughout the process, even with a system limit of 16 GB
of RAM. The total size of the synthesized controllers was
approximately 2 GB.

For each scenario tested, simulations were conducted 100
times to assess the fleet of UAVs’ ability to meet the fire
elimination and fuel sustainment goals described previously,
provided each UAV experiences a 1% chance of engine
failure for every transition time (3 seconds in all scenarios).
The minimum fuel amount was chosen as 84, about one
fourth the starting fuel amount. The results were compiled
into Table II.

TABLE II: Simulation results

Scenario
number

(S - Sync,
NS - NonSync)

Mean minimum
number of UAVs

required

Mean simulated
real-time (s) for

completion

Mean fuel
remaining

S NS S NS S NS
1 2.95 2.96 3871.2 4344.8 274.6 273.3
2 2.04 2.10 1910.6 1518.0 291.1 293.6
3 2.04 2.08 11932.7 11170.0 156.3 169.0
4 2.31 2.30 10224.8 10221.4 166.5 165.3
5 4.00 4.05 8641.8 8431.2 200.8 200.0
6 4.72 4.68 7500.1 7463.0 120.4 122.1

As shown by the mean values in Table II, each case
required no more than 5 UAVs on average to meet the
prescribed objectives. Marginal differences existed between
the Sync and NonSync modes for each scenario, with the
largest differences displayed between the time for completion
and the remaining fuel. It would appear that the number
of UAVs used by the allocation algorithm had a greater
impact on the results than the mode used. This outcome is
highlighted by the marginal differences between the modes
for each scenario compared to the differences between each
scenario in general. Otherwise, in general, the longer the
UAVs spent fighting the fires and the more intense the fires
were resulted in greater fuel loss, an expected result.

An example time lapse for Scenario 1 is presented in
Fig. 9, showcasing how the fire grew in response to a
varying number of UAVs. The figure shows the current goal
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Fig. 9: Example of Scenario 1 (NonSync) results for no UAVs, 1
UAV, and 3 UAVs, with success shown in the last case

assignments for each UAV through the use of arrows pointing
to such. When observing the simulations in real-time, the
arrowheads switch to new locations anytime a UAV reaches
the goal or a new assignment is made. These arrows help
illustrate the assignments made during the simulations, such
as UAVs prioritizing the outer edges of large fire clusters
first or returning to the base location after running out of
water.

VII. CONCLUSION AND FUTURE WORK

In this paper, we constructed a high-level planner and
controller to control a fleet of UAVs for various fire fighting
scenarios. We simulated this method’s ability to meet the ob-
jectives of eliminating all fires without losing more than a set
amount of forestry through 6 varied scenarios, demonstrating
success with no more than 5 UAVs needed on average.

Expanding upon the receding horizon framework for reac-
tive synthesis allowed us to expand the scope of this problem
while integrating the method with dynamic allocation for
assigning UAVs. Even with such an approach, numerous
issues arose throughout the process that help highlight key
difficulties moving forward when using reactive synthesis in
the control of UAVs. First, applying the W regions based
primarily on position and ignoring orientations yields regions
that prohibit specific initial conditions, especially with larger
scale obstacles within the region. Our method of modified
transition spaces circumvented the issues of synthesizing a
controller at the loss of our guarantees for meeting the top
level specification when such spaces are used. Second, the
RH framework, when considering all initial conditions, still
yields an excessively large controller (about 2 GB) after
8 hours of runtime. Lastly, a simplified transition system
was utilized which limited the total orientation space and
interpreted UAV movement in only 2 dimensions, still far
more restrictive than UAV movement in reality. Each of these
points combine to exemplify the need for smarter partitioning
of possible transitions a UAV can take in 3D space (easily
dependent on at least 3 full degrees of freedom), should
reactive synthesize be used for UAV control.

For improvements on this problem as it was explored,
further evaluation of the effectiveness of our solution needs
to be assessed with regards to more scenarios. Furthermore,
performance metrics with regards to time should be built
into the specifications to ensure timely reactions to the en-
vironment, improving efficiency at fighting the fires. Lastly,
a greater detail simulation, one that models the reactions
and behaviors of the fire and UAVs in real-time (instead of
move-based increments), would aid in better assessment of
our solution.
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