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Abstract—Wind power is a clean and widely deployed alterna-
tive to reducing our dependence on fossil fuel power generation.
Under this trend, more turbines will be installed in wind farms.
However, the inspection of the turbines in an offshore wind
farm is a challenging task because of the harsh environment
(e.g., rough sea, strong wind, and so on) that leads to high risk
for workers who need to work at considerable height. Also,
inspecting increasing number of turbines requires long man
hours. In this regard, unmanned aerial vehicles (UAVs) can play
an important role for automated inspection of the turbines for
the operator, thus reducing the inspection time, man hours, and
correspondingly the risk for the workers. In this case, the optimal
number of UAVs enough to inspect all turbines in the wind
farm is a crucial parameter. In addition, finding the optimal
path for the UAVSs’ routes for inspection is also important and
is equally challenging. In this paper, we formulate a placement
optimization problem to minimize the number of UAVs in the
wind farm and a routing optimization problem to minimize the
inspection time. Wind has an impact on the flying range and
the flying speed of UAVs, which is taken into account for both
problems. The formulated problems are NP-hard. We therefore
design heuristic algorithms to find solutions to both problems,
and then analyze the complexity of the proposed algorithms.
The data of the Walney wind farm are then utilized to evaluate
the performance of the proposed algorithms. Simulation results
clearly show that the proposed methods can obtain the optimal
routing path for UAVs during the inspection.

Index Terms—unmanned aerial vehicle (UAV), offshore wind
farm, inspection, placement and routing problem, heuristic algo-
rithm.

NOMENCLATURE

A. Sets and Indices

1,7 UAV index.

k,l Turbine index.

T Total number of turbines in the wind farm.
N; Set of turbines for UAV ¢ to inspect.
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N
w

Number of candidate UAVs in wind farm.
Set of wind data.

B. Variables

Vik,l

UAV velocity for UAV ¢ flying from turbine % to
turbine [.

[|Vi.k,i||2Airspeed of UAV ¢ flying from turbine k to turbine

Si k1l

L.
Resultant velocity for UAV ¢ flying from turbine
k to turbine [.

[|si,x,1]|2 Groundspeed of UAV ¢ flying from turbine k to
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turbine [.

Time for UAV ¢ flying from turbine k to turbine [.
Angle between s; ;,; and w.

Angle between s; ;. ; and v; . .

Binary vector indicating the UAV state.

Binary matrix indicating the link between UAVs
and turbines.

Binary matrix indicating the communication link
between UAVs.

Binary matrix to indicate the m-th route of UAV 1.

C. Parameters

qx(d:)
W
eg}et
eﬁol
Ws
u;naw
t;nal‘

wind

Uy

Coordinates of turbine k& (UAV 7).

Wind velocity.

Wind direction obtained from wind data.

Wind direction represented in polar coordinates.
Wind speed obtained from ||w||s.

Maximum flying speed of UAV <.

Maximum flight time of UAV 1.

Maximum resistance to wind of UAV 3.

d; ;(d; 1 )Distance between UAV ¢ and UAV j (turbine k).

BY (pi)
Z;

p

d

Flying distance of UAV 1.

Flying range of UAV : under given w and p;.
Intersection of flying range under different w.
Maximum number of turbines for UAVs to inspect.
Maximum distance for obtaining a communication
link between two UAVs.

Number of routes to perform turbine inspection.
Adjacency matrix for a graph constructed by UAV
i and ;.

Threshold of hourly average wind speed so that
hourly wind gust does not exceed u2"<.
Optimal routing path without considering ¢"%*.
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D. Operators

| -] Cardinality of set.

[|-|l2 Two norm of a vector.

0 Zero vector.

Cyygy Submatrix that is taken from C with the row
index in set f and the column index in set g.

Other notations are defined in the text.

I. INTRODUCTION

ITH increasing influence of wind power in the energy

ecosystem, the capacity of the global wind power is
expected to grow by 60% over the next 5 years [1]. The
overall capacity of all wind turbines installed in the first half
of 2019 in Europe has reached 4.9 GW [2]. This is the same
amount as the wind power generation capacity installed for
the whole year of 2018. However, with a large number of
wind turbines, inspecting and maintaining the condition of
the turbines becomes a challenging task. Turbines may suffer
failures from different components, such as blades, gearbox,
yaw system, and so on [3]. The authors in [4] reported that a
blade failure could result in a downtime of more than seven
days.

Advanced sensors have been introduced to monitor the
operation and the health condition of wind turbines [S]]—[S]].
For instance, in [35], fiber optic sensors were used to monitor
the operation of wind turbines. Lidar sensors were used to
detect cracks on the blade in [6]]. Other technologies used
for monitoring and analyzing the conditions of wind turbines
are thermal wave radar [7] and millimeter wave imaging
[8]], respectively. Other researchers have developed algorithms
for detecting the failure of turbines. For instance, in [9],
the authors utilized a deep neural network (DNN) to detect
the failure of the gearbox. The convolutional neural network
(CNN) was introduced to detect the icing on the blade in [[10].

From [5]—[10]], we can observe that the detection mecha-
nisms are rather advanced. However, the main challenge is
to optimally place the sensors [5]-[8] or to acquire data [9],
[10]. For the onshore wind farm, the sensors can be installed
near the turbines and then transmit the measurements back
to the control center through an aggregator. However, this
method is not suitable for an offshore wind farm because the
sensors cannot be easily installed on the sea. Currently, it is
necessary to dispatch qualified service personnel to manually
inspect turbines in offshore wind farms. This procedure may
take several days to several weeks, requiring intensive and
costly efforts. Moreover, workers may be subjected to the risks
associated with climbing wind turbines and working at height.

Automated inspection of turbines is a solution that can
address these issues. In this case, the unmanned aerial vehicle
(UAV) can play a crucial role. UAVs have been widely applied
for the automated inspection for energy systems [11[]—[17]. If
there is dust on the solar panel, the power generation of the
solar panels can be influenced. The authors in [[11]] proposed a
framework for utilizing UAVs to monitor the condition of solar
panels. Regarding wind turbine blades, cracks on the surface

can be detected with the help of images taken by the UAVs
[12], [[14]]. Automatic meter reading is another application of
UAVs in power systems, that was studied in [13]]. The damage
of a power line can also be detected by UAVs [15] so that
workers do not have to climb the transmission line tower.
Moreover, defects of power insulators can be detected by
images captured by UAVs and CNN [16]. In [17], the authors
combined UAVs with fault indicators. If there is a damage on
the distribution line, fault indicators can send a signal to the
UAV, and then the UAV can help to transmit the signal back to
the operator. This is similar in wireless communication where
the UAV can be regarded as a relay to transmit the signal
(18[I-[20].

Most of the studies mentioned above focused on how to
route UAVs to collect the data. That is, there are several
targets for UAVs to collect data from, and therefore the
UAV has to find the optimal path to route. For example, the
authors in [18] jointly minimized usage of time and bandwidth
to find an optimal path for routing. Then, maximizing the
average secrecy rate to secure the communication link between
users and UAVs was considered in [19]. The authors in [20]
further minimized energy consumption while ensuring that
the throughput requirements of the users are met. However,
the placement of UAVs can significantly influence the routing
results. Therefore, the placement problem such as finding the
optimal number of UAVs and deriving the optimal topology
for UAV placement should be considered as discussed in [21]-
[23]]. The authors in [21]] proposed two algorithms to minimize
the time for UAVs flying to the specific locations to serve
mobile users. Specifically, the first algorithm minimized the
flight time, and the second algorithm incorporates fairness
of allocating transmitting power to users while minimizing
the flight time. In [22], K-means clustering was applied to
find the optimal locations and the number of UAVs such that
the desired area can be covered with a minimum number of
UAVs. In [23]], the authors applied an algorithm to predict the
future throughput requirements of the users. Then, the optimal
number and the topology of UAVs are determined based on
the prediction.

In this paper, UAVs are adopted to perform automated
monitoring of wind farms. Specifically, UAVs equipped with
sensors, such as Lidar, millimeter wave, or thermographic
sensors, can monitor the surface condition of turbines. Then,
we address the placement problem of UAVs in an offshore
wind farm and find the optimal routing path for turbine
inspection by utilizing UAVs. Some related research works
have focused on visiting targets utilizing multiple UAVs [[18]|—
[20] and placing UAVs for the optimal topology [21[]-[23].
However, the placement and routing problems of UAVs in off-
shore wind farm have not been studied. Especially, the random
realization of an extreme weather event in the offshore wind
farm was not considered in those studies. That is, compared to
the onshore situation, wind in offshore wind farms is known
to be stronger on average. The influence of wind speed and
wind direction in offshore wind farms is considerable and
is important to consider for the UAV placement and routing
problems. The UAVs may crash if the wind speed is over the
maximum wind speed resistance of the UAVs during turbine
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inspection. Also, wind speed and wind direction impact the
flying speed and flying range of UAVs. We then introduce a
mathematical model that addresses the relation between wind
speed, wind direction, and UAVs. This model is essential
to consider when formulating the placement and the routing
problems for offshore wind farms. The formulated problems
are NP-hard, and therefore we design heuristic algorithms to
solve both problems that also take the mathematical model
into account.

Overall, the main contributions of this paper are threefold:

o We present a novel framework for inspecting the wind
turbines in the offshore wind farm by utilizing UAVs.
Then, two optimization problems are formulated for the
placement and routing problems, incorporating wind as it
can considerably influence the flying range and the flying
speed of UAVs.

e The formulated problems are NP-hard such that they
cannot be solved directly. Therefore, we design heuristic
algorithms to obtain the required number and the topol-
ogy of UAVs in an offshore wind farm and the optimal
path for the inspection.

o We also analyze the complexity of the proposed algo-
rithms. With the proposed methods, the placement prob-
lem can be solved in polynomial time, and the routing
problem can be solved with lower complexity compared
to the brute-force method.

II. SYSTEM MODEL
A. Wind Farm and Wind Model

The total number of turbines in the offshore wind farm is
T. The coordinates of the k-th turbine are qi = |2k, yx]- The
wind velocity is denoted by w = [w”, wY]. The projection
of the wind velocity on the x-axis and the y-axis are w”
and wY, respectively. Quantity w, represents the wind speed,

which can be calculated as ws = ||w||2. The wind direction
in the polar coordinate system is denoted by 62°!, which
can be calculated from 62° = arctanw— The definition

of 9r° is different from the wind direction of the mete-
orological measurements. Therefore, the wind direction in
the meteorological measurements is denoted by 67!, In the
meteorological measurements, 0, = 5. T, and 37” are used to
represent the north, the east, the south, and the west wind,
respectively. Thus, the phase is represented in a clockwise
direction. In the polar coordinate system however, the phase
is represented in a counterclockwise direction. Therefore, 62

and ¢ are related as

grol — 3£

b 5 gmet, €))

B. UAV Model

In an offshore wind farm, we place UAVs to monitor the
condition of the turbines. Each UAV should inspect the wind
turbines assigned to it. UAV 4 will be placed at q; = [z;, ¥4,
and the set of the turbines assigned to UAV ¢ is denoted by
N;. Then, |NV;| represents the cardinality of set N;.

When UAV ; flies to inspect a wind turbine, it may face two
wind conditions, namely tail wind and head wind, as shown

- | ]
w
,;" Sikl Vikl |Sikl
Vi,k,l‘ . \
(a) tail wind (b) head wind

Fig. 1. The relation between UAV and wind.

in Fig. [T} The condition of the wind is to be considered in the
decision-making of the UAV. We define s; 11 = [s7}.;, 57 /]
and v, ; = [vf k,l’viy,k,l] as the resultant velocity and the
UAV velocity of UAV ¢ flying from turbine k£ to turbine [,
respectively. Components s K and v7, , are the projections
on the x-axis, and sy, , and v! ) are the projections on the
y-axis. The UAV ve1001ty is the ‘initial velocity of the UAV,
and the resultant velocity is the velocity influenced by the
wind. The relation between the UAV velocity, the wind, and
the resultant velocity is expressed as

Vikl+W =58 )

and groundspeed, respectively. UAV ¢ has the maximum speed
limit of u[***. Usually, u;*** is referred to as the maximum
value for the airspeed. However, UAVs may not remain stable,
and the structural capacity of UAVs may degrade if UAVs fly
at too high groundspeed. Therefore, airspeed and groundspeed
are both limited to »}*** in this paper. Specifically, for the tail
wind situation in Fig. [T(a), the groundspeed is limited to this
value. Then, when the UAV faces a head wind, the airspeed is
limited to uj"***. The angle between s; ; and v; ,; is denoted
by 0. ;- Also, 87", is used to represent the angle between w
and s; 1, ;. For UAV 1, the maximum wind speed resistance is
denoted by u"e,

The time for UAV 1 to travel from turbine k£ to turbine [
can be calculated as

HQZ_QkH?

tikl = ———-
IEI|P

3)
There exists also a maximum flight time for UAV ¢ denoted
by ¢7*%*, which represents an upper limit of the total flight
time during the inspection. The distance between UAV ¢ and
UAV j is denoted by d; ;, and the distance between UAV 1
and turbine k is represented as d; j.

IIT. PROBLEM FORMULATION

In this section, we formulate a placement optimization
problem to obtain the required number of UAVs in the
wind farm and the corresponding topology. Then, a routing
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optimization problem is formulated to find the optimal path for
the inspection. Wind is a very important factor in determining
the flying range and flying speed of UAVs. Therefore, the
influence of the wind is incorporated in both problems.

A. Placement Problem Formulation

We introduce an important parameter of UAV ¢, namely the
flying range. Here, the UAVs are assumed to fly at the same
altitude, and therefore the z-axis can be ignored. The flying
range of UAV i under the wind condition w can be expressed
as

BY¥(pi) = {z,y e R:||r|[2 < ps}, 4)

where
r=[r—z,y—y] 6))

Quantity p; is the actual flying distance of UAV ¢, which can
be calculated by
u;ﬂaa:tgnaz

P (6)
assuming that the UAV can fly from and then back to the start-
ing point at maximum flying speed, «;***, during maximum
flight time, ¢7***. However, ¢;*** is undetermined to the UAV
because it is influenced by .***. To obtain the value of p;,
an analytical model is introduced in Appendix [A]to determine
u*** and t7"*". The flying range of the UAV is regarded as
a circle, with x,- and ¥, as the center of the circle, which is
calculated as

Pi =

{ Ty = Ty + WL,

7
Yr = Y + WO, @

The flying range of UAV i is influenced by different wind con-
ditions. Thus, the flying range of the UAV is the intersection
of the flying range under different wind conditions, i.e.,

Zi =\ BY (p:)- ®)

Initially, a total of N candidate UAVs are placed in the
wind farm. We then introduce matrices A = [a;]ixn,
B = [bix]nxr, and C = [¢; j]nxn to denote the states of
candidate UAVs, the association between UAVs and turbines,
and the communication link between UAVs, respectively. Here,
a; is set to 1 when this candidate UAV should be placed in
the wind farm, and the candidate UAV should be removed if
a; is 0. Also, a docking station [24ﬂ is placed together with
the UAV so that the UAV can charge or swap its battery. If
turbine % is assigned to UAV 4, b; j, is set to 1; otherwise, b; j
is 0. When determining the topology of the UAVs, we need to
ensure that the UAVs can maintain communication links with
each other. By doing so, the collisions between UAVs can be
prevented [25], [26]. Quantity c; ; is set to 1 if UAV 7 and j
obtain a communication link.

The objective function is to minimize the number of UAVs
that should be placed in the wind farm. Therefore, the place-
ment optimization problem takes the form:

N
> " a;

i=1

min

9a
A B,C,z;,y; a)

Uhttps://www.airoboticsdrones.com/

subject to a;, bi,k>ci,j € {0, 1}, Vi, k,7 (9b)
N
D> bk <1, VE  (9c)
i=1
T
> bk <p, Vi (9d)
k=1
[2k, yr] € Zi Vb =1 (%)
[xhyz] € {[Ikvyk}} Vbi,k =1 (9f)
bir < aj, vk (9g)
N M
S bix =T, (9h)
i=1 k=1
N
Z cij>1, Va; =1 (9i)
J=1,5#i
V@i — a2+ i-y)2<d Vi ©)

Quantities a;, b; , and c¢; ; are defined as binary variables
in (Ob). Constraints and state that each turbine can
only be assigned to one UAV, and each UAV can inspect up to
p turbines, respectively. Here, p is defined by the wind farm
operator. The location [z, y] of turbine k assigned to UAV
i must be in the flying range of UAV i as given by (9¢).
The UAVs cannot be placed on the sea, and therefore each
UAV should be placed inside one of the turbines assigned to
it as indicated in (Of). Also, constraint (Og) states that the
turbine can only be assigned to a UAV that is actually placed
in the wind farm. Constraint (Oh) indicates that all T turbines
must be assigned to the active UAVs. The minimum number
of communication links one UAV must have is given by (91).
Finally, (9j) indicates that the distance between any two UAVs
should be lower than d.

B. Routing Problem Formulation

For a given topology, we study how to route the UAVs to
inspect the wind turbines. A UAV and the turbines assigned
to it can be represented in a graph, defined as G; = {N;, &},
where N; is the set of turbines assigned to UAV 4, and will
be the nodes in the graph, and then &; is the set of the edges
which connects each turbine. With the graph structure, we can
create an adjacency matrix for the graph denoted by D;. The
value of the k-th column and the I-th row in D; is ¢, as
the flight time from turbine k£ to [. The value of ¢;; and
the value of ¢;; ; are not the same because of the wind, and
therefore the adjacency matrix is not symmetric. Thus, G; is
an asymmetric graph.

In the routing problem, M denotes the number of required
routes to inspect the turbines. We introduce another matrix
U™ = [U il v x|a;| to denote the m-th route for UAV 4.

K2

More specifically, U], ; is 1 when the UAV chooses to fly
from turbine k to turbine [; otherwise, U;’}C,l is 0. The routing

problem can then be formulated as

Z Z ik Ul

m=1keN; leN;\{k}

M
min E (10a)
MU Vi k.1,

si,k,zﬂf,‘,f,,
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subject to 1 €101}, Vk,l € N; (10b) hour. Therefore, we introduce an auxiliary parameter, €,. This
Z um o — Z um =1 Ym  (10¢) param.eter is a user input. Specifically, an approp'riate valu.e
bk bks ’ is assigned to €, such that, based on a stochastic analysis
keN; keN; . . .
of the historic data, the hourly wind gust does not exceed
Z Uiie= Z Uik = 1,Ym (10d) u™ if the hourly average wind speed is lower than ¢,. The
leEN\{1} leN\{k} assignment of ¢, is done prior to the start of Algorithm [I] For
Z ZU;’;C_I <1Q|-1¥Q € N;,m,|Q| >2 usage of €, in the loop starting in line 2, the angle between
keQleq ' 0 and 27 is discretized into p segments of equal size. For
(10e) every segment, the wind velocity located in this segment is
1<M<| N; | -1 (10f) taken out to construct a subset W,. Then, we compare the
maximum hourly average wind speed in W, with €,. The
Z tik Uiy < 677, Vm (102)  gmallest value is retained to define the flying range according

k,leN;

[Vikalle < ™™, VE, 1 € Nj, Ul = 1 (10h)
86 ll2 < W, Vk,1 € N;, U, =1 (100)
Vit +W = sig, Yk L€ N;, UM =1 (10j)

In (I0), the objective is to minimize the flight time and the
number of routes for inspecting the turbines. Here, U7} ;| is
a binary parameter as shown in (IOb) to represent the path
of routing during the inspection. Eq. indicates that the
starting point of every route should be s, which is the position
of the UAV, q;. Then, there can only exist one route between
turbines as stated in (I0d). Constraint ensures that a
closed path does not exist in the subset @ of N;. Constraint
(TOf) states that the number of routes must be less than the
number of turbines in N;. The summation of the flight times
in every route is not to exceed t;*“® according to (10g).
Constraints (IOh) and enforce that the airspeed and
groundspeed are bounded by the maximum speed, respectively.
The relationship between the wind, the UAV velocity, and the
resultant velocity is given by (I0j).

IV. ALGORITHM DESIGN

The formulations in (9) and cannot be solved directly
as they contain binary parameters. Both problems are mixed-
integer linear programming (MILP) problems. In this case, if
the dimension of the problems increases, the problems may
become NP-hard. We therefore design heuristic algorithms to
solve the problems.

A. Flying Range Determination

For both placement and routing optimization problems, an
important parameter is the flying range. The flying range
can be influenced by the wind conditions in the wind farm.
However, wind conditions in the future are unknown to UAVs,
and different UAVs have different maximum wind speed
resistance. Since the algorithm is used to determine how many
UAVs are required for inspections and where to place the
UAVs, the algorithm can be considered as part of a planning
stage before operation begins. As such, the algorithm makes
use of historic wind data.

The wind data, denoted by W, provide the hourly average
wind speeds and directions for several days. Selected data
also provide the hourly wind gust and the corresponding
direction. The UAV cannot perform inspection if the wind
speed exceeds maximum wind speed resistance, u™"?, in that

to (@). After executing the loop for all segments, the flying
range for the UAV can be obtained from (8). The detailed
steps are summarized in Algorithm [I]

Algorithm 1: Flying Range Determination
Input: wind data W, €, t;*%%, u;***
Output: Z;

1 Calculate p; based on ¢;*“* and ;""" using @

2 forb=1to p do

3 Wb:{w\wew,wgeﬁf’lg%”

4 Ws = min{e,, maxwew, ||w]|2}

eéol — 2bm—m

5
6 w = [u?s cos (Oﬂ"l) , s sin (6’5‘”
7 Calculate the flying range with and W

8 Perform the intersection as mentioned in

B. Algorithms for Obtaining Topology of UAVs

With known flying range, we can design an algorithm to get
the topology of UAVs in the wind farm. At the beginning of
the search, T" UAVs are placed in the wind farm; in this case,
every turbine has a UAV assigned to it. If the distance between
two UAVs is shorter than d, they establish a communication
link. Then, the turbines inside the flying range of UAV ¢ are
assigned to UAV 4. The detailed process of the initialization
is provided in Algorithm

Algorithm 2: Initialization
Input: The coordinates of 7' turbines, Z;
Output: A, B, C, z;, y;
1 Set N =T, set every [z, yi] to [Tk, Y]
2 fori=1to N and j=1to N do

3 a; = 1

4 Calculate the distance between UAV ¢ and j, d;,;
5 if d; ; < d then

6 ‘ Ci,j = 1

7 else

8

L Ci,j :O

9 fori=1to N and k=1 to T do
10 if [zk, yx] € Z; then

11 | bip=1

12 else

13 | bix=0

After initialization, constraint should be validated. That
is, some UAVs may have to inspect more than p turbines.
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Redundant connections between the UAV and the turbines
assigned to it should be deleted. For that, the distance between
the UAV and the turbines assigned to it is sorted in a
decreasing order. Then, turbines in N are reassigned if UAV
1 is assigned more than p turbines; otherwise, we go to next
UAV. The deletion starts from the turbine which has the longest
distance to UAV 1. At the same time, we have to ensure that
this turbine is inspected by another UAV. Then, the procedure
of deleting the turbines is repeated until |A;| < p. The details
are provided in Algorithm 3]

Algorithm 3: Restrict Inspection Limit of UAVs

Input: B, p
Output: B
1 fori=1to N do
2 Sort turbines in A; based on their distance to UAV 4 in
a decreasing order as e, €2,. .., €\
k= €1

while |[N;| > p do
if >0, ;2 bjk > 1 then
| Set b;x = 0 and remove k from N
else
| Set k to next turbine

® N1 & n kW

After executing Algorithm (3| the current solution satisfies
constraints (9b) and (9d)-(9j). However, some turbines may be
assigned to more than one UAV. Also, the current number of
placed UAVs is not minimized and still equal to the number
of turbines, i.e., Zi a; = T. Therefore, we need to reduce
the number of the placed UAVs and then fix the issue of one
turbine being assigned to multiple UAVs given by (9c). The
details of this process are summarized in Algorithm 4] In this
algorithm, two auxiliary parameters are introduced, namely
cur and step. Parameter cur is a set to represent the set
of the UAVs with a; = 1. Then, step indicates the current
iteration step, and it will be used in the simulation part. In
line 2, the UAVs in cur are sorted based on the number of
turbines intersecting with other UAVs in a decreasing order as
J1, f25 -, fleur|- Then, i is set to fi in line 4. In lines 5 and
6, we need to find if any turbine within NV; can also be served
by other UAVs. If that is true, UAV 1 is removed as described
in lines 7 to 9. Otherwise, the connection between the UAV
and the turbine is deleted based on the distance in lines 10 to
16.

C. Algorithms for Finding Optimal Routing Path

With the topology of the UAVs, we can now introduce
how to route the UAVs to inspect the wind turbines. In (10,
the optimal values of several parameters should be found.
Moreover, the variables at the upper bounds of summation
and the binary parameters make the problem difficult to solve.
To address the challenge, solving (I0) is separated into three
stages and each of them is solved individually.

In the first stage, the adjacency matrix, D;, should be
constructed. Prior to calculating D;, we have to calculate s; 1 ;,
Vi ki, and t; ., for all k,1 € N;. The calculation of s; 5, ; and
vi, differs depending on whether the UAV is facing head

Algorithm 4: UAV Number Minimization
Input: A, B, C
Output: A, B, C
1 step =0, cur ={1,2,...,N}
2 Sort UAV i in cur based on 37, .\ 1y Vi NAj| in a
decreasing order as f1, fo,..., f
3 while |[NV; N A;| > 0 do

|cur|

4 dif f = {}, delete = True, i = f1

5 for j =1to N and a; =1 do

6 | L diff=diffUNiNN;)

7 if dlff = M and C{jEcu7'\{i},cu7'\{i}}7£0 and delete
then

8 a;=b; =0 Yk eN;, cur=cur\{i}, step=step+1

9 | Cij=¢Cji= 0 Vj € cur, delete = False

10 if delete then

11 for j = f1 to ficur do

12 if djyk < d@k then

13 | bixr=0

14 else

15 | bjx=0

16 | step =step+1

17 | Repeat 2

wind or tail wind. Quantity :’, is utilized to determine the
wind condition, and it can be obtained by calculating the inner
product of s; . ; and w. If 6“’ wl is between 0 and , the UAV
is facing a tail wind; 0therw1se the UAV ¢ is facmg a head
wind. The resultant velocity of UAV i flying from turbine &
to turbine [ can be obtained from

- [uf**® cos(6), uf*** sin(6)], 0 <673 < %,
bk [u2 cos(s), uf sin(6s)] , 5 <07, <

ﬂ-?

1D
where 0 is given by arctan((y; — yx) /(21 — zx)). In (11)), u?
can be calculated using

s, w
ui = u"* cos(07y, ;) — ws cos(m — 073, (12)
where
o ~ wgsin(m — 0;’&)
0; ., = arcsin e (13)

7
Then, the relation in (IZ]) can be used to calculate the UAV
velocity of UAV 4, v; 3 ;. With s; 1., q;, and qg, t; 1, can be
obtained by , and then used to construct D;.
In the next stage, we relax the constraints (T0f)-(I0j) and
solve the following optimization problem

win Y i 4
m=1keN; leN;\{k}
subject to (10c) — (10e). (14b)

In the above problem, the optimal routing paths for the UAVs
are searched without considering the time limit. A heuristic
algorithm is designed to solve (I4), and it is presented as
Algorithm [5] At the beginning of the algorithm, the number of
routes is set to 1, and the starting point, s, is set to the location
of UAV i, [x;,y;]. Then, we create three sets, namely From,
To, and T'0y..¢. The possible set of the current locations of
the UAV is defined as From. The sets T'o and T0,,.,: denote
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the possible sets of remaining turbines for a UAV to inspect
in the next step and next two steps, respectively. Sets F'rom,
To, and Toyp.,+ are initialized by N; \ {s}, {s}, and an empty
set, respectively. Another vector, path, is used to denote the
optimal routing path for the UAV. Then, g(k,T0) denotes the
minimal time to finish the inspection of remaining turbines in
the set T'o when the UAV is at the k-th turbine. At Lines 2 to
9 in Algorithm [5] the elements in the set From is moved to
set T'o, and then we calculate the g(k,T0o) with k € From.
If To = {s}, Tonezt = {}, and the UAV is at turbine £k,
g(k,To) is obtained as

g(k,To) =tik,s 15)

where the minimal time for finishing the inspection is to fly
back to the starting point from turbines k.

g(k, TO) = ti kg + g(lv Tonemt)- (16)

min
1€T0,l#5,Tonext=To\{l}

With all g(k,To), a path with minimal routing time, path, can
be obtained as shown in lines 10 to 15 in Algorithm [5

Algorithm 5: Search Optimal Routing Path

Input: D;, the coordinate of UAV i [x;, y;]
Output: path
1 Set M =1; s = [z, y:]; From=N; \ {s}; To={s};
Tonext = {} path - [0](|N [+1)x1
2 for num =0 to |N;| — 2 do
3 for K*lto(w‘l)do

4 Move differer?tu;Lnum elements in the set F'rom to
the set To
for £ € From do
if num = 0 then

Calculate

else

L Calculate

10 From = {s} ; To= N;\ {s} ; path[l] =
11 for num = 2 to |N;| do
12 k = path[num — 1]

13 l= argmin tiki +g(l, Toneat)
L€T0,Tonext=To\{l}

1 | pathinum] =1, From = From U {l}, To=To\ {l}
15 path[|N;|+1] = s

e ® 9 W

The results of Algorithm [5|may yield a total flight time that
exceeds the time limit. In this case, the routing path is modified
based on the maximum flight time. More specifically, the UAV
should be able to fly back to the starting point to charge or
swap its battery that is low or empty. Therefore, it is tested if
the UAV is able to fly back to s when it decides to inspect the
l-th turbine from the k-th turbine. In this case, two auxiliary
parameters, tqccy, and teompare, are introduced. Quantity £qecq
is used to denote the accumulative flight time of flying from
s to turbine [ via turbine k. Then, the time for the UAV to fly
from turbine [ back to s is denoted by tcompare. If tacew and
tcompare are all below ¢77%*, UAV ¢ can fly from turbine % to
turbine [, U}, = 1. Otherw1se UAV 1 needs to fly back to s
from the k-th turbine and then add another round of inspection
starting from turbine /. The detailed procedure is presented in
Algorithm@ Quantities s; j ;, 9:: , and v; j,; can be obtained

from (TI)), (T3), and (@), respectively. The output of Algorithm
[6]is our final routing path.

Algorithm 6: Maximum Flight Time Check
Input: path, t;***
Output: U/}, ,, M

1m= 1, taccu = 0, tcompare =0

2 for t =1 to |[N;| do

3 k = pathlt], | = path[t + 1]

4 taccu = taceu + ti,k,l

5 tcompa,'re = taceu + ti,ZA,s

6 if toccu < 77" and teompare < t7 " then
7 ‘ U k1= =1

8 else

9 i,k,s — 1

10 L m=m+ 1’ tacen = ti,s,l’ z"; 1= 1
1nM=m

D. Algorithm Complexity Analysis

In what follows, the complexity of the proposed algorithms
is analyzed. The computational complexity for the worst-case
scenario is provided in our analysis.

First, we analyze the complexity of the algorithms for
finding the optimal topology of the UAVs. Then, a sorting al-
gorithm with the complexity of nlog(n) is utilized. The com-
plexity of the initialization in Algorithm[2is O(N?)+O(NT).
Since the number of turbines is the same as the number of
UAVs, O(N?) + O(NT) can be simplified to O(N?). On
Algorithm [3] we reduce the number of connections down to p.
The complexity of Algorithm [3]is O(N (N log(N)+ (T —p)))
considering the worst case is then every UAV is assigned to
all turbines. Line 2 in Algorithm [ has the complexity of
O(N?p + Nlog(N)), where the complexity of the intersec-
tion and union is O(p). Each iteration has a complexity of
O(2Np + Np + N?p + Nlog(N)). Thus, the complexity of
Algorithm ] is O(4N2?p + N3p + N?log(N) + N log(N)).
The proof of the optimality of Algorithms is provided in
Appendix

Then, we check the complexity of solving the routing prob-
lem. The complexity of executing lines 2 to 9 in Algorithm
5| is O(N;[2 x 2Wil). The complexity of lines 11 to 14 in
Algonthm. is O(|N;]). Thus, the complexity of Algorithm [3]
is O(|NV;]? x 2W| + [NVi]). Algorithm [6] has the complexity

O(|N;|), which depends on the number of turbines assigned
to the UAV. The complexity of applying brute force to find
the optimal path is O(JA;|!). The brute-force method is one
of the typical methods used for solving the problem which
is NP-hard. Therefore, the proposed method results in lower
complexity compared to brute-force method. The optimality
of Algorithms [5] and [6] will be proved by comparing with the
brute-force method in Section [V]

V. NUMERICAL RESULTS

In this section, the performance of the proposed method is
evaluated based on a real-world dataset. For the wind farm,
we choose the Walney offshore wind farm in the United
Kingdom (UK). The wind farm has an area of 218 square
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kilometer (km), a generation capacity of around 1 Gigawatt
(GW), and 189 turbines. The data are obtained from Centre
for Environmental Data Analysis (CEDA) [27] and Kingfisher
Information Service - Offshore Renewable Cable Awareness
(KIS-ORCA) [28]. Specifically, the data from [27] contain the
meteorological measurements in the UK, and then the wind
data at Walney Island are utilized in the simulation since wind
data inside the wind farm cannot be obtained. The layout of the
Walney wind farm is collected from [28]], which contains the
longitude and the latitude of each turbine in the wind farm.
The layout of the wind farm obtained from [28] is referred
to as Walney. Each turbine is assigned with a code. The
longitude and the latitude of wind turbines are transformed
to Cartesian coordinates by using the Mercator projection.
However, a diagram showing the topology of the UAVs with
189 turbines could lack clarity. Therefore, we pick 47 out of
189 turbines to create another dataset denoted by Walney-1.

The UAV used in the simulation is AscTec Falcon 8 F] This
UAV can carry diverse sensors, namely Lidar, ultrasonic sen-
sor, and camera, to inspect turbines. The maximum speed limit,
u***, is set to 16 m/s. Then, in the specification of the UAV,
it has the maximum flight time between 12 to 22 minutes; we
set ¢7*** to 20 minutes. The model introduced in Appendix
can be used to verify these settings. The maximum resistance
to the wind speed of the UAV is u%""¢ = 15 m/s. The UAVs
need to communicate in order to prevent collision. Therefore,
the maximum distance of the communication between UAVs
is set to 5 km. Every UAV can be assigned to inspect up to 5
turbines, i.e., p = 5. The range between 0 and 27 is discretized
into ;. = 36 segments.

A. The Topology of the UAVs in the Wind Farm

To solve the placement problem, we need to determine the
flying range and then use it as input. The histogram in Fig.
[2) counts the occurrences of the quotient of hourly wind gust
and hourly average wind speed. Values below 2 account for
93.14% of the data. Thus, there is a higher than 90% chance
for the peak value not to exceed twice the average value. Given
a maximum wind speed resistance of up to 15 m/s for this
UAV, it is plausible to set the hourly average wind speed up
to which the UAV is allowed to perform inspection to €, = 8
m/s. Wind speeds above 15 m/s are rarely encountered. With
€y, Algorithm || is applied to determine the flying range.

The flying range is then applied to determine the topology.
Fig. [3] shows the iteration process and the final placement
results by applying the proposed algorithms to the Walney-
1 dataset. At the beginning of the iteration, 47 UAVs are
placed in the wind farm as shown in Fig. In Fig.
and redundant UAVs are deleted based on the proposed
algorithms. After 30 iterations, the algorithm stops and outputs
the final placement results as shown in Fig. 3d] According
to our results, only 17 UAVs are required to cover all wind
turbines in the offshore wind farm. We also observe that all
the turbines are assigned to a UAV, and every UAV serves no
more than 5 turbines. The same setting are applied to solve

Zhttp://www.asctec.de/en/uav-uas-drones-rpas-roav/asctec-falcon-8/#pane-
0-1

4000 T T T T T
3500f
30001
2500f
20001
1500t
1000t
5001

mes)

(t

Count

T 15 2 2.5 3 35 4
Ratio of Max Wind Speed to Average Wind Speed

Fig. 2. The ratio of hourly wind gust to hourly average wind speed

TABLE 1
THE PLACEMENT RESULTS OF CHANGING THE NUMBER A UAV CAN
SERVE

Dataset T | t7%" | €, (mfs) | p Zi\’ a;
5 16
47 20 6 8 15
10 15
Walney-1 5 7
47 20 8 8 16
10 16
5 61
189 20 6 8 45
10 42
Walney 5 63
189 20 8 8 56
10 54

the placement problem with the Walney dataset. The results
reveal that we need to place 63 UAVs to cover all turbines in
the wind farm.

In the proposed algorithms, the number of the placed UAVs
can be further reduced if one UAV can serve more turbines
by increasing the value of p. On the other hand, increasing
the flying range by decreasing the value of €, can also reduce
the number of the deployed UAVs. Therefore, we compare
the influence of p and ¢, to the placement results in Table [I]
For Walney-1, there is no significant difference because this
dataset includes only 47 turbines. However, for Walney itself,
63 UAVs are required according to the previous setting, p = 5
and €, = 8. The number of placed UAVs can be cut down
to 42 if we change p and €, to 10 and 6 m/s, respectively.
However, with more turbines to be served per UAYV, it will
be more challenging to find an optimal routing solution. This
issue will be discussed in the next section.

B. Routing Result

The results of the placement is applied to show how to
route the UAVs to inspect the wind turbines. In this case, wg
is set to 8 m/s and 0! is set to 5 (east wind). We take UAV
15 as an example. The UAV is placed at the turbine whose
code is B110. The result is shown in Fig. 4| To minimize
inspection time, the UAV should avoid facing the head wind.
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Fig. 3. UAV placement process.
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Fig. 4. The routing path of UAV 15

TABLE I
TOTAL FLIGHT TIME UNDER DIFFERENT SOLUTIONS

Total flight
Method ime (mins) path
Branch-and-bound 15.7343 2;2;2}3?;511???
Brute-force 15.3049 ii égiCAillﬁiI]ESllolso >
Algorithm [ and [§] | 153049 | §100=C282 00>

Therefore, the UAV goes to C214 first and then chooses E105
afterwards. After E105, the UAV uses the tail wind to go to
A106 and A411. The total flight time for the inspection is
15.30 minutes. The proposed method is compared with the
brute-force method and the branch-and-bound method, which
are common algorithms to solve MILP problem, in Table
According to the results, Algorithms [5] and [6] obtain the same
result as the brute-force method. However, this is not true for
the branch-and-bound method. In this case, the optimality of
Algorithms [5] and [6] can be proved.

Fig. @] and Table show that the UAV can finish the
inspection in one round. This is because ¢;"** is set to 20
minutes. Of interest is also the performance of Algorithm [6]
when reducing ¢7"**. For that, we decrease the maximum flight
time to 15 and 12 minutes. The results are recorded in Table
The UAV needs two rounds if ¢]*% is set to 15 minutes.
For the first round, it takes 14.44 minutes; it is 1.27 minutes

717
4.25 -4.2-4.15-4.1 -4.05 -4 -3.95 -39-3.85  .4.25 -4.2-4.15-41 -4.05 -4 -3.95 -3.9-3.85
X axis (m) X10 X axis (m) X10°

(c) step = 20 (d) step = 30

TABLE III
THE ROUTING RESULTS OF CHANGING THE MAXIMUM FLIGHT TIME
t;*%Y (mins) | m path
20 1 | B110>C214>E105>A106>A411>B110
15 1 B110>C214>E105>A106>B110
2 B110>A411>B110
19 1 B110>C214>B110
2 B110>E105>A106>A411>B110

for the second round. The UAV still needs two rounds to
finish the inspection if ¢;**? is further reduced to 12 minutes.
The first and the second rounds take 6.54 and 10.73 minutes,
respectively. However, the turbines assigned to each route vary
in each round compared to ¢{*** = 15 minutes as shown in
Table By applying the proposed algorithm, we can ensure
that the UAV does not spend more than ¢"** on inspection.

As mentioned in Section [V-A] increasing p may cause an
issue for routing. This issue is discussed here, and p is set
to 10. Two UAVs, with ¢ = 15 and 7 = 5, are taken out to
compare the required number of routes in Table UAV 15
serves 5 and UAV 5 serves 9 turbines. We consider ¢;*** to
be 15 and 20 minutes. Then, w, is set to 8 m/s and 9;’}“
to 0 and 7. For UAV 15, it only needs one round to finish
the inspection under four different settings. However, UAV 5
needs 2 rounds if ¢;*** is 20 minutes. The number of the
required routes doubles to 4 if ¢]*** is reduced to 15 minutes.
Therefore, the UAV needs to spend more time and number of
routes on routing if one UAV is to inspect more turbines. Also,
in the wind data, 83.02% of the hourly average wind speed
is lower than 8 m/s (e, = 8). However, the value is 63.06%
for the hourly average wind speed lower than 6 m/s (e, = 6).
Therefore, if we reduce ¢, it means the UAVs have less chance
to start the inspection. From these results, it is clear that there
exists a fundamental tradeoff between maximum flight time,
number of turbines one UAV can serve, and the flying range.
In the case of Walney wind farm, p = 5 and ¢, = 8 m/s is
better than p = 10 and €, = 6 m/s.

VI. CONCLUSION

In this paper, we presented a framework for utilizing UAVs
to inspect the wind turbines in an offshore wind farm. An
optimization problem was formulated to minimize the number
of UAVs to be placed in the offshore wind farm with consider-
ation of the challenging offshore wind condition faced by the
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TABLE IV TABLE V
THE ROUTING RESULTS OF CHANGING ¢4 AND p PARAMETERS AND THEIR MEANINGS FOR CALCULATING MAXIMUM
FLIGHT TIME
i [Wil ] p [ e [ &7 (min) | ws(m/s) | 05 [ M
8 0 1 : :
15 3 p il Parameter Physical Meaning Value
15 E 5 8 2 8 0 1 \% Air speed in in meter per second (m/s) 16
8 7T 1 w UAV weight in Newton 16
15 8 0 4 R Rotor radius in m 0.1016
5 9 10 | 8 g 7(; ;1 p Air density in kg/m® 1.2250
20 3 - 5 Adise Rotor disc area in m?, Agisc = mR? 0.0314
Angular velocity of UAV blade in radian
Q 300
per second (rad/s)
Uiip Tip speed of the rotor blade, Uy £ QOR 30
UAVs. Another formulated optimization problem was to find Drum Number of blade ]
an optimal route for the UAVs to inspect the wind turbines. cord Chord length of UAV blade in m 0.09
We designed heuristic algorithms to solve both problems and sol Rotor solidity, sol £ % 2.5464
analyzed the complexity of the proposed algorithms. For the Incremental correction factor to
purpose of validation, real-world data were utilized (meteoro- kcor induced power 0.1
logical measurements recorded by Centre for Environmental Mean rotor induced velocity in hover,
chlta Analysis (CEDA), and Positions of the turbines through vo vo 2 \/w/(2pAdise) 14.4179
Kingfisher Information Serv%ce - Offshore Renewable Cable 5 Profile drag coefficient 0.0120
Awareness (KIS-ORCA)). With the proposed met.hods, yve can Sty Fuselage equivalent flat plate area in m? 0.0063
discover how many UAVs are needed to automatically inspect . 2 Sip
. . . . . do Fuselage drag ratio, do = 2% 0.0787
the turbines in an offshore wind farm. The optimal routing path B - :
X . . . X attery capacity of the UAV in Ampere
can also be obtained for the inspection under different wind Ppat hour (Ah) 6.25
conditions. With the proposed framework, more efficient and
more frequent inspection of wind turbines can be achieved for
the wind farm operators. By doing so, the loss due to failures )
of the wind turbines can be reduced. In our future work, we respectively.
will study hovy UAVs can bring more benefits to the operation Py = % solpAgisc PR3,
of offshore wind farms. P14k ws/2 (18)
v ( T COT)Vszdisc'

APPENDIX

A. Flying Distance Determination

In (6), the flying distance is mainly determined by the
product of u;*** and ¢"**. However, «;"*" and t]*** may
influence each other. Therefore, for «;*“*, it is reasonable
to be assigned with the maximum flying speed listed in the
specification of the UAV. Quantity ¢;"** should be calculated
based on u[***, and it can be obtained from calculating the
energy consumption of the UAV. Before introducing the model,
V is used to represent the airspeed, ||v; i 1||2, for the sake of
notational simplicity. The power consumption of a UAV flying

with airspeed V' can then be modeled [29], [30] as

3V? Ve o y?2
=P, |1+ — P 14 — —
( * Ut%-p> * < * 4l 27}3)
blade profile

1
+ § dO SOZPAdich3 ’
| —
parasite

P(V)

induced power

A7)
where Py and P; are two constants defined in representing
the blade profile power and induced power in hovering status,

Quantity Uy;, denotes the tip speed of the rotor blade, and
vg is known as the mean rotor induced velocity in hover. The
fuselage drag ratio and rotor solidity are denoted by dy and
sol, respectively. The air density is denoted by p, and Ay;sc
is the rotor disc area. The maximum flight time can then be
obtained from

mazx Prat

where Pp,; is the battery capacity. The parameters and the
meanings used in the calculation are provided in Table
Moreover, the values of these parameters are based on the
values on the specification of the UAV that is used in the
simulation. Based on (17), (I8), and Table the energy
consumption of the UAV is 212.82 Watt. Then, according
to (19), ¢;*** is 20.02 minutes. Therefore, ;%" is set to 20
minutes in Section [V]

B. Proof of Optimality of Algorithm 2-4 for Solving Placement
Problem

Suppose the optimal solution of the placement problem is
A" = [aflixn, BY = [0 ]vxr, € = [¢f]nxn, and
[zF,y7] for i € {ilaf = 1}. Also, n* = Y1 af is the
optimal number of UAVs that should be deployed in the
wind farm. On the other hand, the solution obtained from the

proposed algorithms is denoted by A, B, C, and [z;,y;] for
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i € {ila; = 1}. Then, n is defined by Zf\il a;. With these
notations, this implies that n > n* and at least one UAV
can be removed from the solution obtained from the proposed
algorithms. That is, UAV j can be removed if constraints in
(]2[) are still satisfied without UAV j. Thus, it is necessary
to recheck if there is still an overlap between N; and Nj.
However, the end condition of Algorithm 4 is that there is no
overlap between N; and N;. This contradiction implies that
n is the same as n*. Also, A = A*, B = B*, C = C*, and
[, yi] = [z}, y}]. Finally, we can conclude that the algorithm
would converge to the optimal solution.
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