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Abstract—In this paper, we study the deployment of Un-
manned Aerial Vehicles (UAVs) to collect data from IoT devices,
by finding the data collection tour of each UAV. To ensure the
‘freshness’ of the collected data, a strict requirement is that the
total time spent in the tour of each UAYV, which consists of UAV
flying time and data collection time, must be no greater than a
given maximum data collection delay B, e.g., 20 minutes. In this
paper, we consider a problem of using the minimum number
of UAVs and finding their data collection tours, subject to the
constraint that the total time spent in each tour is no greater
than B. We study two variants of the problem, one is that a
UAV needs to fly to the location of each IoT device to collect its
data; the other variant is that a UAV is able to collect the data of
the IoT device as long as their Euclidean distance is no greater
than a given wireless transmission range. For the first variant
of the problem, we propose a novel 4-approximation algorithm,
which improves the best approximation ratio 4% so far. For the
second variant, we design the first constant factor approximation
algorithm. In addition, we evaluate the performance of the
proposed algorithms via extensive experiments, and experimental
results show that the average numbers of UAVs deployed by the
proposed algorithms are from 11% to 19% less than those by
existing algorithms.

Index Terms—Mobile data collection; multiple UAV schedul-
ing; minimum cycle cover with neighborhoods; approximation
algorithms.

I. INTRODUCTION

Due to the flexibility and cost-efficiency of Unmanned
Aerial Vehicles (UAVs), they are widely used in many appli-
cations, including package delivery, target tracking, emergency
aid, charging wireless sensor networks [12], [18], [20], [24],
[26], [27], [28], [30], [35], [37], and so on. On the other hand,
millions of Internet of Thing (IoT) devices, such as various
sensors and smart monitoring devices, have been deployed
in many IoT networks in the past a few years for various
applications.

In this paper, we study the data collection of IoT devices
in a large-scale IoT network, e.g., tens of square kilometers,
where IoT devices are only sparsely located at some strategic
locations to monitor important Points of Interest (Pols) in the
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7T UAV —> flying tour < IoT device

(a) Data collection without neighborhoods by two
UAVs and their data collection tours

Y UAV —> flying tour <ml IoT device

(b) Data collection with neighborhoods by only one
UAV and its data collection tour

Fig. 1: Data collection by UAVs in two scenarios.

network. Due to the large scale of the network and the limited
energy of IoT devices, sometimes it is unrealistic to allow
them to transmit or relay sensing data to a base station via
multihop relays.

We consider the deployment of multiple light-weight
UAVs to collect data from IoT devices, where a UAV can fly
to a location nearby an IoT device to collect its data, thereby
saving the energy consumption of the IoT device. Fig. 1(a)
shows that two UAVs are deployed and they collect data of IoT
devices along their data collection flying tours, respectively.
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To ensure the ‘freshness’ of the collected data, a strict
requirement is that the total time spent in the tour of each UAYV,
which consists of UAV flying time and data collection time,
should be no greater than a given maximum data collection
delay B, e.g., 20 minutes [4]. Otherwise, the collected data
is somewhat ‘stale’. For example, consider networks in which
IoT devices are deployed to monitor bushfires in a forest [16]
or PM 2.5 pollution in a city [29], it is important to collect
sensing data as quickly as possible.

In this paper, we study a novel minimum UAV deployment
problem, which is to determine the minimum number of UAVs
to-be-deployed and find their data collection tours, such that
the data of each IoT device are collected by one of the UAVs,
subject to that the total time spent by each UAV in its tour is
no greater than the maximum data collection delay B.

We consider two variants of the minimum UAV deploy-
ment problem. In the first variant of the problem, which is
termed as the minimum UAV deployment problem without
neighborhoods, a UAV needs to fly to the location of each
IoT device to collect its data, see Fig. 1(a). In this case, the
wireless transmission range of the IoT device is much shorter
than the scale of the network, or the device cannot transmit
data in a wireless way. One application example is that each
IoT device is an RFID tag. To collect the data of the tag, a
UAV must be equipped with an RFID reader and the reader
can read the data of the tag only when their Euclidean distance
is very short, e.g., a few meters [36]. Another application is
the deployment of UAVs to monitor traffic jams in a smart city,
where UAVs are dispatched to monitor Pols (e.g., congested
cross roads), and no IoT devices are deployed at all.

In the other variant of the problem, which is referred to as
the minimum UAV deployment problem with neighborhoods,
an IoT device is able to transmit its data to a UAV by
wireless transmission and the data can be received by the
UAV when the Euclidean distance between the device and
the UAV is no greater than a given communication range,
see Fig. 1(b). Unlike the wireless communication between
two devices on the ground that wireless signals degrade very
quickly due to various shadowing and scattering, the radio
signals from a ground device to a UAV in the air, or vice visa,
degrade much slower, due to less obstacles between them [1],
[5]. Therefore, the wireless communication range between a
ground IoT device and a UAV usually is much longer than
the range between two ground IoT devices, e.g., 500 m vs.
50 m [1], [2], [5]. It then can be seen that by exploiting the
long communication range between an IoT device and a UAYV,
the number of deployed UAVs may be reduced. For example,
Fig. 1(a) shows that two UAVs are deployed when a UAV
must fly to the location of each IoT device to collect its data,
while Fig. 1(b) demonstrates that only one UAV is deployed
when taking the communication range into consideration.

The novelties of this paper are two folds. (1) We propose
a 4-approximation algorithm for the minimum UAV deploy-
ment problem without neighborhoods, which improves the
best approximation ratio 4% so far [32]. Then, less numbers
of UAVs will be deployed. (2) We design the very first

constant factor approximation algorithm for the minimum
UAV deployment problem with neighborhoods. Experimental
results later show that much less number of UAVs will be
deployed when taking the wireless communication range (i.e.,
neighborhoods) into consideration.

The main contributions of this paper are summarized
as follows. (i) We study a novel minimum UAV deployment
problem, which is determine the minimum number of UAVs
to-be-deployed and find their data collection tours, subject to
a stringent constraint that the total time spent by each UAV
in its tour must be no greater than a given maximum data
collection delay. (ii) For the first variant of the problem — the
minimum UAV deployment problem without neighborhoods
where a UAV needs to fly to the location of each IoT device
to collect its data, we propose a 4-approximation algorithm,
which improves the best approximation ratio 4% so far. (iii)
For the second variant of the problem — the minimum UAV
deployment problem with neighborhoods where a UAV can
collect the data of each IoT device as long as their Euclidean
distance is no greater than a given communication range, we
design the first constant factor approximation algorithm for it.
(iv) We evaluate the performance of the proposed algorithms
via extensive experiments. Experimental results show that
the numbers of UAVs deployed by the proposed algorithms
are around from 11% to 19% less than those by existing
algorithms.

The rest of the paper is organized as follows. Section II
introduces network model and data collection models, and
defines the problems. Sections III and IV propose approxima-
tion algorithms for the minimum UAV deployment problem
without neighborhoods and with neighborhoods, respectively.
Section V evaluates the performance of the proposed algo-
rithms. Section VI reviews related work, and Section VII
concludes this paper.

II. PRELIMINARIES
A. Network model

We consider an [oT application scenario where many IoT
devices are deployed in an area to monitor important Points of
Interest (Pols). For example, IoT devices are used to monitor
PM 2.5 pollution in a city [29] or bushfires in a forest [16].
Assume that there are n devices vy, v, ..., v, deployed at
some strategic locations in the monitoring area, where n is
a positive integer. Let V' be the set of the n devices, i.e.,
V = {v1,va,...,v,}. Denote by (z;,y;,0) the coordinate of
a device v; with 1 < ¢ <n.

Notice that the monitor area may be very large. For
example, in an IoT network for monitoring forest fires, the
forest area may be tens of square kilometers [16]. Then, the
devices are sparsely located in the monitoring area. To form
a connected IoT network, a traditional solution is to deploy
relay devices. However, since the transmission range between
two devices on the ground usually is only tens of meters, a
large number of relaying devices need to be deployed to form
a connected network, thereby incurring high deployment cost.
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In contrast, in this paper we consider the deployment of
UAVs to collect data from IoT devices, because UAVs are
flexible and no relaying devices need to be deployed, thus
saving the deployment cost.

B. Data collection models

We consider two data collection scenarios. The first
scenario is referred to as the data collection without neigh-
borhoods, that is, a UAV needs to fly to the location of each
IoT device to collect its data. One application example of this
model is that each device is an RFID tag. To collect the data of
the tag, a UAV must be equipped with an RFID reader and the
reader can read the data of the tag only when their Euclidean
distance is very short, e.g., a few meters. The other scenario
is referred to as the data collection with neighborhoods, that
is, each IoT device can send its data to a UAV in a wireless
way, and the UAV can collect the data from the device as long
as their Euclidean distance is no greater than a given wireless
transmission range. In the following, we introduce the data
collection models in the two scenarios, respectively.

Assume that K UAVs are deployed to collect data from
the n IoT devices, where the value of K is unknown and will
be determined later. The n devices in V' need to be partitioned
into K disjoint subsets Vi, Vo, ..., Vi, where UAV £k collects
the data from the devices in Vi, and 1 < k < K. Let V}, =
{v1,v2,...,vn, }, where ny, = |Vj|. Denote by A, the amount
of to-be-collected data of a device v; in V. Assume that each
UAV can collect data from v; at a data rate b. Then, it takes
plv;) = % time to collect all data of v;. Finally, denote by 7
the flying speed of each UAV.

1) Data collection model in the scenario without neigh-
borhoods: We first introduce the data collection model in the
scenario without neighborhoods, where a UAV must fly to
the location of each device to collect its data. Assume that
UAV £k collects the data from devices in V}, in the order of
v1,V2,...,Un,, Where 1 < k < K. The data collection flying
tour C}, of UAV k£ is defined as follows. A UAV k first collects
the data of device v; at the location of v, it then flies to collect
the data of device vq, and so on. After collecting the data of
the last device vy, , the UAV finally returns to the location of
v1. That is, the data collection trajectory of UAV £ is a closed
tour Cfy = vy = vy = -+ = vy, — vy With 1 < k < K,
where ny is number of devices in V). After collecting the
data from each IoT device v;, UAV k can forward the data to
a remote station via 4G/5G communications. Fig. 1(a) shows
that 17 IoT devices are deployed in a monitoring area and two
UAVs are dispatched to collect the data of the devices.

The total time spent by each UAV £k in its flying
tour Cj consists of its flying time between IoT devices
and the data collection time of devices in V. Denote by
w(v;,viy1) the UAV flying time between devices v; and
Vit1, 1., w(V;,Vi41) = M where d(v;,v;+1) is the
Euclidean distance between devices v; and v;41, and 7 is the
flying speed of UAV k. The flying time in tour Cj then is
Z:L:kl w(vi,vi+1), where Unp+1 = V1.

The total time wj (Cy) spent by UAV k in its tour Cj
under the scenario without neighborhoods then is
Nk Nk
wi(Cy) = Z w(v, viy1) + Z p(vi), (D
i=1 i=1
where p(v;) is the data collection time of device v;.

It is important to collect data from devices in Vj as
quickly as possible. Otherwise, the collected data will be
‘stale’. Denote by B the maximum data collection delay [4].
Then, the total spent time wj (Cf) of each UAV k in its flying
tour C, must be no greater than B, i.e., w1(Cy) < B with
1<k<K.

2) Data collection model in the scenario with neigh-
borhoods: We then introduce the data collection model with
neighborhoods, where a UAV can collect the data of each IoT
device when their Euclidean distance is no greater than a given
communication range R, e.g., R = 600 m [1], [5]

Assume that all UAVs fly at the same altitude h such that
the coverage range of each UAV is maximized, where h < R
and the optimal altitude h can be obtained from the work
in [1], e.g., h = 300 m. Denote by D(v;) the set of locations
that a UAV can collect data from a device v; at altitude h, i.e.,
D(v;) = {(2,9,h) | (& — )+ (y — ) + (h — 0)2 < B2},
where (z;,y;,0) is the coordinate of device v;. It can be seen
that D(v;) is a disk centered at point (x;,y;, h) with a radius
Ro = vV R? — h? at altitude h.

Recall that we assumed that each UAV k collects the
data of the devices in set Vj in the order of vy, va,..., vy,
where Vk = {’Uh’()g,...,’l)nk}, ne = |Vk|, and 1 < k < K.
The data collection flying tour C}, of UAV £k in the scenario
with neighborhoods is defined as follows. UAV £ first collects
data of device v; at a location py in D(v), it then flies to a
location py in D(v2) and collect the data of device vy, and so
on. After collecting data of the last device v,, at a location
Pn, in D(vy, ), the UAV finally returns to the starting location
p1. The flying tour C, of UAV k can be represented as Cj, =
p1 — p2 — -+ — Py, — p1, where p; is a location in
the neighborhood D(v;) of device v; with 1 < i < ny, and
1 <k < K. Fig. 1(b) shows the flying tour of a UAV, where
dotted circles represent the neighborhoods of devices.

Similar to Eq. (1), the total time wy(C}) spent by UAV
k in its flying tour C; can be calculated as

wy(Cr) =Y w(pipiv1) + Y pvi), 2
i=1 i=1

where w(p;, pi+1) is the UAV flying time between locations p;
and p; 11, p; and p; 41 are located in the neighborhoods D(v;)
and D(v;11), respectively, and p(v;) is the data collection time
of device v;.

Notice that the total spent time wy(C}) of each UAV k
in its flying tour C}; must be no greater than the maximum
data collection delay B, i.e., wy(Cy) < B with 1 <k < K.

C. Problem definitions

In this paper, we study a novel minimum UAV deployment
problem, which is to minimize the number of deployed UAVs
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to collect data from all devices, subject to the constraint that
the total time spent by each UAV in its tour is no greater
than the maximum data collection delay B. In the following,
we consider two variants of the problem under the two data
collection models introduced in the previous subsection.

We first formulate a variant of the problem under the
data collection model without neighborhoods. Given an IoT
network G = (V,E;w : E + R2% p : V +— R2%) and a
maximum data collection delay B, a UAV needs to fly to the
location of each IoT device to collect its data. The minimum
UAV deployment problem without neighborhoods in G is to
determine the minimum number K of UAVs to be deployed,
and find their flying tours Cy,Cy,...,Ck to collaboratively
collect data from all devices in V, subject to the constraint
that the total time w (C}) spent in each tour C}, is no greater
than the maximum data collection delay B.

The other variant of the problem under the data collection
model with neighborhoods can be formulated similarly. Specif-
ically, given an IoT network G = (V,E;w : E — R0 p :
V= RZO), a maximum data collection delay B, and a disk
D(v;) of each device v; which centers at the location of v; with
aradius Ry at altitude h, the data of device v; can be collected
by a UAV when the UAV hovers at any location in D(v;). The
minimum UAV deployment problem with neighborhoods in G
is to determine the minimum number K of deployed UAVs
and find their flying tours C1,Cs, ..., Ck to collect the data
from all devices, subject to the constraint that the total time
wa(Cy) of each UAV £ spent in its tour Cy, is no greater than
the maximum data collection delay B.

III. APPROXIMATION ALGORITHM FOR THE MINIMUM
UAV DEPLOYMENT PROBLEM WITHOUT NEIGHBORHOODS

In this section we deal with the minimum UAV de-
ployment problem without neighborhoods, by proposing a 4-
approximation algorithm for it.

A. Algorithm framework

Given an IoT network G = (V,E;w : E +— R29 p :
V + R20), an auxiliary complete graph G’ = (V, E;w’ :
E + R2%) is constructed from G, and the weight of each edge
(v5,v5) in G’ is W' (v;,v5) = w(v;,v;) + %ﬁm), where
w(v;, v;) is the flying time between devices v; and v, p(v;)
and p(v;) are the durations for collecting data from v; and v;,
respectively. Following a similar analysis in the work [37], the
optimal solutions to the minimum UAV deployment problem
in G and G’ are equal.

Let 6; = % with 2 < 4 < n, where §; is referred to as an
edge weight threshold.

The basic idea of the proposed algorithm is that, the
algorithm finds a set C; of tours that visit nodes in G’ based on
a given edge weight threshold J;, subject to the constraint that
the cost of each found tour in C; is no greater than B. The final
solution C to the problem then is the set with the minimum
number of tours, i.e., |C| = ming<;<,{|C;|}. The approxi-
mation algorithm for the minimum UAV deployment problem
without neighborhoods is presented in Algorithm 1.

Algorithm 1 Algorithm for the minimum UAV deployment
problem without neighborhoods (approAlgNoNei)

Input: an IoT network G = (V, E;w : E — R2° p: V s R29),
and a maximum data collection delay B
Output: a set C of tours to visit all devices in V/, such that the total
spent time of each tour in C by a UAV is no greater than B.
1: Construct a graph G’ = (V, E;w’ : E — RZ°) from G;
: Construct a trivial solution C = {C1,Cs,...,C,}, where each
tour C; consists of only a single node v; in V, and n = |V

[\

s

3: for i<+ 2ton do

4:  Let 6; + g; /* set an edge weight threshold */

5: Invoke Algorithm 2 to find a set C; of tours to visit all
nodes in G’ based on the edge weight threshold §;, subject to
that the cost of each tour in C; is no greater than B;

6: if |C;] < |C| then

7: Let C < C;; /* find a better solution */

8: end if

9: end for

B. Algorithm

We here show how to find a set C; of tours that visit all
devices in G’, based on a given edge weight threshold ;.

Recall that graph G’ = (V,E;w’ : E — R2%) is
constructed from G, where w'(v;, v;) = w(v;, wj)—i—w
for each edge (v;,v;) in E.

We first remove the edges with their weights strictly
greater than §; from G’. Assume that there are ¢ connected
components C'Cy,CC»,...,CCy in the residual graph after
the edge removals, where ¢ is a positive integer.

We then find a minimum spanning tree (MST) T3 in each
connected component CC; with 1 < j < ¢, see Fig. 2(a). For
each tree T}, denote by V” the set of odd degree nodes in
T;. Let V° be the set of odd degree nodes in the ¢ trees
Tl,TQ,...,Tq, i.e., Vo = ?:1 ‘/jo.

We further construct a complete graph G° =
(Vo,E°we : E° — R2Y), where there is an edge (u,v) in
E° for any two nodes w and v in V° and the weight w°(u, v)
of edge (u, v) in G° is equal to its weight w’(u,v) in G', i.e.,
w?(u,v) = w'(u,v). We find a minimum weighted perfect
matching M in graph G°, see Fig. 2(b).

We obtain a graph G by adding the edges in matching
M to the g trees Ty, Ts,...,T,, ie., G’ = MU(U?:1 Tj),
see Fig. 2(c). Assume that there are ¢’ connected components
CC1,CC,...,CC, in G". Notice that the two endpoints of
some edge in M may lie in two different trees. Therefore, the
number ¢’ of connected components in G’ is no greater than
q, ie., ¢ <q.

For each connected component C’CJ’- in G’ with1 <j <
q’, it can be seen that the degree of each node in CC'J’- is
even. Then, there is a Eulerian circuit C; in C’C’; [31]. We
can obtain a closed tour C’; that visits each node in connected
component CC’]‘ only once, by shortcutting duplicated nodes
in C’j, see Fig. 2(d).

We finally split tour C; into, say nj;, subtours
Cj1,Cj2,...,Cjn, such that the cost of each subtour is no
greater than BB and the number n; of split subtours is no more

than [w}’g(/c;)]’ e, n; < (w};(/cé)l [14], see Fig. 2(e).
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Fig. 2: An illustration of the execution of Algorithm 2.

The detailed algorithm for finding a set C; of tours that
visit all nodes in G’ based on a given edge weight &; is
presented in Algorithm 2.

Algorithm 2 Algorithm for finding a set of tours that visit all
nodes in G’ based on a given edge weight threshold &;

Input: A graph G’ = (V, E;w' : E — R2°), a maximum cost B

of each UAV tour, and an edge weight threshold §;

Output: A set C; of tours so that the cost of each tour in C; is no

greater than B
1: Remove the edges with weights greater than §; from G’. Assume
that there are ¢ connected components CC1,CCs,...,CCy in
the residual graph after the edge removals;

: Find an MST T} in each component CC; with 1 < j < ¢;

Let V° be the set of odd degree nodes in the ¢ MSTs;

: Construct a complete graph G° = (V°, E%;w® : E° — R=0);

: Find a minimum weighted perfect matching M in G°;

: Obtain a graph G” by adding the edges in M to the g trees
Ty, T, ..., Ty, ie, G” = MU(UI_, T)). Assume that there
are ¢'(< q) connected components C’C’17 Ccecs,...,0C, inG";

: Let C; « (; /* the set of obtained tours */

: for j < 1to ¢ do

9:  Find a Eulerian circuit C§ in connected component C'Cj

and obtain a tour C} visiting nodes in CC} by shortcutting
duplicated nodes in C¥;

Qv E W

0 3

10:  Split tour C} into n; subtours C1, Cji2, . . . y Cjn; so that the
cost of each subtour is no greater than B and n; < [ B(/CQ )],
11: Let C; FCiU{Cj,l,ijz,...,ijnj};
12: end for
C. Algorithm analysis
Lemma 1: Given a complete graph G’ = (V, E) and an

edge weight function w’ : E + RZ0, assume that the edge
weights in G’ satisfy the triangle inequality. For any closed
tour C' in G’ with w'(C) < B, there are no more than i — 1
edges in C with their edge weights strictly greater than %
where 7 is a given integer with 7 > 1.

Proof: We distinguish into two cases: (1) there are
no more than ¢ — 1 edges in C'; and (2) there are no less
than i edges in C. Case (1) where C' contains no more than
i — 1 edges, the lemma immediately follows. Consider Case
(2) where C' contains no less than 7 edges, suppose that there
are at least ¢ edges in C with their edge weights greater than
L Then, the weighted sum w'(C') of edges in C is larger than
7 % = B, which contradicts the assumption w’(C') < B. The
lemma then follows. u

Theorem 1: Given an IoT network G = (V, E;w : E
RZ% p: V s RZ%) and a maximum data collection delay B,
there is a 4-approximation algorithm, Algorithm 1, for the
minimum UAV deployment problem without neighborhoods,
which takes time O(n*), where n = |V|.

Proof: Following a similar analysis in the work [37],
the values of the optimal solutions to the problem in G and G’
are equal. We here only show that Algorithm 1 delivers a
4-approximate solution to the problem in G’, which also is a

4-approximate solution to the problem in G.

Assume that an 0pt1ma1 solution to the problem in G’
consists of K* tours C},C5,...,Ck.. We now estimate
an upper bound on the number \C | of delivered tours by
Algorithm 2 with an edge weight threshold §; = %, where
2 < ¢ < n. Following Algorithm 2, the number |C;| of
delivered tours is
i @), j=1w'(C))

B/2

Ici] < +q,as¢ <q

_ '(G”)+q as w!(C1) < w'(C%), w'(G") = ij
B/2 2
9w (Ty) +w' (M a
B LRI

In the following, we estimate the weights Z i, w'(T;) and
w' (M), respectively.

Following lemma 1, each of the optimal K* tours
cy,C5,. .., Ck. contains no more than ¢ — 1 edges with
weights greater than £, We partition the K* tours into i groups
C§,Ci,....Ciq, where a tour C is contained in a group (1,;;"
if C} contains exactly j edges with weights greater than =,
where 1 <[ < K*. Let k; = \CJ*\ with 0 < 7 < ¢ — 1. Then,
Sk - K

We estimate the weights Zgzl w'(T) and w'(M) as
follows, where the proofs of Ineq. (4) and Ineq. (5) are omitted,
due to space limitation.

q
qB
Zw’(T]) < k0B+ZkB = )
Jj=1 j=1
[i/2] z+2
W' (M) < 2B+ Z Jk B+ Z k;B—L2. (5)

Jj=li/2]+1
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By combining Inequalities (4) and (5), we have

q 1—1
2B
STW(Ty) +w' (M) < (L5+2/koB+ > 2kB - "2 (6)
1
Jj=1 j=1

By combining Ineq. (3) and Ineq. (6), we upper bound
the number of delivered tours in C; as

i—1
. 4q
Ici| < (3+4/z)k0+4zlkj—7+q. 7)
=
Conside;r the case where ¢ = 4, we have
Cal < 430 _ky = AK*, as K* =30 k.

Recall that the number of tours in C delivered by
Algorithm 1 is |C] = min? {|Ci|]} < |C4] < 4K™.
This indicates that C is a 4-approximation solution.

The analysis of the time complexity is omitted, due to
space limitation. The theorem then follows. ]

IV. APPROXIMATION ALGORITHM FOR THE MINIMUM
UAV DEPLOYMENT PROBLEM WITH NEIGHBORHOODS

In this section we consider the minimum UAV deploy-
ment problem with neighborhoods, where a UAV can collect
the data of each IoT device when their Euclidean distance is
no greater than a given communication range. We propose a
novel approximation algorithm for the problem.

A. Algorithm framework

Given an IoT network G = (V,E;w : E — R2Y p:
V= RZO), neighborhoods of devices in V, and a maximum
data collection delay B, the algorithm framework for the
problem with neighborhoods is similar to the one without
neighborhoods in the previous section. That is, it finds a set C;
of tours that visit devices in GG based on a given edge weight
threshold §; = % subject to the constraint that the cost of each
tour in C; is no greater than B, where 2 < i < n. The final
solution C to the problem then is the set with the minimum
number of tours, i.e., |C| = mina<;<,{|C;|}. The algorithm for
the minimum UAV deployment problem with neighborhoods
is presented in Algorithm 3.

Algorithm 3 Algorithm for the minimum UAV deployment
problem with neighborhoods (approAlgNei)

Input: a network G, the neighborhood D(v;) of each device v; in
V', and a maximum data collection delay B

Output: a set C of tours to visit the neighborhoods of nodes in V,
so that the total spent time of each tour in C is no more than B.

1: Construct a trivial solution C = {C1,Ca,...,Cy}, where each

tour C; consists of only a single node v; in V, and n = |V;

2: for 7+ 2ton do

3: Let §; < ?; /* set an edge weight threshold */

4:  Invoke Algorithm 4 to find a set C; of tours to visit
neighborhoods of nodes in G based on §;, subject to that the
cost of each tour in C; is no greater than B;
if |C;| < |C| then

Let C < C;; /* find a better solution */
end if
end for
return C.

R A

B. Algorithm

We now show how to find a set C; of tours that visit
neighborhoods of all devices in G, which is different from the
one in Section III-B for the problem without neighborhoods,
since now the data of each IoT device can be collected by a
UAV as long as their Euclidean distance is no more than their
communication range.

For any two nodes v; and v; in V, recall that their
neighborhoods are D(v;) and D(v;), respectively. Denote by
¢(Dj, Dy) the minimum flying time between the neighborhoods
D(v;) and D(v;), which is precisely defined as follows. If the
two neighborhoods D(v;) and D(v;) overlap with each other,
i.e., the Euclidean distance d(vj,v;) between nodes v; and
v is no greater than 2R, we define ¢(D;, D;) = 0, where
Ry is the radius of each neighborhood. On the other hand,
if D(v;) and D(v;) are disjoint with each other, we define

c(Dj,D;) = w, where 7 is the flying speed of a
UAV. Then,
0, if d(vj,v) <2Ro
(D, Di) = § d(vs, ) = 2R ®

., , if d(vj,v) > 2Ro

We partition the IoT devices in V' into several disjoint
subsets as follows. We first construct an auxiliary graph G’ =
(V,E;w' : E+— R=2%) from G, where the weight w’(v;,v;) of
each edge (v;,v;) in E is the minimum flying time ¢(D;, D)
between neighborhoods D(v;) and D(v;), ie., w'(v;,v) =
¢(Dj, D;). We then obtain a graph G = (V, E") from G’,
by removing the edges with their weights strictly greater than
the given edge weight threshold 6; = % from G’. Assume
that there are ¢ connected components CC1,CCs,...,CC,
in G”, where g is a positive integer. We partition the devices
in V into ¢ disjoint subsets Vi, V3, ..., Vg, where V; is the set
of nodes in connected component CC; with 1 < j < ¢. Let
Vj = {v1,v2, ..., vy, }, where n; is the number of nodes in V.

Having the ¢ disjoint subsets V1, V5, ..., V,, we can find
an approximate shortest tour C to visit all neighborhoods
of nodes in each subset V;, by invoking an existing algorith-
m for the Traveling Salesman Problem with Neighborhoods
(TSPN) [9], where 1 < j < g. Assume that C; = p; —
p2 =+ — pn,; — p1, Where p; is a hovering location in the
neighborhood D(v;) of a node v; with 1 <1 < nj;.

Recall that wy(C;) represents the total time of a UAV
spent in tour Cj, where wo(C;) = Y2 w(p,pis1) +
S, p(v), w(py, piy1) is the flying time between p; and
pi+1, p(vr) is the duration of data collection from device v;.

We redefine the weight w)(p;,pi+1) of each edge

(P, pry1) in Cj as wy(pr, pry1) = w(pr, prv1) + %~

It can be seen that wy(C;) = Y2, wh(ppiy1) =
21 (wlp pra) + %) = Y2 wpnpis) +
Sy p(v) = w2 (Cy)

We finally obtain, say b;, subtours C;1,Cj2,...,Cjp,
from C; by the tour splitting procedure in [14], such that
the cost of each subtour C;; is no greater than B and the

number b; of obtained subtours is no more than [%/C;")L

. wh C;
ie., b; < [%}
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The set C; of obtained tours based on a given edge weight
§; then is C; = U?:I(U?il Cj.1). The detailed algorithm
for finding a set C; of tours that visit neighborhoods of
nodes in G based on a given edge weight J; is presented in
Algorithm 4.
Algorithm 4 Algorithm for finding a set of tours that visit all
neighborhoods of nodes in G based on a given edge weight
threshold 6;

Input: A graph G = (V,E;w: E— R2% p:V = R29), a
maximum delay B, and an edge weight threshold ¢;
Output: A set C; of tours so that the cost of each tour in C;

is no greater than B

1: Construct an auxiliary graph G’ = (V, E;w’ : E — R29)
from G, where the weight w’(v;, v;) of each edge (vj, v;)
in E is the minimum flying time c(D;, D;) between
neighborhoods D(v;) and D(v;);

2: Obtain a graph G” = (V, E”) from G’ by removing the
edges with weights greater than §; from G’. Assume that
there are ¢ connected components CCy,CCy,...,CC, in
G". Denote by V; the set of nodes in CC;; with 1 < j < q.

3: Let C; <+ (); /* the set of obtained tours */

4: for j < 1to q do

5:  Find an approximate tour C; to visit all neighborhoods
of nodes in Vj, by invoking the algorithm in [9] for the
TSPN problem;

6:  Split tour C; into, say b;, subtours Cj1,Cj o, ..., C’Lbj
so that the cost of each subtour is no greater than B
and b; < [“35;

Let Cz < 61 U {Cj,la Cj’Q, e

8: end for

9: return C;.

vcj,bj};

C. Algorithm analysis

Theorem 2: Given an IoT network G = (V, E;w : E —
RZ% p: V s RZ%), a maximum data collection delay B, and
the radius Ry of each neighborhood, there is an approximation
algorithm, Algorithm 3, for the minimum UAV deployment
problem with neighborhoods, such that the number of deliv-
ered tours is no greater than (27+108)\)- K* —(67.2A+12.5),
where K™ is the minimum number of tours, A = %, and r is
the UAV flying time for a distance of RRy.

Proof: The proof is similar to the one in Theorem 1
of Section III-C, omitted, due to space limitation.

Remark: Notice that the value of A\ usually is very
small. For example, a DJI Phantom 4 Pro UAV can fly at
a speed of 7 = 10 m/s [22]. Assume that the radius of each
neighbourhood is Ry = 500 m [1] and the maximum data
collection delay B is 30 minutes. Then, the value of A is

- Ry 500 7/n 1
_ n_ _ 10 m/s - =
A= B B 30 min 36° ©

In this case, the number of tours in C delivered by
Algorithm 3 can be upper bounded as

IC] < (274 108\)K* —12.5 — 67.2)

1
< 30K™* —14.36, where A\ = 36

Then, we have that |C| < 30K* — 15, as |C| is an integer. W

(10)

V. PERFORMANCE EVALUATION
A. Simulation Environment

We consider an IoT network area in a 5 kmx5 kmx 1 km
three-dimensional Euclidean space. There are from 100 to 500
IoT devices randomly deployed on the ground of the area. The
amount of to-be-collected data A; of each IoT device v; is
randomly chosen from an interval from 5 MB to 10 MB [33].
The data transmission rate b is 1 Mb/s [23]. The flying speed
n of each UAV is 10 m/s [22]. The maximum data collection
delay B ranges from 20 minutes to one hour. On the other
hand, when the data of each IoT device can be collected by
a UAV with wireless transmissions, we assume that all UAVs
hover at an altitude & = 300 m and the transmission range
R ranges from 400 m to 600 m [1]. Then, the radius of each
neighborhood is Ry = v R? — h? .

To evaluate the performance of the proposed algorith-
m approAlgNoNei for the minimum UAV deploymen-
t problem without neighborhoods, we consider three exist-
ing benchmarks. (i) Algorithm BTCAlg [13] proposed a
5-approximation algorithm for the problem. (ii) Algorithm
MCCPAlgl [32] delivered an improved 4%-appr0ximate So-
lution to the problem. (iii) Algorithm MCCPA1g2 [32] found
a 4%—approximate solution, by better refining the algorithm
MCCPAlgl. Notice that 4% < 4%.

On the other hand, to evaluate the performance of the
proposed algorithm approAlgNei for the minimum UAV
deployment problem with neighborhoods, in addition to the
three algorithms BTCAlg, MCCPAlgl, and MCCPAlg2 that
ignore neighborhoods, we compare with another benchmark
algorithm minMaxNei [7] that takes the neighborhoods into
consideration, which is to find a given number K of closed
tours to visit the neighborhoods of n nodes such that the
longest length among the K found tours is minimized, where
at least one location in each neighborhood must be visited by
a tour. We find the minimum number K of UAVs deployed by
invoking algorithm minMaxNei multiple times with different
numbers of UAVs, such that the longest tour length is no
greater than B.

B. Algorithm performance for the minimum UAV deployment
problem without neighborhoods

We first evaluate the performance of different algorithms
by increasing the number of IoT devices n from 100 to 500,
while fixing the maximum delay B at 30 minutes and the UAV
flying speed n at 10 m/s. Fig. 3(a) shows that the average
number of UAVs deployed by each algorithm increases with
the growth of the number of IoT devices n, as more UAVs need
to be deployed in a larger network. Fig. 3(a) also demonstrates
that the average number of UAVs by the proposed algorithm
approAlgNoNei is about from 11% to 19% less than those
by the three benchmark algorithms BTCAlg, MCCPAlgl and
MCCPAlg2. For example, the average numbers of UAVs
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Fig. 3: Performance of different algorithms for the minimum

UAV deployment problem without neighborhoods

by algorithms approAlgNoNei, BTCAlg, MCCPAlgl and
MCCPAlg2 are about 19.1, 24.4, 23.9, and 22.6, respectively,
when there are n = 300 IoT devices in the network.

We then study the performance of different algorithms by
varying the maximum data collection delay B from 20 minutes
to one hour, when n = 300 and n = 10 m/s. Fig. 3(b) plots
the performance of algorithms approAlgNoNei, BTCAlg,
MCCPAlgl and MCCPAlg2, from which it can be seen that
the average number of UAVs deployed by each algorithm
decreases quickly with the increase of the maximum data
collection delay B. Fig. 3(b) also shows that the average
number of UAVs by algorithm approAlgNoNei is around
from 9.5% to 15.5% less than those by algorithms BTCAlg,
MCCPAlgl and MCCPAlg2.

C. Algorithm performance for the minimum UAV deployment
problem with neighborhoods

We now evaluate the performance of different algorithms
for the minimum UAV deployment problem with neighbor-
hoods. Fig. 4(a) plots the performance of different algorithms
by varying the number of IoT devices n from 100 to 500,
when B = 30 minutes, R = 500 m and n = 10 m/s. It
can be seen that the numbers of UAVs by both algorithms
approAlgNei and minMaxNei are much smaller than
those by the four algorithms approAlgNoNei, BTCAlg,
MCCPAlgl and MCCPAlg2, as the former two algorithms
take the transmission range of each IoT device into consider-
ation, i.e., a UAV can collect the data of the IoT device when

'S
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T T 40
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=361 BTCAlg
AAMCCPAIg]
»x MCCPAlg2
A minMaxNei
sk approAlgNei

)
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(a) Vary the IoT network size n from 100 to 500,
when B = 30 minutes and 7 = 10 m/s
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(b) Vary the transmission range R of each IoT
device from 400 m to 600 m, when n = 300,
B = 30 minutes and n = 10 m/s
Fig. 4: Performance of different algorithms for the minimum

UAV deployment problem with neighborhoods

their Euclidean distance is no greater than the transmission
range, whereas the latter four algorithms do not consider the
transmission range and a UAV needs to fly to the location
of the IoT device to collect its data. In addition, Fig. 4(a)
shows that the average number of UAVs deployed by the
proposed algorithm approAlgNei is around from 14.5% to
18% less than that by algorithm minMaxNei. For example,
the average numbers of UAVs by algorithms approAlgNei
and minMaxNei are about 5.5 and 6.6, respectively, when
n = 100 IoT devices.

Fig. 4(b) shows the performance of different algorithms
by varying the transmission range R of each IoT device from
400 m to 600 m, when B = 30 minutes, n = 300 and
n = 10 m/s. It can be seen that the numbers of UAVs by
both algorithms approAlgNei and minMaxNei decreases
with the growth of the transmission range R, as the flying
distance of each UAV is shorter with a larger transmission
range R and the saved UAV flying time can be used for
collecting data from more IoT devices, thereby deploying less
UAVs. In contrast, Fig. 4(b) demonstrates that the numbers
of UAVs by the other four algorithms approAlgNoNei
BTCAlg, MCCPAlgl and MCCPA1lg2 do not change with the
increase of the transmission range, since the four algorithms
do not consider the transmission range and each UAV flies to
the location of each IoT device to collect its data. Finally,
Fig. 4(b) plots that the average number of UAVs by the
proposed algorithm approAlgNei is around from 6.5% to
15.5% less than that by algorithm minMaxNei.
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VI. RELATED WORK

Some existing studies considered a scenario of dispatch-
ing a mobile sink to collect data from sensors in an IoT
network. For example, Xu et al. [25] studied the problem
of dispatching a mobile sink to collect data from sensors
such that the lifetime of the network is maximized. Ren et
al. [23] investigated the problem of using a mobile sink to
collect data in a renewable sensor network deployed on a
roadside, such that the amount of data collected from all
sensors is maximized. On the other hand, there are also
some studies focusing on deploying multiple mobile sinks to
collect data from sensors. For example, Konstantopoulos et
al. [15] studied the problem of dispatching multiple mobile
sinks to collect sensor data to maximize the data throughput,
while ensuring network connectivity and balancing energy
consumption among sensors. They proposed algorithms to
cluster sensors in a network, find cluster heads, and determine
the rendezvous nodes, followed by dispatching mobile sinks to
collect data from rendezvous nodes. However, due to various
obstacles in the ground such as rocks, rivers and buildings,
mobile sinks can not move freely and they may not be able
to reach to the locations of some sensors.

There are some recent studies on the deployment of
UAVs to gather data in an IoT network. For example, Zhan et
al. [33] studied the problem of dispatching a UAV to collect
data from sensors so as to minimize the maximum energy
consumption among all sensors, while ensuring that sensor
data are reliably collected. Ebrahimi et al. [11] considered
the problem of clustering densely-located sensors, constructing
a data collection tree for each cluster, and finding a flying
trajectory for a UAV to gather data from cluster heads, so that
the UAV flying distance is minimized. Zhan et al. [34] studied
the problem of dispatching a UAV which starts from and ends
at a given location so that the number of sensors with their data
collected by the UAV within a given duration is maximized.
Li et al. [17] considered the problem of deploying an energy
constrained UAV to collect data in an IoT network in different
scenarios, one is that the hovering coverage of different sensors
do not overlap with each other, the other is that there are
coverage overlapping. They also considered a partially data
collection maximization problem. Notice that unlike existing
studies, we focused on dispatching the minimum number of
UAVs to collect data from an IoT network, subject to that
the spent time of each UAV tour is no greater than a given
maximum delay upper bound.

‘We note that there are some studies on the minimum cycle
cover problem without neighborhoods, which is to find the
minimum number of cycles to cover all nodes in a graph, such
that the length of each cycle is no more than a given bound B.
For example, Arkin et al. [3] first proposed a 6-approximation
algorithm for the problem. Khani et al. [13] then designed a
5-approximation algorithm. Yu et al. [32] recently designed
two approximation algorithms for the problem, one has an
approximation ratio 4% while the other has an approximation
ratio 4%. In contrast, the proposed algorithm in this paper can

deliver a 4-approximate solution. On the other hand, for the
single-rooted minimum cycle cover problem with each cycle
must contain a root node, Nagarajan and Ravi [21] proposed
an O(log B)-approximation algorithm, where B is the length
constraint of each tour. Dai er al. [6] studied the problem
of deploying the minimum number of charging vehicles to
fully charge a set of energy-critical sensors, by utilizing the
approximation algorithm in [21]. However, the cost of each
obtained tour by the algorithms in [6] and [21] may exceed
the length bound. In contrast, Zhang et al. [37] and Liang
et al. [19] proposed approximation algorithms for the single-
rooted minimum cycle cover problem, such that the length of
each obtained tour is no greater than the length bound B.

There are some studies on the Traveling Salesman Prob-
lem with Neighborhoods (TSPN) in a 2D Euclidean space,
which is to find a single shortest tour such that at least one
location in each disk is visited. When the radii of different
disks are equal, Adrian er al. [8] first proposed a 7.62-
approximation algorithm and recently improved the ratio to
6.75 [9]. On the other hand, when the radii of different disks
are different, Adrian et al. [10] devised a constant factor
approximation algorithm. In addition, Deng et al. [7] recently
studied the problem of finding K closed tours to visit all
disks in a 2D space, such that the length among the K found
tours is minimized, for which they proposed approximation
algorithms.

VII. CONCLUSION

In this paper, we first formulated the minimum UAV
deployment problem, which is to determine the minimum
number of to-be-deployed UAVs and find their data collection
tours to collect data from IoT devices in a network, subject to
that the total time spent in each tour in greater than a maximum
data collection delay. We then proposed a 4-approximation
algorithm for the problem without neighborhoods, which
improved the best approximation ratio 4% so far. We also
designed the first constant factor approximation algorithm
for the problem with neighborhoods. We finally evaluated
the performance of the proposed algorithms via simulation
experiments, and experimental results showed that the number
of deployed UAVs by the proposed algorithms are about 11%
to 19% less than those by existing algorithms.
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