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Abstract— We introduce and investigate the recharging ren-
dezvous problem for a collaborative team of Unmanned Aerial
Vehicles (UAVs) and Unmanned Ground Vehicles (UGVs), in
which UAVs with limited battery capacity and UGVS persis-
tently monitor an area. The UGVs also act as mobile recharging
stations for the UAVs. In contrast to prior work on such
problems, we consider the challenge of dealing with stochastic
energy consumption in a risk-aware fashion. Specifically, we
consider a bi-criteria optimization problem of minimizing the
time taken by the UAVs on recharging detours while ensuring
that the probability that no UAV runs out of charge is greater
than a user-defined risk tolerance. This problem (termed
Risk-aware Recharging Rendezvous Problem (RRRP)) is a
combinatorial problem with a matching constraint — to ensure
UAVs are assigned to the limited UGV recharging slots, and
a knapsack constraint — to capture the risk tolerance. We
propose a novel bicriteria approximation algorithm to solve
RRRP and demonstrate its effectiveness in the context of a
persistent monitoring mission compared to baseline methods.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are increasingly being
used in applications such as surveillance [1], [2], package
delivery [3], [4], environmental monitoring [5], [6], and
precision agriculture [7] due to their ability to monitor large
areas in a short period of time. One bottleneck that hinders
long-term deployments of UAVs is their limited battery
capacity. Recently, there have been efforts in overcoming this
bottleneck by using Unmanned Ground Vehicles (UGVs) as
mobile recharging stations [8]–[19]. However, these works
make the simplifying but restrictive assumption that the
energy consumption of the UAV is deterministic [10]–[12]. In
practice, the energy consumption is stochastic and the plan-
ning algorithms must be able to deal with the risk of running
out of charge. In our recent work [9], we presented a risk-
aware planning algorithm for planning for a single UAV and
UGV. However, that algorithm scales exponentially with the
planning horizon and the number of robots, and will require
decomposition of the task for multiple robots [20], [21]. In
this paper, we present an efficient risk-aware coordination
algorithm for scalable, long-term UAV-UGV missions.

We consider a scenario where the UAVs and the UGVs
are executing a persistent monitoring mission by visiting a
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Fig. 1. An illustrative example of the recharging rendezvous problem
considered in this paper. A team of two UAVs and two UGVs is executing
their tasks in a predefined order. The UAVs need to decide when and where
to land on the UGVs in order to recharge minimizing the total detour time.
The energy consumption of the UAVs is stochastic. The black dashed lines
represent the recharging detours.

sequence of task nodes in a given order (Figure 1). The UAVs
can take a detour from the planned mission to rendezvous
with some UGV and recharge. The UGV can recharge
the UAV while moving [9], [10], [17]. We present several
algorithms that decide when and where the UAVs should
recharge and which UGV they should recharge on.

To take into account the stochastic nature of UAV’s energy
consumption, one could take recharging detours more fre-
quently, thereby reducing the risk of running out of charge.1

However, if a UAV takes a detour, then the task nodes visited
after the detour will experience a delay, thereby worsening
the task performance. Since we are planning over a longer
horizon with multiple UAVs and UGVs, there is a complex
trade-off between task performance and risk tolerance which
requires careful planning and coordination.

To study this trade-off, we introduce the Risk-aware
Recharging Rendezvous Problem (RRRP), which is a com-
binatorial optimization problem with matching and knapsack
constraints. While there are sophisticated Integer Linear
Programming (ILP) solvers, we show how to exploit the
structural properties of the problem to yield more efficient
algorithms with theoretical performance guarantees. Other
combinatorial problems with knapsack or budget constraints
have been studied in the literature. Approximation algorithms
for the budgeted version of the minimum spanning tree prob-
lem and maximum weight matching problem are presented
in [22] and [23] respectively. They both use Lagrangian
relaxation which resembles our approach, however, due to
different problem structures, we propose several algorithms,
including a bicriteria approximation algorithm, to solve
RRRP. We demonstrate the effectiveness of our formulation

1In practice, when a UAV is about to run out of charge, it can land and
then be retrieved by a human. By reducing the risk of running out of charge,
we aim to reduce the overhead of such costly human interventions.
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and algorithm in the context of a persistent monitoring
mission.

The main contributions of this paper are:
• We introduce RRRP as the first risk-aware version of the

cooperative UAV-UGV recharging problem. We show
how to formulate the RRRP as a matching problem on
a bipartite graph with an additional knapsack constraint.

• We present several algorithms to solve RRRP, that build
on each other.

• We demonstrate the effectiveness of our formulation and
the proposed algorithm in the context of a persistent
monitoring mission compared to baseline greedy meth-
ods and ILP solvers.

II. FINITE HORIZON RISK-AWARE RECHARGING
RENDEZVOUS PROBLEM (RRRP)

We first define the RRRP for a finite horizon, and then
show how to formulate it as a matching problem and model
the risk-tolerance as a knapsack constraint.

A. Problem Statement

Consider a team of Na UAVs and Ng UGVs persistently
monitoring a set of locations in an environment. The UAVs
and UGVs move on the graphs Ga = (Ua, Ea) and Gg =
(Ug, Eg) with their deterministic speeds va and vg respec-
tively. The vertex sets Ua and Ug represent the locations to
be monitored by the aerial and ground vehicles respectively.
The edge set Ea may be complete since the UAVs can
move between any of the tasks, whereas the edge set Eg

represents the road network on which the ground vehicles
can move. We assume that the ordering of the task nodes for
the UAVs and the UGVs is given, i.e., we have pre-defined
persistent monitoring tours for the UAVs and UGVs. These
tours can be generated by planners that either do not consider
recharging [24]–[26] or assume deterministic discharge [12],
[14]. The tours for ith UAV and kth UGV are denoted by
T a
i and T g

k respectively. Similar to our recent work for the
single robot case [9], we show how to refine these tours in
a risk-aware fashion.

A UAV i can take a detour from its monitoring tour T a
i

at any point along the tour to rendezvous with a UGV k
and land on it, for recharging. The UGV keeps moving
along its tour T g

k . We only model the case where only
UAVs take detours, and not UGVs, since UAVs are typically
much faster and not restricted to the road network. The UAV
can also wait at a rendezvous location for the UGV if it
reaches there before the UGV. The number of UAVs that can
simultaneously charge on a given UGV is d. Once recharged,
the UAV leaves the UGV and goes to the next task node
along its monitoring tour.

We assume that the UGVs do not run out of charge since
typically they have much larger battery capacity than UAVs
or can be easily refueled. We consider a stochastic energy
discharge model for the UAVs that is given. We assume
that the probability of a UAV running out of charge within
the next t time units given the current charge level can be
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Fig. 2. Recharging detour example. The UAV 1 leaves its route at the node
a11 to rendezvous with UGV 1 at the node g31 . The recharging occurs when
they reach the node g41 and the UAV moves to its next task node a21. Note
that if d = 1, no other UAV can recharge on this UGV between g31 and g41 .

calculated, as shown in [9]. The stochastic battery discharge
is monotonic in the time traveled by the UAV.

Since we consider a persistent monitoring mission, we
solve RRRP in a receding-horizon manner. Given time
horizon T , we seek a policy for the UAVs to recharge at most
once in the horizon. Moreover, as the battery discharge rate
of UAVs is stochastic, there may be a non-zero probability
of some UAVs running out of charge. Hence, we also need
to have a notion of risk-aversion for the UAVs. On the other
hand, to avoid frequent recharging, we also need to reduce
the detour time spent by the UAVs for recharging.

At a high level, we consider the following problem: Given
a time horizon T , a risk-tolerance probability ρ ∈ (0, 1),
task routes for the Na UAVs and Ng UGVs along with
their current locations and state of charge, find a recharging
schedule for each UAV such that:

1) each UAV recharges at most once during T ,
2) no UGV can charge more than d UAVs at a time,
3) the probability that no UAV runs out of charge during

T is at least ρ, and
4) the total detour time of the UAVs is minimized.
Next, we will show how to formally model this problem.

B. Modeling RRRP as a Matching Problem with Knapsack
Constraint

Given the tour T g
k for UGV k, we discretize it by

introducing vertices every f units of time starting from
the UGV’s current position where f is the maximum time
the UGV needs to travel for the UAV to recharge in the
worst-case. These vertices representing possible rendezvous
locations are denoted by V (T g

k ) and are shown as green
nodes in Figure 2. Similarly, the set V (T a

i ) represents the
set of locations from which UAV i can leave its monitoring
tour T a

i for a recharging detour (Figure 2). The set V (T a
i )

contains the current position of UAV i and its task nodes
that can be visited within the next T time by UAV i. We
do not need to further discretize UAVs tours as it can be
shown [27, Lemma 6] that there exists an optimal solution
where the UAVs will leave their tours for recharging from
either their current position or a task node.

We define the RRRP formally on a bipartite graph G =
(Va ∪ Vg, E) as follows.
UAV vertices: The vertex set Va consists of Na disjoint node
sets, i.e., Va = ∪Na

i=1Vi where Vi = V (T a
i ) ∪ a∅i . The vertex

a∅i represents the scenario where the UAV i chooses not to
rendezvous in the current horizon.
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Fig. 3. An example to show how to construct a bipartite graph for one
planning horizon from the UAV and UGV route segments.

UGV vertices: The vertex set Vg consists of
{g∅1 , . . . , g∅i , . . . , g∅Na

} and d copies of the set ∪Ng

k=1V (T g
k ).

The vertex g∅i for UAV i represents the scenario where UAV
i chooses not to rendezvous for the current horizon. The
d copies of each vertex in V (T g

k ) are to represent up to d
different UAVs recharging at a time on a UGV.2

Edges: The edge set E denotes the set of all feasible
recharging detour options. If the UAV i, starting from a
node j ∈ V (T a

i ), is able to rendezvous with the UGV k
at l ∈ V (T g

k ), an edge exist between the corresponding two
nodes in Va and Vg . The vertex a∅i is connected to g∅i for all
i ∈ [Na].
Edge cost: For an edge (i, j) ∈ E where i ∈ Va and j ∈ Vg ,
the edge cost cij represents the time needed to complete the
recharging detour along the edge (i, j). The time needed for
the recharging detour consists of three parts: the time to reach
the rendezvous node, the waiting time and the recharging
time at the rendezvous node, and the time to go to the next
node on the tour. The edge cost along edge (a∅i , g

∅
i ) is zero.

Edge success probability: For an edge (i, j) ∈ E where
i ∈ Va and j ∈ Vg , the edge success probability pij is
defined as the overall probability to finish the task route for
the current horizon given that the recharging detour along
edge (i, j) is taken. It is the product of the two success
probabilities: the probability of successfully completing the
recharging detour, and the probability of finishing the rest
of the route after recharging. The probability along edge
(a∅i , g

∅
i ) is the probability of reaching the end of the current

horizon without recharging.
The finite horizon recharge rendezvous problem can now

be defined as the following combinatorial optimization prob-
lem.

Problem 1 (Risk-aware Recharging Rendezvous Problem
(RRRP)). Given a bipartite graph G = (Va ∪ Vg, E) where
Va = ∪Na

i=1Vi, with edge costs cij and probabilities pij for
edge (i, j) ∈ E, solve:

min
∑
i,j

cijxij , (1)

s.t.
∑
i,j

log
1

pij
xij ≤ log

1

ρ
, (2)

∑
i

xij ≤ 1 ∀j, (3)

∑
j, i∈Vr

xij = 1,∀r, (4) xij ∈ {0, 1}. (5)

The variable xij indicates whether edge (i, j) is in the
solution or not. The objective is to minimize the total time in-

2We use d copies of each vertex in V (T g
k ) to keep the analysis of the

algorithm simple. The problem can be defined without having d copies for
each v ∈ V (T g

k ) by changing Constraint (3) in Problem 1 to
∑

i xij ≤ d.

curred by the recharging detours of all UAVs. Constraint (2)
enforces that the probability of no UAV running out of charge
during the current horizon is at least ρ. We can write this as
a linear constraint since the stochastic discharging processes
of the UAVs are independent. For ease of notation, we will
use the following inequality instead of Constraint (2).∑

i,j

aijxij ≤ B (6)

where B = log 1/ρ and aij = log 1/pij . Constraint (3)
enforces that each UGV can recharge at most d UAVs at
a time (by making sure that at most one UAV recharges
at one of the d copies of a UGV vertex). Constraint (4)
enforces that each UAV should be recharged at most once.
Given a solution xl, let Ml represent the corresponding edge
set on graph G. Let us define c(M) = c(x) =

∑
cijxij ,

a(M) = a(x) =
∑

aijxij for ease of notation.
A reduction from the problem EVENODDPARTITION [28]

shows that Problem 1 is NP-hard. The proof is omitted due
to space constraints. See the extended version [27] for all
proofs.

Lemma 1. Problem 1 is NP-hard.

In the next section, we present our approach for solving
this problem.

III. ALGORITHMS AND ANALYSIS

Although Problem 1 can be solved using ILP solvers, as
the number of variables in the problem increases, the runtime
of the solver becomes intractable. Since we need to solve this
problem repeatedly in a receding horizon approach, an effi-
cient solver is desirable. In this section, we present a series
of algorithms to solve Problem 1, that build on top of each
other: Algorithm 1 finds a heuristic solution, Algorithm 2
improves on it, and Algorithm 3 uses Algorithm 2 to provide
a solution with bicriteria approximation guarantees.
A. Algorithm 1: BINARYSEARCH

We start with the following relaxation of Problem 1.

Problem 2.

min
∑
i,j

cijxij + λ(
∑
i,j

aijxij −B), (7)

such that Constraints (3), (4) and (5) hold.

Let wλ(M) = wλ(x) = c(x) + λa(x). The key insight
behind the algorithms is that Problem 2 can be solved
in polynomial time using a minimum cost network flow
problem with edge costs wλ.

Lemma 2. Problem 2 is solvable in O(|E| log |V |(|E| +
|V | log(V )) time on graph G(Va∪Vb, E) where V = Va∪Vb.

Algorithm 1 is a heuristic algorithm that uses binary search
on the Lagrangian multiplier λ to find a feasible and an
infeasible solution (with respect to Constraint (6)), i.e., M1

and M2 such that a(M1) ≤ B ≤ a(M2).3 The following
observation enables us to use binary search in Algorithm 1.

3Note that if no solution M2 exists such that a(M2) > B, then solving
Problem 2 with λ = 0 solves Problem 1.
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Observation 1. Let x1 and x2 be the optimal solutions to
Problem 2 with Lagrangian multipliers λ1 and λ2, where
λ1 > λ2. Then a(x1) ≤ a(x2), and c(x1) ≥ c(x2).

Although the run time of Algorithm 1 depends on the
stopping threshold value ∆λmin, an optimal Lagrangian
multiplier λ and two solutions x1 and x2 to Problem 2, with
wλ(x1) = wλ(x2) and satisfying a(x1) ≤ B ≤ a(x2) and
c(x1) ≥ c(x2) can be found in polynomial time [23], [29,
Theorem 24.3]. We use Algorithm 1 in experiments to find
M1 and M2 as it is simple to implement and works well in
practice as seen in Section IV.

B. Algorithm 2: LOCALSEARCH

In order to improve the solution returned by Algorithm 1,
we consider the symmetric difference of the solutions M1

and M2. The symmetric difference M1 ⊕M2 is a disjoint
union of connected components where a connected compo-
nent is defined below.

Definition 1. Given the bipartite graph G = (Va ∪ Vg, E)
where Va = ∪Na

i=1Vi, consider the bipartite graph G′ with
the vertices for each robot merged together, i.e., G′ = (Vc ∪
Vg, E

′) where Vc = {V1, . . . ,VNa}, and E’ has an edge
between Vr and j ∈ Vg if E has an edge between some
i ∈ Vr and j. Then with abuse of notation, we define a
subgraph H of G as a connected component if the edges of
H form a connected path or cycle in G′.

Algorithm 2 is a local search that takes the two solutions
returned by Algorithm 1, and repeatedly improves them
by removing connected components from the symmetric
difference until M1 ⊕ M2 contains exactly one connected
component. This procedure is similar to that of finding two
adjacent extreme point solutions in the solution polytope for
a maximum weight matching problem [23]. The solution
returned by Algorithm 2 has the following properties.

Lemma 3. Algorithm 2 returns λ and two solutions M1,
M2, such that their symmetric difference contains exactly
one connected component, and
1) wλ(M1) = wλ(M2), 2) a(M1) ≤ B ≤ a(M2),
3) c(M1) ≥ c(M2), 4) c(M1) ≤ opt+ λB.

C. Algorithm 3: RENDEZVOUSSEARCH

Algorithm 3 is a bicriteria approximation algorithm, which
uses Algortithm 2 as a subroutine. Given M1, M2 and λ
from Algorithm 2, in Lines 8 through 15 of Algorithm 3, we
find a sequence Z ′′ of edges from the connected component
M1⊕M2 such that M1⊕Z ′′ has a better cost than M1 and
a(M1 ⊕ Z ′′) ≤ B. The following lemma is the main result
of this section and shows that Algorithm 3 finds a solution
M that may violate at most one constraint and the cost of
M is within cmax of the optimal, where cmax is the largest
edge cost in G.

Lemma 4. Let M∗ be the optimal solution to Problem 1
with cost opt. There is a polynomial time algorithm that
finds a scheduling M such that c(M) ≤ opt + cmax, and

Algorithm 1 BINARYSEARCH

Input: Graph G = (Va ∪ Vg, E) with edge costs c and
weights a, bound B

1: Set a threshold ∆λmin
2: λl ← 0, λu ←∞
3: Start from a positive value of λ
4: while λu − λl ≥ ∆λmin do
5: Solve Problem 2 using λ to get solution x
6: if a(x) ≤ B then
7: M1 ← x, λu ← λ, λ← (λu + λl)/2
8: else
9: M2 ← x, λl ← λ, λ← min{2λ, λu}

10: return M1,M2, λ

Algorithm 2 LOCALSEARCH

Input: Graph G = (Va ∪ Vg, E) with edge costs c and
weights a, bound B

1: Get λ, M1 and M2 such that a(M1) ≤ B ≤ a(M2)
using Algorithm 1 or [23]

2: M ′ ←M1 ⊕M2

3: for connected components Y in M ′ do
4: if M ′ has one connected component then
5: return M1, M2, λ
6: else
7: if a(M1 ⊕ Y ) ≤ B then M1 ←M1 ⊕ Y
8: else M2 ←M1 ⊕ Y

9: Remove Y from M ′

one of the UGVs may have to recharge at most d+ 1 UAVs
at a time.

Corollary 1. If each UAV can recharge at at least Na

different UGV recharging locations, there is a polynomial
time algorithm that finds a feasible scheduling M satisfying
Constraints (4) and (3) such that a(M) ≤ B + 2amax and
c(M) ≤ opt+ 3cmax.

Given an ϵ ∈ (0, 1], Algorithm 3 guesses ⌈1/ϵ⌉ edges of
highest cost in the solution and removes these edges and
corresponding UAV and UGV vertices from the problem
instance. It then finds a solution on the resulting problem
instance that satisfies Lemma 4. This procedure results in
the following bicriteria approximation.

Theorem 1. For a given ϵ ∈ (0, 1], there is a (1 + ϵ, 2)-
bicriteria approximation algorithm for Problem 1, i.e., we get
a solution x such that c(x) ≤ (1 + ϵ)opt, and

∑
i xij ≤ 2,

∀ j ∈ Vg .

Since the bicriteria approximation algorithm may violate
one of the constraints of the problem (one of the UGVs
may need to recharge up to d + 1 UAVs at a time), in
practice, we can use Algorithm 3 to solve the problem and if
the solution violates the constraint, we can use the feasible
solution returned by Algorithm 2.
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Algorithm 3 RENDEZVOUSSEARCH

Input: Graph G = (Va ∪ Vg, E) with edge costs c and
weights a, bound B, ϵ ∈ (0, 1]

1: M∗
H ← Guess p = ⌈ 1ϵ ⌉ edges of highest cost in M∗

2: E ← E \ {e : c(e) ≥ mine′∈M∗
H
c(e′)}

3: for (i, j) ∈M∗
H do

4: Va ← Va \ {Vr : i ∈ Vr}
5: Vg ← Vg \ {j}
6: B ← B − a(M∗

H)
7: Find M1, M2 and λ from Algorithm 2
8: Z ←M1 ⊕M2

9: for edge zi in Z = {z0, z1, . . . , zk−1} do
10: if zi ∈M1 then αi = wλ(zi)

11: if zi ∈M2 then αi = −wλ(zi)

12: Find zi such that
∑i+h

j=i αi (mod k) ≤ 0 for all h
13: Find the longest sequence Z ′′ starting from zi such that

a(M1 ⊕ Z ′′) ≤ B
14: if Last edge of Z ′′ is not in M2 then
15: Remove the last edge of Z ′′

16: ML ←M1 ⊕ Z ′′

17: if ML has two edges connected to Vr for some r then
18: Remove one of those edges from ML

19: if ML has two edges (i1, j) and (i2, j) for a j ∈ Vg

then
20: if ∃ free j′ such that a(iℓ, j′) ≤ a(iℓ, j) then
21: ML ←ML \ {(iℓ, j)} ∪ {(iℓ, j′)}
22: return ML ∪M∗

H

IV. EXPERIMENTAL RESULTS

In this section, we first present a qualitative example of the
persistent monitoring mission. Next, we study how the value
of risk tolerance influences the recharging behaviors and task
performances of the UAVs. Then, we compare the perfor-
mance of our scheduling strategy with a baseline (greedy
strategy). Moreover, we empirically evaluate the performance
of the proposed heuristic algorithm. All experiments are
conducted on a PC with the i9-8950HK processor unless
specified otherwise. The baseline solver is Gurobi 9.5.0.

A. Experimental Setup

We consider a team consisting of two UAVs and two
UGVs. The task routes Ta and Tg used in the problem can
be either generated jointly by some task planners similar to
those in [10], [30] or can be generated separately by different
task planners. The UAV and UGV move at va = 9.8 m/s
and vg = 4.5 m/s respectively based on the field test data
collected and used in our previous work [9]. The recharging
process (swapping battery) takes 100s. The UAV and UGV
need to persistently monitor the task nodes on the route. We
apply our recharging strategy in a receding horizon fashion:
every two minutes, the UAVs-UGVs team solves the RRRP
problem to decide the UAVs’ recharging schedule for the
next T = 2500 seconds. For each UAV, the current position
will be the first node when we construct the bipartite graph.

TABLE I
STATISTICAL RESULTS FOR UAVS

UAV data ρ = 0.01 ρ = 0.1 ρ = 0.3

Mean time before failure (s) 39660 27600 24360

Avg. travel time overhead 19.7 % 18.5 % 17.8 %

Avg. # of task nodes visited 158 110 105

Avg. # of rendezvous per T 1.4 1.3 1.3

If some UAV is on a detour, we do not replan until the UAV
has finished its detour.

We consider two sources of stochasticity in the energy
consumption model of UAVs: weight and wind velocity
contribution to longitudinal steady airspeed. The energy
consumption model of the UAV is the same as that in [9]

B. Simulation Results

a) Qualitative Example: The input of the problem
consists of UAV task nodes, and nodes of the road net-
work (Figure 4a). Figure 4b shows one tour route of one
UAV when the system executes the proposed strategy in a
receding horizon fashion. The UAV monitors the task route
persistently. When the UAV reaches node a, it doesn’t move
forward to its next task node (connected through a dashed red
line). Instead, the new schedule is to rendezvous with UGV
at as and takes off from the UGV at at, and then go to its
next task node. Similarly, the UAV will rendezvous with the
UGV when it is close to nodes b, c, d and e. Subscriptions s
and t denote the start and the terminal of the recharging. A
sample of the history of the state of charge (SOC) is shown
in Figure 4c. We can observe in Figure 4c that the UAV’s
recharging strategy is more than a simple rule, such as for
example get recharged when the SOC is below 50 % and
may get recharged at various values of SOC.

b) Effect of Risk Tolerance: We study how various risk
tolerances influence the strategy (see Table I). We set the
risk tolerance ρ to be 0.01, 0.1, and 0.3 and use four metrics
to quantify the performance of the strategy:
(1) Mean time before the first failure: The time before the
first UAV runs out of charge and needs human interven-
tion. (2) Travel time overhead: (actual travel time−
task time)/task time, where task time is the
travel time of the route without any recharging. A lower
overhead is desired since it accounts for the delay in visiting
task nodes. (3) Average number of task nodes visited: by
the UAV before its first failure. Similar to (1), a higher
number reflects a better strategy. (4) Average number of
rendezvous per planning horizon T . If this number is too
large, it suggests that the UAV takes too many recharging
detours, which should be avoided.

In general, we observe that when the risk tolerance is set
to be smaller, the mean time before the first failure will be
longer. Similarly, the travel time overhead and the average
number of rendezvous per planning horizon will be greater,
which implies the UAV spends more portion of flight time
in the recharging detours.
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Fig. 4. A qualitative example to illustrate how UAV and UGV rendezvous with each other solving the RRRP. The risk tolerance is set to be ρ = 0.1 in
this case study. Subscripts s and t denote the start and the terminal of the recharging process. (a) The input of the RRRP problem includes the UAV and
UGV tasks and the road network. (b) One sample tour of UAV 1 when it persistently monitors the route. (c) One sample history of SOC for UAV 1.
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Fig. 5. Quantitative results. (a) Comparisons of the RRRP scheduling and the greedy strategies with ρ = 0.1. ILP and Algorithm 1 refer to the solution
returned by the ILP solver and Algorithm 1 by solving RRRP. (b) % increase in the objective function of Algorithm 2 as compared to an ILP solver. The
boxplot shows the result of 20 experiments for each problem size. (c) Comparison of run times of Algorithm 2 and ILP solver. Note, y-axis is logarithmic.

c) Comparison of Algorithm 1 with Baseline: We com-
pare our strategy with a greedy baseline. The greedy policy
chooses to rendezvous whenever the state-of-charge drops
below a set value. We consider three set values 30%, 40%,
and 50%, and the corresponding strategies are denoted as
Greedy-30, Greedy-40, and Greedy-50. We set ρ = 0.1.
The first observation is that Algorithm 1 achieves close
performances in both metrics compared to that of ILP.
Second, as shown in Figure 5a, our strategy (obtained by
both ILP and Algorithm 1) can achieve a longer travel time
before the first failure on average (left group) and a relatively
lower travel time overhead (right group), which implies that
our strategy will avoid unnecessary rendezvous. Moreover,
Algorithm 1 has marginally better travel time overhead than
ILP. We conjecture that this is due to horizon effect: since
we are solving the problem in a receding horizon fashion,
an optimal solution within a horizon may still be suboptimal
over the entire duration.

d) Scalability of Algorithm 2: We also compare the
performance of Algorithm 2 with an ILP solver empirically.
We used Algorithm 2 for comparison instead of Algorithm 3
as Algorithm 2 and the ILP always returns a feasible solution,
making the objective value comparison fair. The ILP solver
used for this set of experiments is intlinprog function
from MATLAB, and Algorithm 2 was also implemented in
MATLAB for a fair comparison. Since ILP solves Problem 1
optimally, the cost returned by Algorithm 2 is at least that
of the ILP solver. The percentage difference in the objective
function values for different problem sizes is shown in
Figure 5b. For each problem size, represented by the number
of edges or variables, twenty random problem instances

were created and the boxplot of resulting objective value
difference is shown in the plot. On average, among all
the instances, Algorithm 2 was within 15% of the optimal
solution. Note that the performance of Algorithm 2 improves
as the number of variables increases.

Figure 5c shows the average runtime of Algorithm 2 and
the ILP solver. Note that the y-scale is logarithmic. For
smaller problem instances, both the algorithms solved the
problem within a second, with ILP being faster, however, as
the number of variables increases, ILP becomes much slower,
with the runtime for ILP being up to seven times more than
that of Algorithm 2 for 60500 variables. Note that there may
be other solvers for ILP that have better run time, but since
ILP is NP-complete, the exponential gap between run times
is likely to continue as the number of variables increases.

V. CONCLUSION

We introduced a multi-robot version of the risk-aware
UAV-UGV recharging problem. We showed how to model
this as a matching problem with knapsack constraints. We
presented three algorithms that build on each other. In partic-
ular, Algorithms 1 and 2 solve the original problem and our
empirical analyses show that yield efficient solutions com-
pared to ILP and other strategies. Algorithm 3, on the other
hand, yields a theoretical bicriteria approximation guarantee.
We validate our formulation and the proposed algorithm in a
persistent monitoring application. In our current formulation,
we assume that the task routes of vehicles are given. In
future work, one direction that we will explore is to propose
efficient and scalable routing algorithms to generate task
routes for vehicles.
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