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In this study, we investigate the problem of finding
energy-efficient routes for multiple drones conduct-
ing a surface-wave seismic survey. The survey utilizes
one seismic source and multiple measurement points
spread over a designated area. Each drone carries a
seismometer, and is tasked with visiting pre-specified
points to take measurements of seismic signals by rest-
ing idle on the ground for a set time. Due to this
mandatory idling time, their energy consumption is
not proportional to the flight distance, nor it is pos-
sible to apply standard path minimization algorithms.
To address this issue, we establish an energy consump-
tion model for each drone and propose algorithms to
optimally allocate points to each drone and generate
routes that minimize total energy consumption. The
validity of these algorithms is discussed using numeri-
cal simulations.

Keywords: multi-drone routing, drone applications in
seismic survey, multiple traveling salesman problem,
fuzzy c-means clustering

1. Introduction

In geological investigations, the S-wave velocity struc-
ture is one of the most important measures to understand
the terrain properties. A seismic survey is an exploration
method for estimating the three-dimensional seismic ve-
locity structure (see Fig. 1 for the schematic diagrams of
a manual and automated surveys). If a surface wave anal-
ysis is to be applied, one seismic source system and mul-
tiple receivers are deployed, as shown in Fig. 2. A large
number of seismometers have to be installed over a large
area, making conventional manual installation, as shown
in Fig. 1(a), a very burdensome operation. Therefore, the
use of drone technology to perform this task has been pro-
posed [2], where a single drone carries a seismic source
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and multiple receivers as shown in Fig. 3. However, this
is only applicable to small-scale surveys, usually to inves-
tigate the geological formations.

In this study, we investigate the feasibility of using mul-
tiple drones for large-scale seismic surveys, with approx-
imately 100 measurement points. In our setting, each
drone carries one seismometer to multiple pre-specified
measurement points, as shown in Fig. 1(b). A seismic
source [3] is located at a fixed position and continuously
generates controlled oscillations that can be measured by
each drone upon landing. The drone must stay at each
measurement point for some time in idling mode, i.e.,
stationary on the ground with the power on, so that the
seismometer receives superimposed wave signals to im-
prove the signal-to-noise ratio. This is considered the
main challenge of this operation: the required idle time
depends on the distance from the seismic source, and can
easily exceed 30 minutes when the distance is farther than
500 meters. After each measurement is completed, the
drone takes off and moves to the next measurement point.
This cycle results in significant power consumption at the
expense of the drone’s batteries.

Considering these practical constraints in conducting
seismic surveys using drones, our aim is to examine the
feasibility of a large-scale drone-based seismic survey.
For this purpose, we start by formulating the problem
based on a multiple traveling salesman problem (mTSP).
The TSP aims at finding the shortest possible path for
a salesman that visits all the nodes in a graph exactly
once and returns to the initial node. It can be applied
across many areas in logistics, spanning from the tradi-
tional shortest-path formulation [4] to more specific prob-
lems such as medical logistics [5] and truck-drone deliv-
ery systems [6,7].

In this study, we develop a tailored algorithm to pro-
vide a (sub)optimal path for each drone, focusing on bat-
tery consumption. The flight distance, as previously dis-
cussed, does not reflect the total energy required to com-
plete a seismic survey cycle owing to the mandatory idling
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Fig. 2. S-wave velocity structure obtained by a seismic sur-

vey. The star and dots show the locations of the seismic
source and seismometers, respectively [1].
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Fig. 3. Drone with multichannel seismic array [2].

time, in contrast to most TSP-based formulations in logis-
tics that are usually distance-based.

The authors have previously developed two algorithms
towards optimizing seismic surveys [8]: while one of
them has all drones patrolling without battery recharging,
the other considers battery recharging at the starting point.
The former method was used to estimate the minimum
number of drones required to complete the seismic sur-
vey without battery recharging. The latter provides near-
optimal routes with recharge planning when the number
of drones is limited. In these algorithms, the idling time
at each point was set to be the same as the maximum re-
quired time in the survey area, regardless of the distance
from the seismic source. However, particularly when the
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survey area is large, the required idling times differ sig-
nificantly between points closer to and farther away from
the source. This study extends the results reported in [8]
to accommodate these situations. These algorithms in-
volve solving an mTSP. As in [8], we utilize a heuristic
approach based on the method proposed by [9], using the
fuzzy c-means clustering [10]. There have been a vari-
ety of exact and heuristic solution methods proposed for
the mTSP problem, which have been well classified and
reviewed in recent extensive surveys, such as [11-13].
Exact methods guarantee the return of an optimal solu-
tion with an inevitable curse of dimensionality. Heuristic
methods, on the other hand, return a solution within a rea-
sonable time but do not guarantee optimality. By devel-
oping an algorithm that is suitable for a particular class
of problems, it is possible to obtain a high-quality solu-
tion that can be solved in a reasonable computational time.
The method reported by [9] returns a solution that equal-
izes the cost of each salesman. Applying it to the problem
addressed by our study, this leads to a shorter survey time
and minimized consumed energy, which is beneficial. The
developed algorithm is then used for the feasibility study
of a drone-based large-scale seismic survey through nu-
merical simulations using the specifications of a commer-
cial drone.

The remainder of this paper is organized as follows.
Section 2 defines the problem and energy consumption
model for each drone. Based on this model, the proposed
algorithms are developed in Section 3 as a three-stage
process, with each stage described in a dedicated subsec-
tion. Section 4 shows the efficacy of the proposed algo-
rithms using numerical simulations. Section 5 concludes
the study.

2. Problem Setting

The problem consists of n > 2 drones taking off from
the same starting point, efficiently visiting N > n mea-
surement points, and finally returning to their original
point. The starting point is assumed to be a depot with
charging facilities, and the seismic source is located there.
The index set of drones is denoted as & = {1,...,n} and
that of the measurement points as .# := {1,...,N}. The
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preliminary phase of the paths generation plan consists
of partitioning the set .# into n mutually disjoint subsets
M, ..., My, each assigned to one drone in such a way
that the total energy estimated is minimized. The out-
come is used as an educated guess for initialization at a
later stage, when energy limitation and battery recharging
issues are accounted for.

2.1. Energy Consumption Model

Owing to the mandatory idling step, the energy con-
sumption of each drone is not proportional to their flight
distance. To reflect this feature, we consider the follow-
ing total cost for drone k for moving from measurement
points i to j:

Eij=EP+EXS+EC™+ES, 00 D)

where E;:p and E,?OW“ are the energies consumed by a
drone ascending to and descending from a certain posi-
tion, respectively; E,f"lvf is the energy consumed in the for-
ward flight from point i to j; and E,‘cd;e is the energy con-
sumed by idling at point j. A suitable height for each
drone is assumed to be pre-specified by the user; for ex-
ample, setting different heights for each drone ensures
collision avoidance. We also consider an idling energy
E ,‘cd}e at measurement point j, which is proportional to the
distance from the seismic source to point j, taking into
account that the surface wave energy is inversely propor-
tional to the distance travelled.

2.2. Energy-Minimizing mTSP Cost Function

The total cost associated with a predefined partition
(A, ..., M) is given by the sum of all the energy con-
sumed by each drone k when surveying all its assigned
measurement points .#; and flying back to the depot
as efficiently as possible. To account for the starting
point, an index 0 is assigned to the depot and denote
M = A U{0} and similarly .#} = 4, U{0}, k € 2.
Additionally, because no idling is necessary at the depot,
E,if_‘(l)e =0is setfor all k € 2. Binary variables &;; are intro-
duced to represent whether a path from point i to j exists
(i, j € .#); this value is determined as follows:

Z:Ek
n p——
mn E:=Y Y Eu & . ... (Qa)
2 k=Li jedty, j#i
subjectto Y ;=1 i€.My, ke . (2b)
JEM i
25,']':1 jG%k,kG.@ . (20
i€EM i ]
5ij:0 i€My, jE€ M, LF£k . (2d)
8;e{0,1} ijeds. . . . . ()

Here, (the optimal value of) Ej is the total energy con-
sumed by drone k starting from the depot, conducting
measurements at all its allocated points in .#, and re-
turning to the depot. Constraint (2c) enforces that each
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point in .#} is reached exactly once; and Eq. (2b) that
one arc leaves from each point exactly once. Together,
both constraints ensure that the optimal paths are always
closed loops. Constraint (2d) ensures that each drone vis-
its only the points in its assigned cluster, and Eq. (2e) is a
binary constraint.

3. Path Generation Algorithms

The paths generation protocol is divided into three
stages. The first stage consists of a conventional cluster-
ing, which is simply based on the topological distribution
of the nodes that have no influence on the energy used.
The outcome becomes an educated starting point of a sec-
ond phase, where each drone is assigned to a cluster in
such a way that an evenly distributed total energy con-
sumption across the entire drone fleet is achieved, based
on model (2). After the cluster optimization in this second
stage, the clusters are no longer modified. The algorithm
then generates the optimal trajectories for each drone, by
considering their battery capacity, in the third and final
stages, generating multiple loops through the depot for
recharging as needed. Each of these stages is discussed in
separate subsections. The general framework is similar to
that proposed in [8]. To better accommodate the distance-
based idling time, this study further introduces a suitable
weighting and area geometry coefficient for initial area
clustering, which is elaborated in the next section.

3.1. Initial Area Clustering

We start by dividing the N measurement points into n
areas using the fuzzy c-means clustering method. Unlike
hard-clustering methods, which assign each data point
to only one cluster, this method allows each data point
to belong to multiple clusters with different degrees of
membership. For example, a data point that lies close to
the centroid of a cluster has a high degree of member-
ship, but possibly it also belongs to other clusters with
lower degrees of membership. Departing from the origi-
nal method [10] and our previous method [8], herein we
introduce weights w;, as in Eq. (3), to prioritize corner ar-
eas. The choice of the weights is based on the seismic
source (and starting point) being located around the cen-
troid of all measurement points. To cover more remote
corners, the coefficient y > 1 is also a novelty introduced
in this model, which is used to control how the position
of the centroids spreads farther from each other and from
the centroid of the entire area. As a successful heuristic in
our experiments, Yy = 1.4.

This flexibility is exploited in the second stage, which
is discussed in the next subsection, and aims at equaliz-
ing the energy consumption across each drone as much as
possible towards reducing the total survey time. For this
reason, it is advantageous not to strictly assign each point
to a single area during the initial clustering phase because
there is room to further optimize the energy consumption
of each drone during the path generation phase. This point
is further clarified below.
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The fuzzy c-means clustering method is formulated ac-
cording to the following minimization problem:

n N
minimize JOC(vaa> = Z Z(uki)a”pm,i_pa,k”z
k=1i=1

n
subject to Zuki: 1,i=1,...,N,
k=1

where p, ; € R? is the centroid of area k in the coor-
dinate system .7 = (ey,e,), p, = [pll--- p;n]T € R,
and p,; € R? denotes the position of point i. u;; € R
defines the membership degree of point i to area k and
U = [uy;] € RN, The membership degree uy; lies in
the interval [0, 1]. The closer the membership degree is
to 1, the stronger the point belongs to the area. o > 1 is
the parameter that controls the spread of membership de-
grees. In general, when « is close to 1, the centroids of n
clusters tend to be distributed uniformly, whereas a large
« gives centroids more concentrated on the center of the
whole area. In other words, if & is too large, the mem-
bership degrees of the points located far from the center
have similar values across all clusters. In our application,
this may result in the overlap of exploration areas and in-
crease the risk of flight path crossing. To minimize this
risk, we choose o values that are close to 1. Given «, a
heuristic solution method for this minimization problem
yields the membership degree matrix U and the centroids
vector p, [10], as shown in Algorithm 1.

3.2. Energy Constraint-Free Multiple TSP

Based on the results obtained from the fuzzy c-means
clustering, we assign the set of points whose membership
degrees of area k are above a certain threshold 8 € [0, 1]
as the initial measurement area covered by drone k, which
is:

MO ={ie Mug>BY, ... ... .. ©

where 3 is selected so that the following conditions hold:
MO0 =0 Vk£e ... ()
Jal . .o ®
k=1

Condition (7) ensures that no point is visited by more than
one drone, while condition (8) allows more flexibility for
path generation so as to better account for energy con-
sumption. The larger the value of 3, the more points re-
main unassigned, which leaves room for energy equaliza-
tion at a later stage of the algorithm.

Once the initial areas are assigned to the drones, the
TSP! is solved for each initial area //lk(o), k=1,...,n,
and the corresponding energy consumption E; of each
drone is computed. Then, we iteratively distribute the

1. Any standard TSP solution method can be used for this purpose. In
this study, we employed a zero-one integer programming with iterative
subtour-elimination process in the subsequent section for numerical sim-
ulations. The computation time was about 10 s for all the examples, using
the following computer settings: AMD Ryzen 5 3600 with 6 CPU cores,
3.60 GHz base clock, and 16 GB RAM.
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Algorithm 1 Fuzzy c-means clustering (adapted
from [10]).
Input Initial U ©) satisfying Y/ ug; = 1

Area geometry coefficient y > 1

Output Membership degree matrix U = [uy]
Centroids vector p, = [p, 4]

Repeat for s =1,2,...
Step 1.1 Set the centroid of area k as

i (”Sfl)) apm,iwi

P;(:/Z = ’yi:1 N ) kzl,...,l’l,
(s—D)\*
Z(uki )
i=1
gl
wherew; == —==—— . . . . ... ... 03

j=1

Step 1.2 Set membership degree of point i to area k as

1
u;(j)z 6\ @t k=1,...,
=1 Hpm,i - ngl) H

(s) ug)

normalizing u;; < —*—,i=1,...,n, so as to ensure
=14
(5) V()
S N
wy €0,1] and Y wui=1 . ... &
k=1

Step 1.8 If the condition

u,((‘;)—u,((‘i_l)Hgs N )

(s)

W and p, + [p\")]

is satisfied, return U « [u,;

points in .Z \ Uj_, #., i.e., the ones not yet assigned
to any drone, to an appropriate cluster, to achieve energy
consumption equalization. More specifically, if drone ¢
returns the minimum energy consumption among all the
drones, the unassigned point with the highest membership
to area { is assigned to area ¢. This process is repeated
until all measurement points are assigned; the details are
provided in Algorithm 2.

The results of point allocation to each drone could be
manipulated by selecting appropriate ¢, 3, and v. How-
ever, it is still difficult to allocate the points located at the
corners of the survey area to an appropriate drone. This
motivates the introduction of the weights, w;, as in Eq. (3).
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Algorithm 2 Multiple TSP.
Input

Membership matrix U = [uy,] from Algorithm 1

Output Measurement areas (.#},)
Optimal paths (7)

Step 2.1 Set the initial area ///k(o) for each drone k =
1,...,n as in Eq. (6) with B chosen so that Egs. (7)
and (8) hold

Step 2.2 For each initial area %k(o)’ k=1,...,n, compute

optimal path n'l(co) by solving a TSP and compute the

energy consumption Ej of drone k as in Eq. (2a)
Repeat forr =0, 1,...
Step 2.3 If U;_; ///k(t) = ./ (all points are assigned)
return (.2;) < (/") and (m;) < (2

Step 2.4 Select drone ¢ € argming g E; and an unas-

ign int j € argm i, and 1
signed point j € arg axiE%\U}Z:pﬂk(t) uy;, and leave

Y = ) and 7Y =2 vk £

Step 2.5 Solve a TSP on area //lg(H_l) = //E(I) u{j} to

compute an optimal path n‘é”l), and update the energy

consumption Ey of drone ¢ as in Eq. (2a)

Algorithm 3 Seismic survey protocol of drone k.

Input  Area ./} and path Ty = (%1, ..., Wx |.z7,|)

from Algorithm 2
While .7, # 0
Step 3.1 Perform the survey along the first ipax points of
path &y, where i is as in Eq. (9)

Step 3.2 Redefine . < 4} \ {n:k’l yeers ”k7imax} and re-
compute 7y by solving the TSP for ., U {0}

3.3. Individual Path Optimization with Battery
Recharging

Using the solution method proposed in Algorithm 2,
we obtain an upper bound on the required number of
drones to complete the survey. In this subsection, we
consider the case where the number of available drones is
less than this upper bound, which means that, to complete
the task, drones need to return to the depot for recharging
their batteries.

In contrast to Algorithms 1 and 2, this last stage can be
accomplished in parallel by each drone as the measure-
ment areas are pairwise disjoint and remain unchanged.
In other words, each drone k € 2 will individually im-
plement the proposed Algorithm 3 based on its measure-
ment area .# and optimal TSP path 7, retrieved in Al-
gorithm 2. The rationale behind this is as follows.

If the drone has sufficient battery to pass through all the
measurement points in &y and return to the depot, then it
simply performs the entire route and terminates. Other-
wise, it only visits as many points as it can survey along
T, without compromising a safe return to the depot. Once
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this partial survey is completed, the visited points are re-
moved from area .#, and a new (single-agent) TSP is
solved to update the optimal path &;. After this, the pro-
cess is repeated as many times as needed until all points
have been visited. The number of points that can be sur-
veyed in one round is given by:

imaX::argmax{ﬂE,ffSE}(“"‘X}, N )

where E ,:r ¢ denotes the energy consumption of drone k for
visiting the first i points of path 7; and returning to the
depot, and E"™* is the maximum energy that drone k has
available to operate. The overall process is synopsized in
Algorithm 3. Note that iy is well defined, provided that
each drone has enough energy to travel (at least) to any
point, perform the survey there, and return to the depot.
Thus, this condition is thus assumed throughout.

The time required to charge a battery does not affect
the solutions found because the cost function is given by
the energy required to visit all points, take measurements
and return to the depot. However, this does affect the total
survey time. Hence, returning to the depot before fully
depleting the batteries may prove to be more efficient.
Different strategies that consider the optimization of to-
tal survey time are being considered for future work. In a
special case, where the charging time is negligible (such
as when batteries are directly replaced), there is a strong
correlation between our solutions and short survey times,
as mentioned in Section 1.

4. Simulations

In this section, we demonstrate the efficacy of a sequen-
tial implementation of Algorithms 1, 2, and 3 through
numerical simulations. We consider a survey area of
1 x 1 km? for a surface wave analysis with N = 100 mea-
surement points. We assume that the depot and the seis-
mic source are both located at the center of the area. This
is a standard assumption in practice: i) since various de-
vices such as data loggers are also placed near the seismic
source, it is natural to use this location for the depot; and
ii) because a GPS clock is used together with the seismic
source, an open-sky location is commonly chosen, which
is also appropriate for a drone base. Placing the seismic
source at the center is also reasonable because of its en-
ergy efficiency; if placed in a corner, the distance to the
furthest seismometer would increase, hence requiring a
larger seismic source. Regardless, the algorithm can also
cope with arbitrary positions of the depot and the seismic
source by modifying the weights w; and area geometry
coefficient y in Algorithm 1.

The chosen drone model was a Phantom 4 Pro of DIJI,
its specifications of which are listed in Table 1.% Its bat-
tery power capacity of 89.2 Wh is then converted to the
battery capacity E max of 321.1 kJ for any k € 2.

The energy consumption of each flight mode, E,”,

2. https://www.dji.com/phantom-4-pro/info#specs [Accessed December 1,
2021
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Table 1. Specifications of the drone Phantom 4 Pro.

Maximum ascent speed 6.0 m/s
Maximum descent speed 4.0 m/s
Maximum forward speed 5.6 m/s
Battery power capacity 89.2 Wh

Table 2. Energy consumption of drone k to move from
point i to point j per flight mode in Eq. (1).

E”  297(2k—1.5) [J]
EN 321 pmi — pm,jll U]
Efovn  356.8(2k —1.5) [J]
Ede 600t; []

500

y [m]
[«

-500
-500 0 500

x [m]

Fig. 4. Required drone idling time in the survey area, based
on the distance from the seismic source.

Eif}”d, E,‘j"“’“, and E}dle is calculated based on the values

reported by [14] and listed in Table 2. E;” and E{°*" are
set differently for each drone so as to avoid collisions, us-
ing a 2 m gap between each drone, starting from 0.5 m.
tj [min] in E idle Jenotes the measurement time required at
point j while the drone is idle. As previously mentioned,
the required measurement time is inversely proportional
to the distance from the seismic source. We set the time
as in Fig. 4, where the seismic source is located at the ori-
gin, i.e., fora=1,...,6 and dyax = 500/2 m. t; is given
by:

a—1 a
t] =5a for Tdmax < ||pm7J|| S gdmax.
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4.1. Without Battery Recharging

We start by considering the case where plenty of drones
for the survey exist. Using Algorithms 1 and 2, we
find that the smallest number of drones required to com-
plete the survey without recharging the battery is n* = 5.
Fig. 5(a) shows the paths obtained for n = 5 by setting
the parameters ¢, 3, and y in Algorithm 1 as o = 1.35,
B =0.6, and vy = 1.4. As shown in the table therein,
all the drones satisfy the battery constraint £ < E™* =
321.1 kJ. We also note that the energy consumption is ap-
proximately the same among all the drones, which is ideal
to attain the shortest completion time.

Remark. In [8], a numerical study was conducted for a
similar setting with the only difference being the idling
time, which was set to 30 min at all the measurement
points. The value of n* was computed as 9, which is al-
most double the number obtained in this study.

4.2. With Battery Recharging

The final case we look at considers that the number
of available drones is less than the minimum number re-
quired to complete the entire survey without any drone
recharging its battery. Here, we set n = 3 < n*. Fig. 5(b)
shows that the paths obtained by Algorithms 1 and 2 for
a=1.1,  =0.8, and y = 1.4, i.e., without considering
the energy consumed, resulting in all the drones violating
the battery constraint £y < E"™* = 321.1kJ. The paths in
Fig. 5(c) are instead obtained by a subsequent application
of Algorithm 3, which, to account for battery limitation,
recommends two loops for each drone to fully complete
the task.

5. Conclusion

Herein, we propose a heuristic algorithm that can gen-
erate energy-minimizing paths for multiple drones, op-
erating in tandem to conduct a seismic survey by carry-
ing a seismometer and taking measurements at points dis-
tributed across a large area. The need for each drone to re-
main idle at measurement points over varying periods of
time, depending on the proximity to the seismic source,
leads to the energy consumption not being proportional
to path length. This variation of the optimization algo-
rithm was not yet available for this specific application.
To address it, we extended the algorithm proposed by [9]
to approximately solve a standard mTSP problem while
attempting to equalize the path length between salesmen.
Finally, to account for the limited battery capacity of each
drone, the algorithm was further enhanced with a final
step that prescribes the optimum return routes for recharg-
ing of each drone based on their individual capacity. Nu-
merical simulations demonstrated the validity of the pro-
posed algorithms for their use in automated seismic sur-
veys.

We note that this study considered a surface wave anal-
ysis. In this case, only one seismic source at a fixed po-
sition is sufficient. However, if body wave information is
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(a) Output of Algorithm 2 with n = 5. Five
drones are enough to complete the whole
task without recharging the battery.
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(b) Output of Algorithm 2 with n = 3. The
energy required to survey all points exceeds
each drone’s capacity.
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(c) Output of Algorithm 3 with n = 3. By

recharging once, two loops (solid and dotted

lines) suffice to complete the survey.

Drone k 4  Ei [K]] Drone k .4  E; [K]] Drone k  .#}  Ej [k]] per loop
Drone 1 @) 306.5 Drone 1 @) 470.2 Drone 1 3109 1745
Drone 2 X 310.0 Drone 2 X 468.0 Drone 2 X 309.0 163.1
Drone 3 A 301.5 Drone 3 A 467.8 Drone 3 A 313.9 165.4
Drone 4 || 304.8
Drone 5 w 303.9

Fig. 5. Comparison of the optimal paths for different numbers of available drones with/without battery recharging. The energy con-
sumption detailed in the tables shows how the equalizing effect of Algorithm 2 is inherited by each path generated by Algorithm 3.

required for the seismic surveys (e.g., in seismic reflection
or refraction surveys), the seismic source would also need
to migrate during the process. Recently, a new seismic
source has been developed that is sufficiently small to be
mounted on a drone [3]. This offers a promising direction
for future studies in this field, by developing further al-
gorithms that can optimize both seismic-source migration
and measurements using multiple drones.

Through the numerical studies, it also became apparent
that the drone energy consumption due to the mandatory
idling time is significant. Therefore, the use of a commer-
cial drone for this purpose may not be the best choice, but
instead the development of a drone with much lower en-
ergy consumption while idling may be more suitable for
practical use in seismic surveys.
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