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Abstract— This paper proposes a multi-robot path planning
and optimal deployment strategy for a team of micro air
vehicles with limited energy reserves and finite recharge times.
We focus on deployments which seek to balance individual and
cooperative vehicle task requirements with overall travel and
energy costs and charging station availability toward enabling
extended duration operation. We formulate the deployment
approach as a matching problem that builds upon a determin-
istic navigation graph of both edge and vertex weighted. By
relating the charging stations to the weighting policy of graph
vertices, a set of navigation paths transiting nearby charging
stations can be obtained for those low energy aerial vehicles.
Simulation results validate the proposed deployment approach
and analyze performance variability due to changes in available
energy resources and team size.

I. INTRODUCTION

We consider the problem of developing cooperative ve-
hicle deployments that enable a team of micro air vehi-
cles (MAVs) to pursue an objective such as surveillance,
monitoring, or exploration of an indoor environment with
cognizance of available onboard energy resources and pre-
deployed recharging platforms. The efficacy of MAVs in
applications requiring operation over long durations is fun-
damentally limited due to available onboard energy reserves
and vertical take-off and landing systems such as quadrotors
continuously consume energy resources during operation.
Strategies for autonomous recharging of air vehicles include
the use of static and mobile docking stations [12] as well
as deployment methods that adapt vehicle plans toward
anticipating energy depletion via routes that ensure charging
opportunities [1, 6, 11]. A challenge in the effective applica-
tion of such techniques is the online assignment of vehicles to
charging stations that balances the evolving requirements of
the collective objective and individual energy requirements.

In this work, we propose an online deployment method-
ology for a team of micro air vehicles to visit goal locations
while considering the availability of nearby ground charging
stations and the current vehicle energy levels. The proposed
strategy seeks to address the requirement that all vehicles
maintain a sufficient energy reserve to ensure continued op-
eration. Similar to existing works focusing on task allocation-
based multi-vehicle exploration and surveillance [9, 13, 15],
we consider a deployment where vehicles are assigned to
paths leading to real-time allocated goals toward furthering
the collective objective [7]. The primary contribution of
this work is the introduction of energy constraints in the
task allocation formulation that permits online deployment
adaptation to the evolving system state and energy levels.
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To reach the deployed goal locations, the aerial vehicles
follow their routing paths planned on a constructed deter-
ministic navigation map (an undirected graph) that describes
the environment [2, 14]. We address this energy constrained
routing problem through formulating the navigation map
with weighted vertices and edges that associate vehicle
energy requirements and path cost to charging requirements.
By casting the navigation map as a bipartite graph match-
ing problem, the path planning and task allocation are
combined together. The resulting vehicle deployment paths
conservatively assign vehicles to goals (tasks) or charging
stations based on the current system need. The polynomial
complexity approach permits online task reassignment based
on the evolving energy resources of individual vehicles and
charging stations. Tasks originally assigned to low energy
vehicles can also be relayed to other aerial vehicles that
possess better energy conditions.

Related to this study is the topic of simultaneous multi-
vehicle path planning methods on environment graph struc-
tures [8]. Our prior work [5] addressed the problem of
multi-robot navigation by adapting the graph matching vari-
ant of the Hungarian algorithm [4]—originally designed to
solve the optimal assignment problem—to construct routing
paths in a spatial topology. The approach has several useful
features including being particularly effective at generating
multiple non-interfering paths. Although some preliminary
path behaviors are demonstrated by uniformly scaling the
diagonal of adjacency matrix representing a Euclidean graph,
paths constrained by certain properties have not been ex-
ploited. This proposed approach seeks to minimize the total
travel cost while ensuring continued vehicle energy resources
by routing vehicles through charging stations (as in [6, 11]).

II. ENERGY CONSTRAINED DEPLOYMENT
AND PATH PLANNING

An objective of this work is to design an effective planning
method to deploy n aerial robots to m goal locations (n ≤
m), while accounting for nearby energy charging stations
and resource availability. Specifically, the planning objectives
capture considerations such as limiting travel cost toward
reducing energy depletion, maintaining onboard energy lev-
els, and ensuring the availability of replacement vehicles to
which a task may be relayed to continue the overall system
objective (see Fig. 1).

Additionally, we make the following assumptions the
problem formulation: (1) charging stations are stationary
(following a deployment phase); (2) the number of charging
stations is less than the number of aerial robots and each



Fig. 1. Tasks are relayed along a path. The rightmost vehicle continues the
unfinished task that is planned for the leftmost vehicle. The two vehicles on
the left eventually occupy the charging stations (specially equipped mobile
ground robots).

charging station can charge one air vehicle at a time;
and (3) the aerial robot navigation paths are planned in
2-D. Consistent with assumptions (1) – (2), we envision
mobile ground platforms as charging stations that are able
to redeploy throughout the evolution of the exploration or
surveillance application. The final assumption reflects the
so-called re-projective or 2.5-D assumption and treats the
structured 3-D world as a 2-D environment [10].

A. Planning on an Edge and Vertex Weighted Graph
We use an undirected graph G = (V,E) to describe the

navigable environment based on topological map. Specif-
ically, each vertex v ∈ V represents a location in the
environment, whereas an edge e(v, u) ∈ E denotes the
traversability between u, v with an edge weight we(u, v) > 0
representing the travel cost. We call G the navigation graph,
which will be used for multi-vehicle path planning.

Different from a standard graph, the vertices of G are
subject to importance of differing levels. For instance, if a
charging station with an available charging outlet is currently
staying on a vertex, then this vertex acts as an energy supplier
and is more important than other unoccupied vertices. We use
wv(v) > 0 to denote the weight/importance of vertex v ∈ V .
To fit the importance maximization in our cost minimization
planning objective, the negated value −wv(v) is used.

The proposed formulation differs from the traditional
routing methods for two reasons. First, general routing
algorithms only accept graphs with either weighted edges
or weighted vertices (not both). In our problem, the graph
has both edges and vertices weighted, and each vehicle
eventually obtains a unique path P = (VP , EP ) ∈ G with
the path cost

cP =
∑

e(vi,vj)∈EP∈P

we(vi, vj)−
∑

vi∈VP∈P
wv(vi). (1)

Second, we wish to deploy multiple MAVs simultaneously
thus a set of paths P = {P1, P2, · · · , Pn} starting from ver-
tices Vs = {vs1, · · · , vsn} and ending at Vt = {vt1, · · · , vtn}
must be generated, with minimized overall cost

obj: min
n∑

k=1

cPk

= min
n∑

k=1

 ∑
e(vi,vj)∈Pk

we(vi, vj)−
∑

vi∈Pk

wv(vi)


s.t. Pk ∩ Pk′ = ∅ if k 6= k′.

(2)

Existing methods are not readily identified that enable com-
puting multiple paths subject to (2).

B. Vertex Weight Elimination

To simplify the weighting rule, we keep the edge weights
but eliminate the vertex weights by transforming G to
another graph representation—the bipartite (matching) graph
G̃ = (V, V ′, Ẽ):

f : G = (V,E)→ G̃ = (V, V ′, Ẽ). (3)

A bipartite graph G̃ has two sets of nodes V and V ′, where
V ′ is simply a copy of V such that |V | = |V ′|, and an edge
ẽ(v, v′) ∈ Ẽ connects the vertices v ∈ V and v′ ∈ V ′. More
formally, if there is an edge e(vi, vj) ∈ E ∈ G, we construct
a pair of bipartite graph edges,

ẽ(vi, v
′
j) ∈ Ẽ ∈ G̃, vi ∈ V, v′j ∈ V ′

ẽ(v′i, vj) ∈ Ẽ ∈ G̃, v′i ∈ V ′, vj ∈ V
(4)

both of which are weighted the same as the counterpart edge
e(vi, vj)

wẽ(vi, v
′
j) = wẽ(v

′
i, vj) = we(vi, vj) (5)

As Vs, Vt are the starting and ending vertices and are pre-
determined before the paths are sought, there is no need
to weight them. Thus, ∀vi ∈ V \{Vs, Vt} a set of edges are
created:

ẽ(vi, v
′
i) ∈ Ẽ ∈ G̃, (6)

which are weighted by

wẽ(vi, v
′
i) = wv(vi). (7)

Although the graph transformation increases the dimen-
sions of both the vertex set and the edge set, the vertex
weights wv(vi) are eliminated by transferring them onto the
newly added bipartite graph edges ẽ(vi, v′i).

C. Computing Navigation Paths

After G is transformed to G̃, each internal vertex v on
path P ∈ G is substituted with a pair of connected vertices
(v, v′). For example, P : vs → · · · vl · · · → vt is changed
to P ′ : vs → · · · → vl → v′l · · · → vt. With uniform edge
weights, the path cost in (1) is written as

cP = cP ′ =
∑

i6=j,ẽ(vi,v′
j)∈P ′

wẽ(vi, v
′
j)−

∑
ẽ(vi,v′

i)∈P ′

wẽ(vi, v
′
i).

(8)
Let Sv be the weight sum of all edges ẽ(vi, v′i) constructed
in (6),

Sv =
∑

vi∈V\Vs

ẽ(vi, v
′
i) (9)



By adding (9) to the total cost of all paths P′ =
{P ′1, · · · , P ′n}, we get

n∑
k=1

cP ′
k
+ Sv

=
∑

i 6=j,ẽ(vi,v′
j)∈P′

wẽ(vi, v
′
j) +

Sv − ∑
ẽ(vi,v′

i)∈P′

wẽ(vi, v
′
i)


=

∑
i 6=j,ẽ(vi,v′

j)∈P′

wẽ(vi, v
′
j) +

∑
ẽ(vi,v′

i)/∈P′

wẽ(vi, v
′
i)

(10)

A close observation of the above equation reveals that each
vertex vi ∈ V appears only once in the summation, and so
does v′i ∈ V ′. This fact implies that a matching between
vertices in V and vertices V ′ is formed, where each vertex
vi ∈ V is uniquely matched to a vertex v′i ∈ V ′.

Therefore, minimizing (10) produces a perfect match-
ing, which corresponds to the optimal assignment solution.
Consequently, the multi-robot path planning problem (with
minimized weights of both vertices and edges) can be solved
by existing optimal assignment algorithms such as the Hun-
garian method [4] which has a benchmark time complexity
of O(|V |3).

D. Controlling Path Behaviors

In (10), we transform the path planning problem into
the optimal assignment problem through the addition of the
term Sv . Hence, Sv is a parameter that affects the path
planning results. As Sv is the weight sum for all edges
constructed in (6), which are exactly the weights of vertices
vi ∈ V \ {Vs, Vt}, differing paths can be generated by
controlling these vertex weights. More formally, given a
specified set of vertex weights {wv(vi)}, we wish to extract
paths P for all vehicles:

P = argmin
P′

(
n∑

k=1

cP ′
k
+ Sv

)

= argmin
P′

 ∑
i 6=j,ẽ(vi,v′

j)∈P′

wẽ(vi, v
′
j) +

∑
ẽ(vi,v′

i)/∈P′

wẽ(vi, v
′
i)


= argmin

P

 ∑
e(vi,vj)∈P

we(vi, vj) +
∑
vi /∈P

wv(vi)


(11)

The above optimization rule attempts to simultaneously
minimize the weights of edges on the paths P ∈ G as well
as the weights of vertices off the paths. If the weight of
each vertex vi ∈ V is set to be 0, the objective changes into
the minimization of

∑
e(vi,vj)∈P we(vi, vj), which becomes

a standard shortest path algorithm involving only weighted
edges of a navigation graph.

Intuitively, paths defined by (11) tend to transit vertices
with larger weights. This is because any positive weights of
off-path vertices deteriorate the minimization objective while
the on-path vertices have no effect to the objective, so passing

a positively weighted vertex mitigates the deterioration.
Therefore, we can regard the setting of large weights on
selected vertices to be a form of external “force” to pull a
nearby path to transit them.

III. WEIGHTING POLICY AND
DEPLOYMENT ALGORITHM

A. Vertex Weighting Policy
Dispatch priority is inversely related to available onboard

energy levels with highest priority given to those vehicles
approaching critical energy depletion. We wish each low
energy MAV to choose a path that passes a nearby charging
station, even if it is off the shortest traversal path. For the
simplest case, assume only one air vehicle must be deployed
and its shortest path cost without concerning energy is

cP0
=

∑
e(vi,vj)∈P0

we(vi, vj). (12)

Further assume there is a charging station on a vertex vch
off the path P0, and its vertex weight is δ and all other
vertices are 0-weighted. If the aerial vehicle does not pass
the charging station, then the overall cost in (11) is

cP0
+ Sv =

∑
e(vi,vj)∈P0

we(vi, vj) + δ. (13)

In contrast, if the aerial vehicle pass the charging station vch
following a path P1 6= P0, the overall cost becomes

cP1
+ Sv =

∑
e(vi,vj)∈P1

we(vi, vj). (14)

As a result of the minimization objective, a path switching
from P0 to P1 only occurs if cP1 + Sv < cP0 + Sv , i.e.,

δ >
∑

e(vi,vj)∈P1

we(vi, vj)−
∑

e(vi,vj)∈P0

we(vi, vj). (15)

The subtraction on right hand side of (15) is the extra
path cost for making a detour in order to reach a charging
station, whereas δ can be regarded as the payoff for such
choice. Therefore, a higher δ indicates a larger likelihood of
path route change. However, δ cannot be arbitrarily large.
Let N (vch) denote the neighbors of vch and vertex vnear =
argminv{we(vch, v)|v ∈ N (vch)} be the neighbor with the
least connected edge weight, then,

Theorem 3.1: Vertex vch does not affect the nearby path
P0 if its weight satisfies δ > 2we(vch, vnear) and if vnear /∈
P0.

Proof: If vnear /∈ P0, a closed path (cycle) Pc between
vertices vch and vnear in the transformed bipartite graph
can be written as vch → v′near → vnear → v′ch where v′ch
corresponds to vch in the original untransformed navigation
graph. Since wẽ(vnear, v

′
near) = 0, the total cost of Pc is

cc = wẽ(vch, v
′
near) + wẽ(vnear, v

′
ch) = 2we(vch, vnear).

Based on (13), if δ > 2we(vch, vnear),

cP0
+ Sv =

∑
e(vi,vj)∈P0

we(vi, vj) + δ

>
∑

e(vi,vj)∈P0

we(vi, vj) + 2we(vch, vnear).
(16)



(a) (b)

Fig. 2. Instead of following the shortest path to reach the destination, a
low energy aerial vehicle detours to a nearby charging station to recharge.

Path P0 eventually switches to the less costly Pc. However,
vch, vnear /∈ P0, thus P0 remains unchanged.

Theorem 3.1 bounds the range of δ within an interval
[0, 2we(vch, vnear)]. In practice, the weight δ is normalized
by the importance of the corresponding charging station on
this vertex. For instance, if a relay candidate is currently
recharging on the charging station and its battery level is
90%, we set δ = 90%×2we(vch, vnear) since the unfinished
task can be continued by the relay candidate with 90%-full
energy.

Figure 2 illustrates an example. At vertex a an aerial
vehicle is alerted for low battery before it reaches its
destination f . In between the current and goal locations
there are two available charging stations c and d (with relay
candidates) off the shortest path P0 : a → b → e → f ,
and c and d are on paths Pc : a → c → e → f and
Pd : a → b → d → f , respectively. If we raise the
weights of c and d simultaneously from 0 to δ > 0, once
δ > min(cPc

−cP0
, cPd
−cP0

), the least cost charging station
(c in Fig. 2) will be selected to pass by.

B. Online Deployment Algorithm

We use two thresholds τ and τ0 to classify the aerial
vehicles into three categories (0 < τ0 < τ < 100%).
Specifically, τ0 is a threshold that represents critically low
energy, and τ is situated between τ0 and full charge. We
assume that the charging stations are pre-deployed in the
environment based on certain objectives (e.g., maximization
of communication coverage).

Firstly, an aerial vehicle that hits τ0 needs to stop executing
ongoing tasks and search for the nearest energy resource. In
such a case, charging stations become direct goal points.
Secondly, if current battery level is in between τ0 and τ ,
then the energy constrained path planning is carried out fol-
lowing aforementioned discussions. Finally, aerial vehicles
with battery level above τ plan paths over the navigation
graph with uniformly 0-weighted vertices. In this way, the
produced paths have globally shortest path lengths which
minimize flying energy consumption (11). The re-planning
process is triggered when a task/goal is finished or when an
aerial vehicle hits the τ0 battery threshold. Note, since the
deployment/assignment algorithm has a time complexity of
O(|V |3), the planning and re-planning can be carried out
online.

Algorithm III.1 Online Deployment Algorithm
1: /* Navigation graph G = (V,E) is built, charging

platforms are deployed on G.*/

2: if Re-planning is triggered then
3: if battery level is above τ then
4: Aerial vehicles of this class plan the globally short-

est paths toward the goals. Vertices are 0-weighted.
5: if battery level is below τ0 then
6: These aerial vehicles plan paths directly toward the

nearest charging stations.
7: if battery level is in [τ0, τ ] then
8: Aerial vehicles in this category plan energy-

constrained paths on vertex-weighted G. Task is
relayed if relay candidate has a better energy status.

(a) (b)

(c) (d)

Fig. 3. Demonstration of path behaviors in an exploration scenario. White
space denotes the area that has been explored; dark green areas represent
the unexplored regions. Charging stations are the blue squares. (a) (c) The
globally shortest paths; (b) (d) Paths are modified after embedding the
energy constraints.

IV. SIMULATION RESULTS

Validation of this method is implemented in simulation.
We wrote a custom simulator using OpenGL and ran it in a
GNU/Linux environment. In our experiment, the navigation
graph is simulated by generating vertices in obstacle-free
space and edges that connect nearby vertices.

Figure 3 demonstrates the path changes caused by nearby
charging stations. In Fig. 3(a), the path between the task-
free vehicle (big green node on top) and a goal point (red
target symbol at bottom) is the shortest and thus most energy-
economic. Figure 3(b) shows an example that if the vertex
weight of nearby charging station (big blue square node) is



Fig. 4. Navigation paths on a larger scale navigation graph. Four charging
stations are first deployed in the environment and are thereafter stationary.
Nine aerial vehicles are deployed to the task locations randomly generated
on the boundary of the graph. Upon task completion, new tasks are generated
and re-planning is triggered. The green energy bar above each aerial vehicle
is an indicator of the current battery status. Unfinished tasks are relayed to
the relay-candidates (circled) that are involved in the same paths.

increased, a detour is made to reach the charging station first.
Figures 3(c) and 3(d) illustrate the situation when multiple
vehicles need to be simultaneously assigned. In this example,
asymmetric case is considered, i.e., the number of vehicles
is not equal to the number of tasks (n < m). The result
in Fig. 3(c) shows that two of the three target locations
are optimally selected, and the globally shortest paths are
produced. In Fig. 3(d), both low energy vehicles need to
make detours to some nearby charging stations, and we can
also see that, the goal point for the left vehicle is also
changed due to energy consideration.

High fidelity simulations with more vehicles in larger
scale navigation graphs have been conducted. Figure 4 shows
a navigation graph consisting of ∼ 300 vertices that are
well aligned to better reveal the path behaviors. At any
moment at least 5 goal points are randomly generated on
the border of the navigation graph, and each goal point
requires an aerial vehicle to reach and serve it. Hence,
there are redundant aerial vehicles. The relaying mechanism
deploys the aerial vehicles of better energy conditions to
fly to the goal points while keeping the low-energy ones
on the charging stations∗. The battery discharging curve is
approximated as two piecewise linear segments where the
first segment slowly decreases from 12V to 9V, and the
second segment rapidly drops from 9V to 0V (the real curve
can be found in [3]). The recharging curve here is assumed
as a mirror/inverse process against the discharging curve.

With the proposed deployment and relay mechanisms,
the limited recharging platforms are maximally used. This
is different from the planning without energy constraints,
where at some particular period a charging station might not
recharge anything if all aerial vehicles have battery levels

∗A video of the simulation results is available at http://tinyurl.
com/LiuICUAS2014

(a)

(b)

Fig. 5. (a) The total energy recharged by the aerial vehicles. (b) The
total number of goal points accomplished by aerial vehicles. The maximum
number of goals are reached when τ = 10.

above τ0. Figure 5(a) shows the total energy (in voltage)
obtained by all aerial vehicles. We can see that with a
larger τ , totally more energy is recharged from the charging
stations. More recharged energy reflects longer flying time
for accomplishing the missions.

Figure 5(b) shows the number of goals served/reached by
the aerial vehicles. The curves manifest themselves that a too
large τ produces bad results however. This is because a too
large τ implies a too conservative planning strategy, which
generates unnecessary detours to reach the charging stations
even if the current energy is sufficient.

To investigate the path behaviors, we compare the path
costs with regard to varying vertex weights, see Fig. 6(a).
Specifically, as the vertex weights gradually increase, the
total path cost (for aerial vehicles in the current deployment)
grows too. Both Figs. 6(a) and 6(b) are histograms with
bundles of grouped bars, with each bundle containing five
bars, representing different numbers of available charging
stations in the system. (From left to right, the numbers are
2 to 10 with an increment of 2.) Figure 6(b) shows the
relationship between the average number of relays on each
path versus the vertex weights. This also indicates that, even
though the weights can be tuned to be infinitely large, it is
not necessary that all charging stations will be included in
the paths, which validates Theorem 3.1.

V. DISCUSSION, FUTURE WORK, CONCLUSION

We present the approach under a centralized framework
for a clear description purpose. In practice, communication
among vehicles might be limited by hardware and space. The
proposed method can also be decentralized as long as the
navigation graphs are constructed locally. Local navigation

http://tinyurl.com/LiuICUAS2014
http://tinyurl.com/LiuICUAS2014


(a)

(b)

Fig. 6. The effects of vertex weighting on the total path cost and the
number of relays. The different bar colors represent the different number of
charging stations.

graphs allow the navigation to be planned in a localized
manner, and the merging of local graphs allows better quality
routing solutions to be obtained.

In future work, we are interested in investigating more
complex weighting rules for the charging stations. By further
identifying the diversity of different charging stations (e.g.,
their locations, distribution patterns, and the battery status
of relay candidates on them), better quality navigation paths
might be obtained. In addition, we also wish the ground
vehicles to be more active rather than staying stationary
at some pre-deployed positions: a ground vehicle can also
move toward the low energy vehicle after the energy supply
assignment is made.

To conclude, this paper presents a new planning strategy

that embeds the energy constraints in the multi-MAV deploy-
ments. The method integrates the path planning and optimal
assignment problems through transforming graphs of two dif-
ferent types. Navigation paths involving energy supplies are
produced via a strategic vertex weighting scheme. Simulation
results are provided for a validation of the proposed method.
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