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Abstract
Unmanned Aerial Vehicles (UAVs), adept at aerial surveillance, are often constrained by their limited battery capacity.
Refueling on slow-moving Unmanned Ground Vehicles (UGVs) can significantly enhance UAVs’ operational endurance.
This paper explores the computationally complex problem of cooperative UAV-UGV routing for vast area surveillance,
considering speed and fuel constraints. It presents a sequential multi-agent planning framework aimed at achieving feasible
and optimally satisfactory solutions. By considering the UAV fuel limit and utilizing a minimum set cover algorithm, we
determine UGV refueling stops. This, in turn, facilitates UGV route planning as the first step. Through a task allocation
technique and energy-constrained vehicle routing problem modeling with time windows (E-VRPTW), we then achieve the
UAV route in the second step of the framework. The effectiveness of our multi-agent strategy is demonstrated through the
implementation on 30 different task scenarios across three different scales. This work provides significant insight into the
collaborative advantages of UAV-UGV systems and introduces heuristic approaches to bypass computational challenges and
swiftly reach high-quality solutions.
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1 Introduction

Over the past decade, unmanned aerial vehicles (UAVs)
and unmanned ground vehicles (UGVs) have seen a surge
in applications across various sectors, from military and
civilian uses [1–3] to intelligence gathering, surveillance,
reconnaissance tasks [4, 5], search and rescue operations
[6], and agricultural activities [7]. UAVs, known for their
cost-effectiveness, ease of control, and high maneuverabil-
ity, are ideal for quickly scanning or surveying vast areas,
yet their application to larger-scale problems is limited by
their short battery lifespan and small payload capacity. In
contrast, UGVs, equipped with a large payload capacity and
extended battery life, can withstand lengthier task duration.
Nevertheless, obstacles such as challenging ground terrain,
limited visibility, and slower movement speed often com-
promise their efficacy, frequently resulting in incomplete
task completion. To counteract these individual drawbacks, a
cooperative routing strategy involving both UAVs and UGVs
can be employed, enhancing the operation coverage speed
and task endurance. For instance, in a persistent surveillance
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problem, UAV can visit a set of distant task points while
being periodically refueled by the UGV, which acts as a
mobile refueling depot. Simultaneously, the UGV can cover
task points along the road network, thus reducing the UAV’s
workload and ensuring the operation’s swift completion. By
focusing on such a UAV-UGV cooperative vehicle routing
problem, this study aims to find approximate near-optimal
solutions in quick runtime that account for the UAV’s fuel
constraint and the UGV’s speed and terrain limitations. The
goal is to devise strategic collaborative routes between the
UAV and UGV that enable effective UAV recharging by the
UGV, ensuring a complete visit to designated task points in
the shortest possible time.

1.1 RelatedWorks

Extensive research has been conducted on the cooper-
ative routing of UAVs with ground vehicles across the
field of Robotics and Transportation. In Transportation, the
Truck-Drone coordinated delivery problem, analogous to
the UAV-UGV cooperative routing problem is conceptual-
ized as a variation of the Vehicle Routing Problem with
Drones (VRP-D) [8] or the Traveling Salesman Problemwith
Drones (TSP-D) [9]. Here, Murray and Chu [10] introduced
a Mixed Integer Linear Programming (MILP) formulation,
supplemented by heuristics, for a hybrid truck-drone parcel
delivery system optimized for last-mile delivery, leverag-
ing the advantages of both truck and drone. Similarly, Chen
et al. [11] explored path planning for heterogeneous robot
systems, including UGVs and UAVs, for urban parcel deliv-
ery, where UGVs navigate along road networks and UAVs
transfer parcels from UGVs to customers. Bouman et al.
[12] contributed an exact solution approach to the Travel-
ing Salesman Problem with Drones (TSP-D) using dynamic
programming, capable of solving problems with up to 16
customers. Furthermore, Ha et al. [13], inspired by Murray
and Chu [10], aimed to minimize the total operational cost of
a drone-truck delivery system, proposing a MILP formula-
tion and a heuristic called TPS-LS, providing a cost-focused
perspective alongside the efficiency-driven approaches in
drone-truck collaborative routing.

Similarly, in Robotics, Levy et al. [14] explored the
routing problem for multiple fuel-constrained UAVs with
access to several static recharging depots, employing rapid
variable neighborhood descent (VND) and variable neigh-
borhood search (VNS) heuristics to generate viable solutions
for a large number of problem instances. Extending this
problem for multiple fuel-constrained vehicles with mul-
tiple depots, Sundar et al. [15] developed a mixed-integer
linear programming model (MILP), which they solved opti-
mally using a standard MILP solver. In contrast to fixed
recharging stations, Maini et al. [16] addressed a coopera-
tive routing problem involving a single UAV-UGV system,

where the UGV has the ability to recharge the UAV while
in transit on a road. They proposed a greedy heuristic for
determining the meeting points for recharging along the
UGV route and later used a MILP model to solve both UAV
and UGV routes. Continuing the work, Manyam et al. [17]
examined the cooperative routing of air and ground vehi-
cle teams considering communication constraints, framing
the problem as a MILP model and developing a branch-
and-cut algorithm to solve it optimally. Several researchers
have delved deeper into the UAV-UGV cooperative vehicle
routing problem, exploring it in a tiered, two-echelon man-
ner [18]. For instance, Luo et al. [19] introduced a binary
integer programming model, supplemented by two heuris-
tics, to tackle the two-echelon cooperative routing problem.
Similarly, Liu et al. [20] devised a two-stage, route-focused
framework for a parcel delivery system utilizing a truck and
a drone, aiming to optimize both the truck’s primary route
and the associated drone’s aerial routes. To quickly generate
a feasible solution, they developed a hybrid heuristic com-
bining nearest-neighbor and cost-saving strategies. Robert B.
Anderson [21] investigated the impact of different objective
functions and the split vehicle routing problem (SVRP) over
the classical VRP in the routing and control of unmanned
aerial vehicles (UAVs) for payload delivery and aerial recon-
naissance missions. Ropero et al. [22] presented a hybrid
UAV-UGV system designed to cooperatively visit a set of tar-
get points, with the UAV periodically recharged by the UGV
at refuel stops. They employed a classical combinatorial
approach combined with Genetic algorithm metaheuristics
to identify refuel stops in the preliminary stages and thereby
solve the routing problem with a genetic algorithm. In a
related problem, Seyedi et al. [23] andLin et al. [24] proposed
a scalable and robust approximation algorithm for persistent
surveillance tasks by energy-constrained UAVs and UGVs.
However, theirmethodologies rely on forming uniformUAV-
UGV teams and partitioning the environment among them,
which can compromise the solution quality of the cooperative
routes.

Significant experimental efforts have been conducted in
UAV routing problems. Nigam et al. [25, 26] explored
scalable control techniques for UAVs engaged in persis-
tent surveillance within uncertain stochastic environments
using a hardware testbed. Frew et al. [27] demonstrated
road following, obstacle avoidance, and convoy protection
in flight tests involving two UAVs, while Jodeh et al. [28]
provided an overview of cooperative control algorithms for
heterogeneous UAVs developed by the Air Force Research
Laboratories (AFRL). Extensive UAV flight testing has also
been conducted in indoor lab-scale setups by Boeing’s Vehi-
cle Swarm Technology Laboratory (VSTL) [29, 30] and
MIT’s RAVEN laboratory [31]. Wu et al. [32] developed
a prototype UAGVR (Unmanned Aerial and Ground Vehi-
cle Recharging) system that addresses the limited battery
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life of UAVs by enabling on-demand wireless recharging
via a UGV, demonstrating its feasibility in extending UAV
operation time through experimental validation and the cre-
ation of a cooperative mission planning algorithm. In UAV
routing, Yu et al. [33] focused on planning and execut-
ing UAV tours incorporating both stationary and mobile
recharging stations, such as UGVs, to minimize mission
time. This work is significant for its validation through
both simulations and proof-of-concept experiments using
a custom UAV and a Clearpath Husky UGV, effectively
demonstrating the feasibility of these coordinated recharg-
ing strategies in real-world scenarios. Karapetyan et al. [34]
demonstrated practical deployment in coverage path plan-
ning for an energy-constrained UAV and UGV, with the
UGV acting as a mobile recharging station. Using a VOXL
m500 drone and a Clearpath Jackal ground vehicle, their
heuristic method significantly reduced rendezvous overhead
compared to a greedy approach, showcasing the system’s
robustness from algorithm development to real-world execu-
tion.

In our previousworks [35–37], we explored a hierarchical,
bi-level optimization framework for the cooperative rout-
ing of multiple fuel-limited UAVs and a single UGV. The
outer level of this framework employed K-means clustering
to determine UGV visit points, which were then connected
using a Traveling Salesman Problem (TSP) approach to
establish the UGV route. On the inner level, using the
determined UGV path, we formulated and solved a vehi-
cle routing problem that accounted for capacity constraints,
time windows, and dropped visits for the UAV. Further
expanding on this work, we demonstrated that optimizing
heuristic parameters using Genetic Algorithm (GA) and
Bayesian Optimization (BO) methods could lead to sub-
stantial improvements in solution quality [38, 39]. Given
the intricacy of this problem, exact methods of solving
this combinatorial optimization problem or generalizing a
solution framework for diverse scenarios pose significant
challenges. In this research endeavor, we propose a gen-
eralized multi-agent cooperative framework for addressing
this fuel-constrained UAV-UGV cooperative routing prob-
lem. The key contribution of our study is the creation of a
heuristics-based, multi-staged framework aimed at facili-
tating a rapid solution to the two-echelon UAV-UGV routing
problem, considering fuel and speed constraints. To this end,
our novel contributions include the following:

1. The proposed framework utilizes a sequential optimiza-
tion strategy with a task allocation technique. Coupled
with the constraint programming-based formulations, it
can provide an effective solution for fuel constrained
UAV-UGV cooperative routing problems within a quick
time.

2. A task allocation technique based on the minimum set
cover algorithm is proposed, which breaks down the
entire problem into smaller subproblems, leading to a
substantial simplificationof the problem-solvingprocess.

3. Our formulation of a constraint programming-based
vehicle routing problem accommodates time windows,
and fuel constraints, thereby enabling swift solutions for
each subproblem.

4. We present extensive computational results on different
kinds of scenarios to affirm the effectiveness and robust-
ness of our proposed framework. This underscores the
practicality of our framework in a diverse set of real-
world applications.

The rest of the article is structured as follows: Section 2
presents the problem statement, Section 3 illustrates the
framework methodology and solution heuristics. Section 4
introduces the experiments of different random instances in
three different scales and shows the results part, offering a
concrete view of our findings. The results are analyzed in
Section 5 and finally, Section 6 presents the conclusion and
outlines future works.

2 ProblemDescription

The problem objective is to configure an optimal coopera-
tive route for a team comprising a UAV and UGV to visit a
set of n task points Mn = {m0,m1, ...,mn} in a euclidean
space (seeFig. 3a). TheUAV A ≡ (va, Fa,Pa) and theUGV
G ≡ (vg, Fg,Pg) have heterogeneous vehicle characteris-
tics; with the UAV having a higher velocity, i.e. va > vg but
lower fuel capacity than that of the UGV, i.e. Fa < Fg . They
also differ in their power consumption profiles (Eqs. 1 and
2), with the UAV demonstrating greater energy efficiency per
unit distance traversal when operating at standard speeds (see
Fig. 1).

Pa = 0.0461va3 − 0.5834va2 − 1.8761va + 229.6 (1)

Pg = 464.8vg + 356.3 (2)

For the study, we specifically consider a multi-rotor UAV,
and a large wheeled robot as UGV, with vehicle parame-
ters modeled after the existing works [40, 41]. Furthermore,
the proposed framework can accommodate other types of
UAVs and UGVs with proper modeling of their characteris-
tics. For instance, the framework can be extended to include
quadrupedal-legged robots as UGVs or fixed-wing drones
and VTOL (Vertical Take-Off and Landing) hybrid drones
as UAVs, acknowledging their fuel efficiency for extended
endurance. The task points can be visited by a free flyover of
theUAV, τ a or a visit by theUGValong the road network, τ g .
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Fig. 1 Energy consumption per unit distance traversal of UAV&UGV

The cost of travel between a pair of task points is equal to the
time of traversal between them ti j = t j − ti . Both the UAV
and UGV commence their journeys from the same starting
depot and return to it upon completion. The total task dura-
tion is the time span from when the first vehicle departs the
depot until the last one returns. Due to having a limited bat-
tery capacity, the UAV has to get recharged periodically from
the UGV, which acts as a mobile recharging depot, or from
the starting depot (which acts as a fixed recharging depot)
besides visiting the task points. The recharging time of the
UAV at the UGV is not instantaneous, it depends upon the
amount of fuel consumed by the UAV. Since the fuel capacity
of the UGV is significantly larger compared to the UAV, it is
assumed to be infinite to simplify the problem.

With all these above configurations, we have to find the
timeoptimal cooperative route, τ = τ a∪τ g between theUAV
and UGV for visiting all the task points at least once; given
theUAVwill never run out of fuel. A typical sequence for this
cooperative route can be as follows: Both the UAV and UGV
commence their journey from the starting depot and visit
several task points. As they proceed, the UGV will reach an
appropriate location to recharge the UAV. After recharging,
both vehicles will resume their task, continuing to visit task
points until they reach the next recharging stop. This pattern
will continue until all task points have been visited, after
which both theUAVandUGVwill return to the starting depot
to conclude their task. However, for an optimal cooperative
route, it is important to figure out:

1. Suitable refueling stop locationsMr = {mr
0,m

r
1, ...,m

r
n},

where theUAVandUGVwill rendezvous for recharging.
2. Appropriate time intervals during the taskwhen the UAV

and UGV will meet at the refuel stops i.e, i.e, tri ∀ mr
i ∈

Mr .

3. Optimal routes for the UAV, τ a andUGV, τ g based on the
determined refuel stop locationsmr

i and time intervals tri
to cover the entire task scenario in the quickest possible
time.

3 Methods

We have devised a two-tiered optimization framework (as
depicted in Fig. 2) for executing this fuel-constrained cooper-
ative routing between the UAV and UGV. This framework is
inspired by the “UGVFirst, UAVSecond" heuristic approach
for UAV-UGV cooperative routing [22, 42].

At the first stage of this framework, we utilize a UGV-
Planner to establish the route τ g = (Xg, T g) for the UGV.
Here, Xg and T g are the spatial and temporal components
of the UGV route τ g . This route is constructed by identify-
ing appropriate recharging stations Mr and formulating the
UGV’s movement along the road network accordingly. The
UGV’s navigation is a combination of two-step processes.
The initial phase involves movement along waypoints on the
road network to cover the task points, while the second phase
necessitates waiting for the UAV at the recharging stops.

At the second tier of the framework, the UAVPlanner
devises the route τ a = (Xa, T a) for the UAV. Here, Xa and
T a are the spatial and temporal components of theUAV route
τ a . The formation of this UAV route significantly relies on
the UGV route τ g created at the outer level of the framework.
Because of the slower speed of the UGV, the UAVPlanner
takes into consideration the availability time window con-
straint at the refuel stops. This planning approach effectively
divides the entire scenario into a series of manageable sub-
problems, each of which can be solved by modeling it as an
energy-constrained vehicle routing problem with time win-
dow constraints (E-VRPTW).

3.1 Ugv Routing

At the outer level of the proposed framework, the initial
objective is to determine suitable recharging rendezvous
locations Mr for the UAV-UGV system. Subsequently, an
optimal route τ g is generated for the UGV, taking into
account the refuel stop locations Mr and its operational
speed vg in the UGVPlanner. Previous research by Maini et
al.[16, 43] emphasized the importance of including refueling
stopswithin theUAV’s fuel coverage radius to ensure a viable
route in fuel-constrained cooperative routing problems. It
was also noted that minimizing the number of recharging
instances can reduce the time spent on recharging and min-
imize the detour required in the UAV’s route, resulting in
a faster cooperative route. With these aforementioned con-
siderations, we implement the minimum set cover algorithm
(MSC) to find out minimum number of refueling stops and
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Fig. 2 Proposed bilevel optimization framework for UAV-UGV cooperative routing problem

their locations Mr that cover the entire task scenario. The
minimumset cover problemhas been extensively studied [44,
45], and various methods, including greedy approaches [16,
46] have been proposed. However, we come up with an alter-
native constraint programming formulation for solving the
minimum set cover problem in the context of the cooperative
routing problem.

3.1.1 Minimum Set Cover Algorithm

1. Greedy heuristics approach :
Theminimumset cover algorithm is anNP-hard problem;
however, through greedy heuristics, the complexity of the
problemcan be reduced significantly. In the context of the
cooperative routing problem to find optimal refuel stops
through thegreedy algorithm,we startwith the taskpoints
Mn that needed to be covered, the fuel capacity Fa of
the UAV and the starting depot m0 of the scenario. Our
goal is to obtain the smallest possible subset ofMn that
can act as refueling stops Mr . As shown in Algorithm
1, the greedy algorithm includes the stating depot m0 as
the first refueling stop mr

0, then it sequentially adds the
task points mi which covers the maximum number of
other task points into the refueling stop set mr

i until all
the points are covered (lines 4-8).
Greedy heuristics can quickly generate optimal result for
a minimum set cover problem. But in many situations, a
minimum set cover problem can have multiple optimal
results for a particular scenario; because we are imple-
menting a bilevel optimization framework, it is important
to take into account the other optimal solutions of the
outer level algorithm. As it is not possible to acquire all

the optimal solutions through greedy heuristics, we used
the constraint programming method, which can generate
multiple optimal results (if any) in a quick span of time.

Algorithm 1 Greedy Minimum Set Cover Algorithm
Input: task points M, UAV fuel limit Fa , starting depot m0;
Output: Refueling stops Mr ;
1: Initialize Mr = {mr

0 = m0}, Tasks = T = M;
2: C0 = Covered(mr

0) = {mi : mi ∈ T and ‖mi − mr
0‖ < 0.5Fa};

3: T = T \ C0;
4: while T �= ∅ do
5: mr

imax
= argmax Covered(mr

i );
6: Mr = Mr ∪ {mr

imax
};

7: Cmax = {mi : mi ∈ T and ‖mi − mr
imax

‖ < 0.5Fa};
8: T = T \ Cmax;
9: end while

2. Constraint programming method :
To determine the minimum number of refueling stops
Mr required to cover the entire task scenario (M), we
employ linear integer programming and utilize a con-
straint programming method (CP method) for solving.
The problem is modeled using binary decision variables,
x j (indicating whether a task point is chosen as a refuel-
ing stop) and yi j (indicating whether a task point mi is
assigned to a refueling stop mr

j ). The objective function
(Eq. 3) aims to minimize the total number of refueling
stops. Constraint Eq. 4 ensures that each task point mi is
assigned at least one refueling stop mr

j . Constraint Eq. 5
ensures that a task pointmi can be allocated to a refueling
stop mr

j only if the refueling stop is selected. Further-
more, constraint Eq. 6 guarantees that a task point mi is
assigned to a refueling stop mr

j only if the refueling stop
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falls within the fuel coverage radius of the UAV, allowing
for a round trip from the refueling stop.

Objective: min
∑

mr
j∈Mr

x j (3)

Subject to,

∑

mr
j∈Mr

yi j ≥ 1, ∀ mi ∈ M (4)

yi j ≤ x j , ∀ mi ∈ M and ∀ mr
j ∈ Mr (5)

yi j = 0, if di j > 0.5Fa, ∀ mi ∈ M and ∀ mr
j ∈ Mr

(6)

yi j , x j ∈ {0, 1} (7)

We use Google’s OR-Tools Constraint programming
solver ( CP-SAT solver [47]) to solve the above linear
integer formulation. It is possible to record all the solu-
tions if there are multiple optimal solutions through the
solver. Once, the optimal refuel stops Mr are obtained
from the MSC algorithm, it is sent to the UGVPlanner
to construct the UGV route τ g = (Xg, T g) based on it.

3.1.2 UGV Planner

Upon identifying the refueling stop locations Mr using the
minimum set cover algorithm, the UGVPlanner proceeds to
map out a feasible UGV route for the overall task through a
sequential phase process (see Algorithm 2). Initially, it con-
nects the refueling stops optimally on the road network by
solving a simple Travelling Salesman Problem (TSP), which
yields the spatial components Xg ∈ τ g of the UGV route,
denoting the sequence xgi in which the task points on the
road network will be visited. Next, the planner calculates the
temporal components T g ∈ τ g of the UGV route till the
first refuel stop, which details the time instances at which
the UGV will visit those task points. We operate under the
assumption that the UGV will not wait at any task point,
except at the refueling stops. Therefore, the arrival times at
the task points are computed based on the UGV’s constant
operational speed vg (line 4). This also gives the UGV’s
arrival time at the refueling stops (line 7), which serve as
an availabili t y time window constraint in the UAVPlan-
ner. Utilizing the UAV’s arrival time at the first refuel stop
and the recharging time Rt (contingent on the UAV’s fuel
consumption level) from the UAV’s route sortie we can esti-
mate the UGV’s waiting time at the first refuel stop (line 9),
which is taken into account when computing the temporal
component of the UGV route up to the next refuel stop. This

process is reiterated until the UGV arrives at the final refuel
stop.

At the end of this process, the temporal components are
integratedwith their respective spatial components to provide
a comprehensiveUGV route, outlining the sequence inwhich
the UGV visits the task points and their corresponding time
instances.

Algorithm 2 UGV Planner
Input: Refuel stopsMr ← MSC , UGV velocity vg , starting depot
m0
Output: UGV route τ g = (Xg, T g) = [(xgi , t gi )]

1: UGV navigation waypoints Xg ← T SP(Mr ,m0, v
g)

2: UGV route starting instance τ g = [(xg0 , t g0 )]
3: for xgi in Xg do

4: t gi = t gi−1 + xgi −xgi−1
vg

5: τ g .append((xgi , ti ))
6: if xgi ∈ Mr then
7: send t gi → U AV Planner
8: tai ,Rt ← U AV Planner
9: t gi = tai + Rt

10: τ g .append((xgi , t gi ))

11: end if
12: end for

3.2 Uav Routing

At the inner level of the proposed framework, we split the
full task scenario into subproblems, taking information about
the refuel stops provided by the UGVPlanner. A task allo-
cation technique is employed to assign distinct task points to
each subproblem. These subproblems are then individually
addressed by formulating them as Energy Constrained Vehi-
cle Routing Problems with Time Windows (E-VRPTW).

3.2.1 Allocation of Task Points

Given the scenario and the obtained refuel stops Mr from
the MSC algorithm, we can divide the entire problem into
r − 1 number of subproblems (r = number of refuel stops
with starting depot) with an assumption that UGV travels
only between two refuel stops in each subproblem. For the
subproblem SPi , the origin node is refuel stop mr

i−1 and
the destination node is refuel stop mr

i . The subproblems are
assigned with separate task points. The UAV task points cov-
ered by the destination refuel stop mr

i are assigned to that
subproblem SPi . Only, for the first subproblem SP1 the task
points covered by both origin mr

0 and destination node m
r
1 is

assigned to it.
Figure 3 demonstrate the process of subproblem divi-

sion and task allocation. Figure 3b shows the refuel stops
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Fig. 3 a) Given scenario with
task points and starting depot b)
Refuel stops in UGV route
obtained from minimum set
cover algorithm; the blue circles
are indicating the radial
coverage of the UAV c)
Subproblem 1 with allocated
UAV task points, here UGV
travels between starting depot
and refuel stop 1 d) Subproblem
2 with allocated UAV task
points, here UGV travels
between refuel stop 1 and refuel
stop 2

obtained fromminimum set cover algorithm which are taken
into account for UGV route construction. Based on refuel
stops, the first subproblem (Fig. 3c) is created by taking the
starting depot as the origin node and the refuel stop 1 as
the destination node. The UAV task points covered by origin
node (starting depot) and destination node (refuel stop 1) are
assigned for subproblem 1. Similarly, the second subprob-
lem (Fig. 3d) is created by taking the refuel stop 1 as origin
node and refuel stop 2 as destination node and the task points
covered by the destination node (refuel stop 2) are assigned
for this subproblem.

Now in the subproblems, the destination nodes mr
i have

an availability time window constraint because UAV can
recharge only when the UGV has already reached the refuel
stops. This availability time period t gi is obtained from the
UGVPlanner and taken in account while modelling the sub-
problems as energy constrained vehicle routing problemwith
time window constraints (E-VRPTW).

3.2.2 E-VRPTW Formulation

The formulation of the E-VRPTW can be described with a
graph theory. Consider an undirected graph G = (V , E)

where V is the set of vertices V = {S, 0, 1, 2, ...D} and
E is the set of edges between the vertices i and j as
E = {(i, j) ‖ i, j ∈ V , i �= j}. The non-negative arc
cost between the vertices i and j is expressed as ti j and
xi j is a binary decision variable whose value will be 1 if a
vehicle travels from i to j , and 0 otherwise. The UAV will
start from refuel stop S and meet the UGV at destination
stop D. We then formulated the objective function of the
E-VRPTW problem with fuel constraint, time window con-
straint, optional node constraints as follow:

min
∑

i

∑

j

ti j xi j ∀i, j ∈ V (8)
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∑

j∈V
xi j = 1 ∀i ∈ V \ {S, D} (9)

∑

i∈V
xi j = 1 ∀ j ∈ V \ {S, D} (10)

∑

j∈V
xSj =

∑

i∈V
xiD = 1 (11)

f aj ≤ f ai −(Pa(va)ti j xi j
)+L1

(
1 − xi j

) ∀i, j ∈V \ {S, D}
(12)

f aj = Fa ∀ j ∈ D (13)

0 ≤ f aj ≤ Fa, ∀ j ∈ V (14)

t j ≥ ti + (ti j xi j ) − L2
(
1 − xi j

) ∀i, j ∈ V (15)

t j,start ≤ t j ≤ t j,end , ∀ j ∈ D (16)

xi j = 0, ∀i ∈ D,∀ j ∈ V (17)

xi j ∈ {0, 1}, ∀i, j ∈ V (18)

fi > 0, fi ∈ R+ ∀i ∈ V (19)

ti > 0, ti ∈ Z ∀i ∈ V (20)

L1, L2 > 0, L1, L2 ∈ R+ (21)

The objective ofEq. 8 is tominimize the total time spent by
the UAV. Constraints in Eqs. 9 and 10 represent flow conser-
vation,where the inflow should equal the outflowat any of the
task point vertices. Following that, constraint in Eq. 11 repre-
sents flow conservation for start and end vertices, where the
number of UAVs leaving the start vertex must equal the num-
ber of UAVs arriving at the end vertex. The Miller-Tucker
Zemlin (MTZ) formulation [48] for sub-tour elimination is
the constraint in Eq. 12. The MTZ constraint ensures that
each node is visited sequentially by keeping track of values
such as fuel capacity and power consumption of the UAV
corresponding to each node. It ensures that if a node is vis-
ited twice, the constraint is broken. This constraint allows
the UAV’s energy not to be fully drained out while elimi-
nating loops. L1 denotes a large number in this constraint.
This constraint activates only when there is a flow between
vertices i and j and drains the UAV energy based on the time
taken between the two vertices. ThePa represents the UAV’s
power consumption curve during traversal.

According to constraint Eq. 13, if the vertex is the destina-
tion stop (recharging stop), the UGVmust refuel the UAV to
its full capacity Fa . Constraint Eq. 14 states that the UAV’s
fuel should be between 0 and maximum fuel capacity Fa at
any vertex in V . The cumulative arrival time at the j th node
is equal to the sum of the cumulative time at the node i , ti and
the travel time between nodes i and j , ti j . Here, L2 is a large
number that aids in the elimination of sub-tours in Eq. 15.

Equation 16 imposes a time window constraint, instruct-
ing the vehicle to visit the destination node within its time

window. This means the UAV is allowed to visit the des-
tination node only after the UGV has arrived, as the UAV
can only be recharged following the UGV’s arrival. How-
ever, the UGV can arrive early at refueling stops, and the
difference between its arrival and the UAV’s landing deter-
mines the UGV’s recharge waiting time. The constraint in
Eq. 17 indicates that there should be no flow once the
vehicle reaches the end node and the route will end there.
Equation 18 is a binary decision variable in charge of flow
between the edges. The continuous decision variable, Equa-
tion 19, monitors the fuel level at any node and has zero
as the lower bound value. Equation 20 denotes the inte-
ger decision variable that computes the cumulative time of
the UAV’s route and has a lower bound of zero. To solve
the E-VRPTW model with its associated constraints, we
utilize Google’s OR-Tools CP-SAT solver [47], known for
its effectiveness in solving the Traveling Salesman Problem
(TSP) and Vehicle Routing Problem (VRP) via constraint
programming (CP). The OR-Tools solver combines search
tree strategies, local search techniques, and metaheuristics
to efficiently find good approximate optimal solutions. Our
choice of Google’s OR-Tools is driven by its rapid solu-
tion capabilities, particularly in heuristic implementations
for TSP and VRP problems. At the core of OR-Tools lies the
CP-SAT solver, which uses a DecisionBuilder for managing
decision variables. This involves selecting which variable to
assign next and determining the value to assign. It applies
the Path Cheapest Arc Strategy for an initial feasible solu-
tion, starting from the “start" node and connecting to the
nearest subsequent node until the route is complete. OR-
Tools then refines this solution through local search, using a
move operator to explore feasible, cost-effective configura-
tions, continuing until no further improvements can bemade.
We also set an execution time limit of Ts = 60 seconds for
the solver to generate a solution within a feasible time frame.

3.2.3 UAV Planner

By solving this E-VRPTW for subproblem SPi , UAVPlan-
ner gets the optimal UAV route τ a , (both spatial component

Algorithm 3 UAV Planner
Input: Set of subproblems S = [SPi ] ← Task Allocation
Output: UAV route τ a = (Xa, T a) = [(xai , tai )]

1: τ a = [ ]
2: for SPi in S do
3: t gi ← UGV Planner
4: send t gi → SPi
5: (xai , tai ),Rt ← EV RPTW
6: τ a .append(xai , tai )

7: send tai ,Rt → UGV Planner
8: end for
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Xa and temporal component T a); i.e, τ a = (Xa, T a) =
[(xai , tai )], as well as the time instance tai at which the UAV
will arrive at the refuel stop mr

i to recharge with the UGV
and the recharging time Rt of it, which is dependent on its
fuel consumption level. These information are fed back to
the UGVPlanner again to calculate the UGV availability
time window for next subproblem SPi+1. This reciprocal
and iterative process (line 3 - 7 in Algorithm 3) between the
UAVPlanner and UGVPlanner is what facilitates the coop-
erative route for the entire task scenario. In Fig. 4a and b, we
got the routes for the UAV and the UGVwhich are combined
together to get the complete routes of UAV and UGV for the
entire task scenario (Fig. 4c).

Theproposed algorithm’s overall time complexity is deter-
mined by the execution time limit Ts set for solving the
E-VRPTW subproblems, rather than by traditional algorith-
mic complexitymeasures. The overall time complexity of the
proposed algorithm inherently depends on thefixed time limit
(Ts) set for the solver to address each individual E-VRPTW
subproblem. As the problem sizes increase, the number of
subproblems (s) grows linearly. Consequently, the overall
time complexity of the framework can be considered as scal-
ing with s × Ts . This approach ensures that the algorithm
operates within practical bounds of time, making it suitable
for applicationswhere a predictable execution time is crucial.

4 Results

We implement the proposed framework across diverse ran-
dom task scenarios to evaluate its proficiency. The task
scenarios, generated at three distinct scales, help us inves-
tigate the impact of UAV fuel capacity on the overall routing
process. In these tests, we compare the results of the greedy

Table 1 Specifications of task Scenario

Scale Map size scale factor No. of task points

Small 16 km x 16 km 1.5 30

Medium 25 km x 25 km 3 60

Large 40 km x 40 km 9 100

and constraint programming methods when applied at the
outer-loop of our proposed framework. Additionally, to
ascertain the upper limit of the performance metrics, we also
construct a UGV-only route in each scenario, which facil-
itates the assessment of the practicality and advantages of
the cooperative UAV-UGV route in each specific scenario.
In each problem scenario, it is assumed that the UAV and
UGV commence their journey from a fixed starting depot
with constant speeds of 10 m/s and 4.5 m/s respectively and
UAV has a fuel capacity of 287.7 kJ [40].

4.1 Design of Experiments

The efficacy of our proposed framework is tested across
numerous random task scenarios generated at three sepa-
rate scales. We design the scenarios such that the farthest
task point from the starting depot is always outside the
UAV’s radial coverage, guaranteeing that at least one refu-
eling stop is necessary for the UAV to complete the task. To
substantiate the robustness and adaptability of the suggested
methodology,we experimentwith three distinct scales of task
instances, as exhibited in Table 1. We introduce a scale fac-
tor, a non-dimensional number, to represent the relationship
between the scenario map size and the UAV’s radial fuel cov-
erage area. Three examples of scenarios from three different
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Fig. 4 a) UAV-UGV routes from subproblem 1 b) UAV-UGV routes from subproblem 2 c) UAV-UGV routes for entire task scenario after combining
subproblem 1 & 2. The animation can be found at http://tiny.cc/3wgnxz
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Fig. 5 Sample scenarios with starting depot, task points, and the
obtained refuel stops from minimum set cover algorithm. Radial cir-
cles represent the UAV’s coverage area from the refuel stops. As the

task scenario’s scale increases, both the number of task points and the
number of refueling stops grow proportionally

Table 2 Time metrics of different scenarios

Map Size Scenarios Route Time (min.) Improvement (%)
Cooperative Routing UGV only
Greedy Method CP Method Greedy Method CP Method

Small scale Scenario 1 200 210 249 19.68 15.66

Scenario 2 91 82 133 31.58 38.35

Scenario 3 117 115 194 39.69 40.72

Scenario 4 153 153 178 14.04 14.04

Scenario 5 148 148 159 6.92 6.92

Scenario 6 222 222 289 23.18 23.18

Scenario 7 190 149 196 3.06 23.98

Scenario 8 128 128 198 35.35 35.35

Scenario 9 222 210 303 26.73 30.69

Scenario 10 223 128 214 -4.21 40.19

Medium Scale Scenario 1 411 404 497 17.30 18.71

Scenario 2 414 409 622 33.44 34.24

Scenario 3 364 364 511 28.77 28.77

Scenario 4 340 338 452 24.78 25.22

Scenario 5 297 297 341 12.90 12.90

Scenario 6 396 417 524 24.43 20.42

Scenario 7 296 298 370 20.00 19.46

Scenario 8 324 325 477 32.08 31.87

Scenario 9 292 295 403 27.54 26.80

Scenario 10 291 257 459 36.60 44.01

Large Scale Scenario 1 461 407 438 –5.25 7.08

Scenario 2 440 431 467 5.78 7.71

Scenario 3 537 532 484 –10.95 –9.92

Scenario 4 611 519 462 –32.25 –12.34

Scenario 5 744 744 680 –9.41 –9.41
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Table 2 continued

Map Size Scenarios Route Time (min.) Improvement (%)
Cooperative Routing UGV only
Greedy Method CP Method Greedy Method CP Method

Scenario 6 452 412 436 –3.67 5.50

Scenario 7 655 701 607 –7.91 –15.49

Scenario 8 682 684 588 –15.99 –16.33

Scenario 9 620 620 570 -8.77 –8.77

Scenario 10 613 604 537 –14.15 –12.48

scales are shown in Fig. 5.

scale factor = Area of scenario

UAV coverage area on a single charge
(22)

For each instance, two types of cooperative routes (if dif-
ferent) are generated by employing the Greedy method and
the CP method at the outer loop of the suggested frame-
work. The UGV-only route (UGV operates alone) is also
determined for the specific scenarios. There is no benchmark
solution exists to this specific problem due to its complex
combinatorial nature. Hence, we treat the UGV-only route
as the baseline method for comparison. Comparison is made
between the cooperative route and UGV only route, which
signifies the impact of cooperation between UAV and UGV
on the task execution. The total task completion time and
total energy consumption are treated as the metrics for the
evaluation of routes.

4.2 TimeMetrics

InTable 2, the total task completion time of the route obtained
by the three aforementionedmethods has been displayed. For
all instances in the small-scale scenarios, cooperative routing
with the constraint programming method in the framework’s
outer loop is proved more time-efficient than the UGV-only
routing. The task completion time for UGV-only routes is
reduced by approximately 6% to 40% through the cooper-
ation between the UAV and UGV in small-scale scenarios.
Although cooperative routing with the Greedy method in the
outer loop baseline doesn’t perform aswell as theCPmethod,
it is more time-efficient than the UGV-only route in most
instances. As the only exception, for scenario 10 on a small
scale, the Greedy method can’t improve the task completion
time through the operative route.

For medium-scale scenarios, the task completion time is
improved by 12% up to 45% through the CP method-based
cooperative routing, while for the Greedy method-based
cooperative route, the improvement range is 12% up to 30%.

The cooperative route is more economical than the UGV
individual route for most scenarios with the CP method at
the outer loop. However, the improvement range is less than
that in the small-scale scenarios.

However, for most large-scale scenarios, the cooperative
route can’t improve the total task completion time, making
the UGV-only route the optimal choice. Figure 6 depicts the
improvement in the total task completion time achieved by
the cooperative route with the CP method and the Greedy
method at the outer loop of our framework over the UGV-
only route for three types of scenarios.

4.3 EnergyMetrics

The total energy consumed by the UAV and UGV during
the routing process is also analyzed across the same scenar-
ios, and depicted in Table 3. The improvement percentage
reflects the relative gain in total energy consumption that is
achieved through UAV-UGV cooperation. The results con-
firmed that cooperative routing is more energy-efficient than
UGV-only routing. Among the cooperative routing methods,
the CP method applied in the outer loop outperformed the
Greedy method.

Fig. 6 Time metrics across three different scale of scenarios

123



   12 Page 12 of 17 Journal of Intelligent & Robotic Systems           (2025) 111:12 

Table 3 Energy metrics of different scenarios

Map Size Scenarios Total energy consumption (MJ) Improvement (%)
Cooperative Routing UGV only
Greedy Method CP Method Greedy Method CP Method

Small scale Scenario 1 20.56 20.61 37.07 44.54 44.40

Scenario 2 6.73 7.19 19.80 66.00 63.68

Scenario 3 12.53 11.82 28.88 56.62 59.08

Scenario 4 17.08 17.08 26.50 35.56 35.56

Scenario 5 12.46 12.46 23.67 47.38 47.38

Scenario 6 23.47 23.47 43.03 45.44 45.44

Scenario 7 14.14 16.72 29.18 51.56 42.71

Scenario 8 13.49 13.49 29.48 54.25 54.25

Scenario 9 25.47 24.86 45.11 43.55 44.89

Scenario 10 19.73 13.60 31.86 38.07 57.32

Medium Scale Scenario 1 39.40 34.00 73.99 46.75 54.04

Scenario 2 41.90 41.63 92.60 54.75 55.04

Scenario 3 41.82 41.82 76.08 45.03 45.03

Scenario 4 38.15 38.05 67.29 43.31 43.46

Scenario 5 30.10 30.10 50.77 40.71 40.72

Scenario 6 46.52 46.85 78.01 40.37 39.94

Scenario 7 31.56 31.57 55.09 42.71 42.70

Scenario 8 39.75 39.67 71.02 44.03 44.15

Scenario 9 33.01 33.14 60.00 44.98 44.76

Scenario 10 31.49 30.71 68.34 53.92 55.06

Large Scale Scenario 1 43.63 41.27 65.21 33.09 36.71

Scenario 2 46.17 45.35 69.53 33.59 34.78

Scenario 3 62.94 62.67 72.06 12.66 13.03

Scenario 4 56.05 59.50 68.78 18.51 13.50

Scenario 5 92.74 92.74 101.24 8.39 8.39

Scenario 6 49.15 42.32 64.91 24.28 34.81

Scenario 7 81.63 64.41 90.37 9.68 28.73

Scenario 8 80.17 79.96 87.54 8.42 8.66

Scenario 9 75.80 75.80 84.86 10.67 10.67

Scenario 10 72.37 71.89 79.95 9.48 10.07

For the small-scale instances, cooperative routing enables
energy savings ranging from 28% up to 58%. For medium-
scale scenarios, the improvement ranges from 40-55%,while
for large-scale scenarios, the range is between 8-37%. This
data affirms that cooperative routing, particularly when
employing the CPmethod in the outer loop, can significantly
enhance energy efficiency across a variety of scenarios (see
Fig. 7).

4.4 Computational Time

For real-time applications, the computational time of the
vehicle routing problem is a crucial factor. The greedy

method and the CP method, when implemented at the outer
loop of the proposed framework, display notable differences
in computational time.As shown in Fig. 8, the greedymethod
requires substantially less computational time compared to
the CP method. All our computations are performed in a
Python 3.9 environment running on a 3.7 GHz Intel Core i9
processor with 48 GB RAM on a 64-bit Windows 10 operat-
ing system.

Given the subproblem division approach at the inner loop,
the computational time increases for both the Greedy and CP
methods as the scale of the scenarios increases. However, the
Greedymethod consistently outperforms theCPmethod, and
the gap between their respective computational times grows
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Fig. 7 Energy metrics across three different scale of scenarios

in proportion to the scale of the scenario. This highlights the
Greedymethod’s efficiency and its suitability for larger-scale
scenarios that require rapid computations.

4.5 Case Study

As an illustrative example, we examine a real-world task site
consisting of 44 task points spread across a 20 km × 20 km
area, as presented in Fig. 3a. The UAV and UGV both start
their journey from the starting depot and meet at refuel stops
for recharging while visiting task points, determined by the
minimum set cover algorithm in the UGV routing of the pro-
posed framework. For comparison evaluation, we apply both
the CP method and the Greedy approach to solve the min-
imum set cover algorithm. The cooperative routes obtained
from both methods, as illustrated in Fig. 9, are compared.We
evaluate the total mission completion time and total energy
consumption from the two cooperative routes, as shown in
Table 4. Table 4 also highlights the improvements achieved

Fig. 8 Computational time across three different scale of scenarios

by UAV-UGV cooperation over the UGV-only route, which
serves as an upper limit. Cooperative routing proves to be
more energy-efficient than the UGV-only route. Both the CP
method and the Greedy method at the outer loop show pos-
itive improvements, reducing total energy consumption in
the mission by 36-39%. However, for total mission time, the
Greedy method at the outer loop has a negative impact. This
is due to the positioning of refuel stops (see trajectory in
Fig. 9b), which causes the UAV to take frequent detours (6
times) for recharging at the refuel sites, thereby elongating
the total mission time. Conversely, appropriate refuel stop
locations determined by the CP method (see trajectory in
Fig. 9a) enables the UAV to complete its route with fewer
recharging detours (4 times), effectively reducing the total
mission time.

5 Discussion

The scenario size and the geometric configuration of task
points within a scenario critically influence the potential for
improving total task completion time through cooperative
routing.Asobserved inFig. 6, there are positive improvement
percentages for small and medium scale scenarios, but a neg-
ative trend emerges for large scale scenarios. The total time
taken to complete the task via a cooperative route depends
on three elements: UAV traversal time, UGV traversal time,
and the waiting time of the UGV for UAV refueling. Con-
versely, the total task completion time for the UGV-alone
route depends solely on the UGV traversal time, as it does
not involve refueling.

When the UGV operates alone, it has to visit all task tar-
get points alone, leading to a significant UGV traversal time.
This duration increases proportionally with the scale of the
scenario, as demonstrated in Fig. 10. ThisUGV traversal time
can be reduced through cooperative routing, which divides
the task points between the UAV andUGV.However, a draw-
back of cooperative routing is the addition of waiting time
during which the UAV is refueled by the UGV.

In small and medium-scale scenarios, the number of task
points is lower within smaller areas, resulting in fewer refu-
eling stops. This configuration ensures that the extra waiting
time at refueling stops never exceeds the reduction in UGV
traversal time, leading to a shorter overall task completion
time for the cooperative route compared to the UGV-alone
route. However, in large-scale scenarios, where there are
more refueling stops to cover a greater number of task points
spread over a large area, the additional waiting time can
surpass the decrease in UGV traversal time. This results in
the cooperative route having a longer overall mission time
than the UGV-alone route. Within the cooperative routing
methods, the task point density significantly influences the
performance of the CP method and the Greedy approach.
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Fig. 9 UAV-UGV trajectory
obtained from bilevel
optimization with Greedy and
CP method at the outer loop.
Numerical and alphabetical
order shows the UAV and UGV
motion respectively. a) CP
method based trajectory b)
greedy method based trajectory.
The animation of the route can
be found at http://tiny.cc/
3wgnxz

If the task points are densely spread, having fewer refuel
stops leads to fewer recharging detours for the UAV and
reduced recharging waiting time. This configuration leads to
a decreased overall task completion time for the CP method
compared to the Greedy method, as the former is more effec-
tive in minimizing the number of refuel stops. Conversely, if
task points are not densely clustered, fewer refueling stops
may negatively impact the mission time, as the UAV might
need to undertake more detours, thereby extending the over-
all mission duration. In such scenarios, the Greedy method
tends to outperform the CP method.

In terms of energy consumption metrics, the cooperative
route consistently outperforms the UGV-alone route, regard-
less of the scenario scale. This is because, as demonstrated
in Fig. 1, the UAV consumes five times less energy than
the UGV per unit distance traveled, making the UGV the
dominant influence on total energy consumption. Hence, the
UGV-alone route, which involves a longer UGV traversal
distance, consumes more energy than the cooperative route,
where the UGV covers a smaller distance due to task division
with the UAV.

Nevertheless, as the scale of scenarios increases, the gap
in total energy consumption between the UGV-alone route
and the cooperative route narrows. This is because in larger
scenarios, despite cooperation with the UAV, the UGV must
still cover a considerable distance to provide suitable refuel-
ing stops, leading to higher overall energy consumption.

The proposed framework can be implemented using a
receding horizon approach to account for dynamic envi-
ronmental changes, such as the random emergence of new
task points, disappearance of old task points, and obsta-
cle avoidance. Given that we assume UAVs and UGVs can
communicate only during the recharging process, we pro-
pose updating the scenario map at every recharging instance
to incorporate these changes. Consequently, the UGVPlan-
ner can resolve the MSC problem to update the UGV route
as necessary. Based on the revised UGV route, the UAV
routes can be constructed by applying task allocation and the
E-VRPTW modeling within the UAVPlanner, as described
in Section 3.2. Dynamic planning proves extremely useful
for continuous monitoring, disaster management, and traffic
monitoring by capturing the most recent state of the environ-
ment. We recognize the potential of dynamic planning and
suggest it as an avenue for future research in our study.

6 Conclusion

In this work, we focus on a cooperative vehicle routing prob-
lem involving a multirotor UAV and a wheeled UGV team
with fuel and speed constraints. Both vehicles are required
to cover a set of assigned task points, with the UAV peri-
odically recharging from the UGV to complete the task in
the minimum possible time. Finding the optimal recharging

Table 4 Impact of the optimal solution of the cooperative routing on case study scenario

Metrics Cooperative route UGV only route Improvement (%)
CP method Greedy method CP method Greedy method

Time consumption (min.) 200 272 233 14.16 -16.74

Energy consumption (MJ) 21.98 21.14 34.69 36.62 39.06
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Fig. 10 Task completion time in cooperative route vs UGV-only route

rendezvous points, in terms of both location and timing,
between the UAV and UGV is important to achieve an opti-
mal route in this cooperative routing problem. We introduce
a sequential optimization framework that operates in two
primary steps. The initial step involves the utilization of a
minimum set cover algorithm to determine the locations for
refueling stops. These identified locations serve as an input to
theUGVPlanner, which then creates theUGV route employ-
ing a Traveling Salesman Problem model. In the subsequent
step, a task allocation technique is employed to partition the
entire problem into smaller, more manageable subproblems.
The UAVPlanner then develops the UAV route by framing
these subproblems as instances of the Energy-Constrained
Vehicle Routing Problem with Time Windows constraints
(E-VRPTW).

Our framework has been successfully applied to 30
distinct task scenarios across three different scales, show-
casing its effectiveness and practicality. The cooperative
routes resulting from our framework have been benchmarked
against theUGV-only routes for the same scenarios that serve
as an upper limit for comparison. The results reveal sub-
stantial improvements, with time consumption reduced by
10-30% and energy consumption diminished by 15-50% in
most instances through the cooperative routing. In the future,
we will expand the framework for persistent surveillance of
the task points and consider stochasticity in the scenarios.
Insights from this study suggest a potential enhancement of
leveraging the UGV’s idle waiting times during refueling
to establish a mobile recharging rendezvous, which will be a
focal point in our subsequent investigations. Additionally, we
intend to refine our approach by incorporating reinforcement
learning techniques to tackle this UAV-UGV cooperative
routing problem, thereby providing an additional benchmark
for future comparative analyses.
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