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Abstract. Energy consumption is the first-class constraint for the
battery-powered Internet of Things (IoT) devices and sensors. By mov-
ing around a sensor network to gather data, a mobile sink (MS) can
greatly save sensor energy for multi-hop communication. To unlock the
potential of mobile sinks, we need to carefully plan the path a mobile
sink moves within the network for collecting information without com-
promising its coverage and its battery life. This paper presents a new
way to find the optimal information collection path for mobile sinks. We
achieve this by formulating the optimization problem as a classical Trav-
eling Salesman Problem with Neighborhoods (TSPN). We then design
a novel solver based on the particle multi-dimensional search algorithm
to quickly locate a good path schedule in the TSPN optimization space.
As a significant departure from prior work which uses multiple particles
to explore multiple potential solutions, our method uses only one parti-
cle for problem-solving. Doing so significantly reduces the complexity of
the algorithm, allowing it to scale to a larger sensor network. To ensure
the quality of the chosen solution, we have carefully designed the evo-
lutionary process for problem-solving. We show that our approach finds
a solution with similar quality as those given by a multi-particle-based
search, but with significantly less time. Simulation results show that our
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approach can find a high-quality path schedule compared to the state-
of-the-art algorithm in a large sensor network.

Keywords: Internet of Things · Mobile sink · TSPN · Single particle ·
Shortest path

1 Introduction

With the explosive growth of the Internet of Things (IoT), it has been widely
used in environmental monitoring, fire monitoring, battlefield exploration, and
other application scenarios [1]. In these applications, a large number of sensor
nodes are typically deployed over a wide area. Whenever a target event happens,
the sensor nodes of this field could perceive it, and send the relevant data to
the static sink node by multi-hop routing. We can see, these data will gradually
converge to the static sink node. And as time goes on, the sensor nodes that close
to the static sink node will inevitably consume more energy due to the heavy
burden of data forwarding. Whenever these sensor nodes run out of energy, the
static sink node also can’t receive data anymore. This phenomenon is called as
energy hole [2], and it could greatly decrease the lifetime of the whole network.

To address the ‘energy hole’ problem, researchers introduce mobile sinks (MS)
into sensor networks. The mobile sink is a sink node been installed on mobile equip-
ment, such as drones. The mobile sink collects data from sensor nodes along the
tour that composed of multiple collection sites (CSs). While the mobile sink pass-
ing through a CS could collect the data from the sensor nodes close to it directly.
As gathering data in this way, the sensor node no longer needs to forward data for
each other. Therefore, by using the mobile sink could greatly reduce the energy-
consuming of data forwarding and simplify the process of data collection. So the
mobile sink is a good solution to balance the energy consumption among the sen-
sor nodes and expand the lifetime of the whole networks [3–5], as compared to the
static sink node. Moreover, the mobile sink is closer to the sensor node during com-
munication than the static one, so it could achieve lower frame error rate and better
data collection quality. Besides, the mobile sink can be used for node positioning
and gain a significant improvement in accuracy [6,7].

But in practice, IoT is often been used in a wide-open area. And for the
mobile sink, its ability for data collection is limited by the speed range and
energy efficiency of the carrier platform. Compared with the static sink node,
the mobile sink may need more time to complete the data collection of the whole
network. But for now, it’s still difficult to improve the capability (including speed
or power supply) of the carrier platform. So, the most efficient way is to shorten
the length of the data collection tour. The shorter the data collection tour, the
lower the data collection latency for the whole network. So, it’s an urgent issue
to discover the optimal tour planning method for the mobile sink to minimize
the data collection latency. In this paper, we focus on how to obtain the shortest
tour of the mobile sink, so as to implement the minimum data collection latency.
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During the data collection, the mobile sink travels along a pre-planned tour.
Usually, the transceiver of the mobile sink is off for most of the time to save
energy, and it will be available for data collection while reaching the collection
sites. Base on this, we can see that how to determine the positions of the CS is
the key problem. So we can divide the tour planning algorithms of mobile sink
into two types according to whether use the sensor node’s location as a CS:

(1) Only using the sensor node’s location as the CS, the tour planning method
of mobile sink could be reduced to a traveling salesman problem (TSP)
problem [8–13,17–19].

(2) Without limiting the position of the CS, this tour planning problem could
be reduced to a traveling salesman problem with neighborhoods (TSPN)
[14,20–23].

For the TSP-based data collection methods, the mobile sink directly traverses
the position of each sensor node, without considering the communication range
of the sensor node. This method could simplify data collection. However, TSP is
an NP-Hard problem. Especially for large-scale IoT, TSP-based method would
consume a lot of computing resources, and this makes it difficult to be applied
in real applications.

Moreover, for TSP-based methods, the mobile sink must visit every sensor
node one by one. This means even with the fixed deployment field, the length
of the data collection tour will increase with a growing number of the sensor
nodes, and leading to greater data collection latency and energy consumption.
As a result, the TSP-based method has many problems in scalability and prac-
ticability.

In contrast to the TSP-based method, TSPN-based methods will be better.
In this kind of method, the mobile sink doesn’t directly traverse the positions of
sensor nodes, replaced by firstly finds out some collection sites (CSs) and only
traverses them. And the CS could be any location of the deployment area. We
can see, TSPN-based methods could be more flexible.

At the CS point, the MS can collect data from every sensor node within its
communication range. So TSPN-based method only needs to traverse fewer CSs
to complete the data collection, which means shorter data collection tour length
and shorter data collection latency. So the TSPN-based method could make full
use of the wireless communication capability and achieve high data collection
efficiency. Furthermore, in TSPN-base methods, the mobile sink directly gathers
data from every sensor node, so there are no more needs for support of network
structure or protocol. So it could extremely simplify the network structure and
reduce energy consumption.

To realize the TSPN-based method, the key challenge is how to choose the
CSs. To address this challenge, we propose a novel multi-dimensional searching
algorithm base on a single particle.

This algorithm inherits the concept of the particle from the particle swarm
optimization (PSO) algorithm. The particle is composed of a series of dimensions,
and each dimension represents the position of a CS. In this way, a particle could
represent a complete data collection tour.
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The traditional PSO algorithms usually use hundreds of particles, and each
particle needs to keep tracking the historical optimal solution of its own and the
population. Which requires extensive computation, then will seriously affect the
effectiveness of it in practice. And it will be worse to apply PSO for resource-
constrained IoT nodes.

To perform the advantages of the PSO and bypass the above problems, this
paper innovatively proposes a method with only ‘one’ particle to solve the TSPN
problem. Based on one particle, we transform the searching problem of optimal
data collection tour for the mobile sink into the searching problem of a single par-
ticle with different dimensions. Besides, to further reduce the complexity of the
algorithm, we employ a predefined non-uniform searching grid for each dimen-
sion. In this way, the continuous searching for each dimension is converted into a
discrete searching, which could greatly reduce the complexity and computation
of the algorithm.

The main contributions of this paper can be summarized as follows.

(1) In the process of using PSO to solve the best path of mobile sink, ‘one’
particle is used to reduce the computation.

(2) The global search for PSO is transformed into a local search for each dimen-
sion in ‘one’ particle.

(3) Preset grid is used in local search to further reduce the complexity of the
search.

With these approaches, our algorithm could greatly reduce computation and
energy consumption and gain availability in real scenarios. Simulation results
show that our algorithm could dramatically reduce the computation, at the
same time, it could guarantee the quality of data collection tour. So it could
reduce the data collection latency significantly.

2 Related Work

As a TSP-based method, [8] studies the relationship between the moving speed
of the mobile sink and the data collection efficiency in a random deployment.
MASP (Maximum Amount Shortest Path) is proposed to transform the finite-
time information collection problem into an integer linear programming problem.
The optimal path solution will be obtained by using the genetic algorithm and
a distributed approximation algorithm. [9] proposes a data acquisition protocol
DCPD for the mobile sink. This protocol selects collection points according to
the distribution of the sensor nodes and obtains the shortest data collection
route through these collection points based on the quantum genetic algorithm.
[10] summarizes the problem of data collection path length minimization as
a single hop data collection problem (SHDGP), then solve it by transforming
SHDGP into a mixed integer programming problem. [11] proposes an optimal
selection method of the mobile sink path based on the priority of virtual points.
This method could achieve the optimization objective that minimizes the energy
consumption of the whole network with the restriction of time delay. It could
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reduce the time complexity of the algorithm in case of a small increase in energy
consumption. [12,13] propose mobile sink data collection mechanisms based on
the information RP (rendezvous point). In these mechanisms, the sensor node
sends the collected information to the nearest RP node in a multi-hop manner,
and the mobile sink traverses each PR successively to collect data. [17] proposes a
routing algorithm called cluster-chain mobile agent routing (CCMAR). CCMAR
introduces data compression in the process of constructing the mobile sink path.
[18] proposes a path planning which is called EARTH. The main idea of this
algorithm is to consider the relationship between path planning and data produce
speed and buffer size of sensors. In [19], considering the relationship between the
packet loss rate and mobile sink’s speed, a path planning method with effective
energy and the minimum packet loss rate is proposed.

In the methods based on TSPN, in [14], the shortest information collection
path problem is regarded as a traveling salesman problem with the adjacent area
(TSPN). This paper proposes a heuristic algorithm to construct an information
collection path. [20] introduces MC-WSN architecture. Through active network
deployment and topology design, the number of hops from the sensor to the
moving sink is limited, thus improving the effect of path planning. [21] proposes
an algorithm is called BR-CTR. In this algorithm, the multi-hop transmission is
considered to reduce the delay time of data gathering. [22] considers an energy
balanced tree-based data collection strategy to improve the sensing efficiency of
the sensor network. To solve the problem of the coverage of the sensing area and
the coverage holes problem in WSN, [23] proposed an energy-efficient solution
based on the mobile sink.

3 Single Particle Multi-dimensional Particle Swarm
Optimization Algorithm

3.1 Algorithm Overview

In this section, to simplify the problem, we assume the communication radius of
the sensor nodes and mobile sinks are the same and the distribution of sensor
nodes is already known. Furthermore, we assume the transmission time between
the MS and sensor nodes is negligible as compared with the traveling time of
the MS [15]. With these assumptions, the data collection mission can be accom-
plished as the traveling tour been finished.

For now, the key to achieving the MS’s optimal data collection tour depends
on the answer of two challenges: how to choose the optimal CSs and how to
connect these CSs to form a shortest data collection tour. So the focus of this
paper can be summarized as follows: under the condition of given sensor node
distribution, select the appropriate CSs, and then connect these CSs to form
a shortest data collection tour. Mobile sink visits all CSs along this tour to
collect data and finally achieves the minimal data collection latency. The tour
construction problem, in this case, can be formulated as:

min |T | s.t.∀si ∈ S,∃stj ∈ ST, |si, stj | ≤ d T ∈ Γ (1)
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– |T | is the length of the tour;
– S is the set of sensor nodes;
– ST is the set of collection sites;
– Γ is the set of possible tours;
– |si, stj | is the Euclidean distance from si to sti;
– d is the effective communication distance of the sensors;

According to the above discussion, the first step is to select some CSs that
could cover all the sensor nodes within their communication range. Then the
second step is to figure out the optimal TSP tour involves all the CSs. Since
there are many mature methods to calculate the optimal TSP tour, so how to
realize the first step is the key challenge for us.

According to relevant studies, we know different sets of CSs will directly
cause the different length of MS’s tour and the size of data collection latency.
Therefore, the key to obtaining the optimal data collection tour is to find the
best number and the positions of CSs. However, the distribution of sensor nodes
is random in the real application. Moreover, even if the distribution of sensor
nodes is fixed, there are infinite possibilities for the sets of CSs.

For the data collection tour is a multi-dimensional structure composed of CSs,
so finding the best set of CSs is a typical multi-dimensional searching problem.
The most difficult part of this problem is how to find the best one from the
infinite combinations of CSs. We find that the PSO algorithm is one of the most
effective methods to solve this kind of problem. In the traditional PSO algorithm,
a particle is used to represent a feasible tour of the mobile sink. Each particle
involves several dimensions, and each dimension represents the coordinates of a
CS.

As shown in formula 2 and 3, in the traditional PSO-based information col-
lection tour solution, x is an ordered vector consisting of the positions of CHs
to represent a feasible solution. According to formula 2 and 3, x is iterated
continuously to obtain the optimal solution.

νk+1
id = ω × νk

id + c1 × γ1 × (pbestkid − xk
id) + c2 × γ2 × (gbestkid − xk

id) (2)

xk+1
id = xk

id + νk
id (3)

– xk
id: The d-th dimension (the location of the d-th CH) of particle i at time k;

– νk
id: The speed of d-th dimension of particle i at time k;

– ω: Inertia weight;
– c1: The step-length for the particle which follows to the best solution of itself;
– c2: The step-length that the particle which follows to the best solution of the

group;
– γ1 and γ2: Random values between [0,1];

Therefore, a particle can be considered as a multi-dimensional vector. The
data collection can be achieved by gradually moving the mobile sink along the
dimensions (CSs) of the particle.
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However, the traditional PSO algorithm usually involves hundreds of par-
ticles, and each particle needs to track the historical optimal solution of its
own and the entire swarm. These methods will consume more memory space
and more energy. But in the realistic application, MS’s computing capacity and
power supply are very limited, so it is difficult for them to implement the tour
searching by PSO. To address this problem, we improve the traditional PSO
algorithm from 4 aspects.

(1) We don’t use a large number of particles but only one particle, and it becomes
unavailable to use the tracking method of the traditional PSO algorithm.
This means the particle does not need to record the historical optimal solu-
tion of the other particle anymore. In this way, it can greatly reduce the
complexity of the algorithm, and the requirement of computing resource.

(2) Using a single particle, the main challenge is how to realize multi-dimensional
searching without traditional evolution proceeding. Here we propose a novel
multi-dimensional searching method that evolves from random searching. In
this method, we repeatedly select a dimension randomly, then search a better
position for it, iterating until finding the optimal data collection tour.

(3) While searching in each dimension, to further reduce the complexity, we
introduce a pre-built searching grid template. After selecting a dimension
randomly from the particle, we use the searching grid template to determine
the alternative dimension set. Since a dimension represents the position of a
CS, it is necessary to ensure that the mobile sink can still cover the same or
more sensor nodes when moving from the current position to the alternative
position. So, we must decide the alternative dimension positions one by one
and select these valid positions to form the final alternative dimension set.
After that, calculate the length of all TSP tour when the current dimension
is replaced by the dimension in the final alternative dimension set. Then
select the alternative dimension with the shortest tour length to update the
current dimension. Iterate the above process to get the best tour.

(4) As the algorithm runs, some of the dimensions in the particle may get closer.
Because this phenomenon could reduce the quality of the data collection
tour, we design a dimension merge method to merge the dimensions that
too closed. Through this method, we can optimize the data collection tour.

3.2 Algorithm Flow

Without loss of generality, the communication range of mobile sink and sensor
nodes is set as R. That is, while in the circle with the mobile sink as the center
and the R as the radius, the sensor nodes can transfer data to the mobile sink.
We assume the position of the sensor nodes is known.

At first, by using the traditional TSP algorithm, we get a TSP tour and
use it as the initial data collection tour. The next step is to randomly select
a dimension (CS) from the initial data collection tour. Then performing the
third step that the local searching for the selected CS. And this is right the key
of the whole algorithm. In order to simplify the searching process and reduce
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complexity, we design a pre-build search grid template. Its principle is shown in
Fig. 1.

First of all, we assume the randomly selected CS is RPi and ̂RP i is the new
position that RPi will move to. The black dots in Fig. 1 represent the sensors in
the WSN. From Fig. 1, we can see that the greater the distance between the RPi

and ̂RP i, the less overlap their coverage. Furthermore, the smaller the overlap
area, the fewer sensor nodes in the overlap area.

Fig. 1. The relationship between the distance of CSs and overlapping areas.

MS only collects data from sensor nodes at CSs. So we can see, if the MS
moves from RPi to ̂RP i, as shown in Fig. 1(a), the probability of it to cover the
sensor nodes becomes greater. In the case of Fig. 1(c), the probability is small.
Therefore, we can move the position of CS bit by bit while maintaining the same
coverage, and at the same time optimize the data collection tour gradually.

The next challenge is how to find the best ̂RP i. Here we propose a searching
grid template to solve this problem. Since we take the CS’s coverage as a circle,
we set the area covered by RPi as S1 and the overlap area of RPi and ̂RP i as
S2. According to the percentage S2 over S1, a searching grid template with 4
layers is constructed, and the searching circles from inside to outside represent
the percentage 95%, 90%, 80%, and 70%. The radius of the searching circle can
be calculated from the percentage and R. The same number of grid points is set
on every searching circle. Finally, we construct a searching grid template with 4
layers and 32 grid points, as shown in Fig. 2.

As shown in Fig. 2, we select the points in 8 directions of each layer
as grid points. For convenience, we mark the grid points as gpki , i ∈
{0.95, 0.9, 0.8, 0, 7}, k ∈ {1, 2, ..., 8}. Where subscript i represents the percent-
age of overlap, superscript k represents the index of the grid point and the value
from 1 to 8.

So the algorithm flow can be described as follows:
Step1: Generate a TSP tour based on all sensor nodes as the initial tour.
At this time, the position of every sensor node serves as the CS. The tour is

mapped to a single particle. Generate the searching grid template as shown in
Fig. 2.

Step2: Multi-dimensional searching for single particle.
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Fig. 2. The search grid template of
RPi.

Fig. 3. The flow of the single particle
multi-dimensional searching algorithm.

Select a random dimension (CS) in the particle;
The searching grid template is superimposed on the position of the CS

selected in the previous step to obtain the alternative position set according
to the searching grid template.

Search for each position in the alternative position set. Maintaining coverage,
determine which position will reduce the tour length most. Select this position
to update the selected CS.

Step3: Merge CSs.

Calculate the Euclidean distance between adjacent CSs. If the distance is less
than 0.1R, arrange the sensor node sets covered by these two CSs respectively.
If there is one CS that could cover all the sensor nodes set by the others, then
delete the other CSs from the tour.

Step4: Calculate the fitness value.

Fitness value is used to define the effectiveness of the tour. In this algorithm,
we select the tour length as the fitness value of the particle. The smaller the
fitness value, the better the tour.

Step5: Exit condition judgment.

In order to improve the computing speed of the algorithm, we set the algo-
rithm exit condition as followed: if the rate of change of fitness value is less than
0.1% in 100 iterations, the algorithm exits. If the algorithm doesn’t terminate,
return to Step2.

Step6: Output the optimal data collection tour and the fitness value.

Figure 3 is an example of our algorithm.
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4 Analysis of Simulation Results

We evaluate the performance of our algorithm and compare it with the tra-
ditional TSP and the COM algorithm [16]. For convenience, we refer to our
algorithm as APMDSA.
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Fig. 4. Tour length and run time with different communication radiuses.

In the simulation, we use the same settings as in [16]. We consider a sparse
square sensing field with size 500 m 500 m, where 50 to 100 nodes are uniformly
deployed at random. The sensor node and the mobile sink have the same com-
munication range, which is set from 20 m to 100 m. We generate 100 topologies
for each case, and each topology is simulated 50 times. Our simulation is run on
a 3.00 GHz CPU and 8G memory.

At first, the communication radius is 50 m and 100 m, and the number of
sensor nodes increases from 50 to 100 step by step. Simulation is performed
for these three algorithms, and the results are shown in Fig. 4. Then we fix
the number of sensor nodes as 50 and 100, and the communication radius of
sensor nodes gradually increases from 20 m to 100 m. The three algorithms were
simulated again, and the results are shown in Fig. 5.
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In Fig. 4, fixing the communication radius, the optimal tour length obtained
by these three algorithms gradually increases no matter the number of sensor
nodes is 50 or 100. Because as the number of sensor nodes increases, the number
of CSs that the mobile sink needs to traverse also increases simultaneously, and
this will increase the tour length. With a different number of sensor nodes, we
can see that the performance of TSP is the worst. Because in the TSP, the
position of each sensor node is the CS, which means the mobile sink needs to
traverse every sensor node’s position to perform the data collection. So the tour
length obtained by TSP is the longest.

Compared with the TSP, the performance of the COM has been greatly
improved. Since the COM merges adjacent CSs according to the overlap degree
of adjacent CSs’ coverage. The tour generated by the COM comprises fewer
CSs, so the tour length is relatively better. Our APMDSA algorithm has the
best performance. In the case that the communication radius is 50 m and the
node’s number is 50, the tour length generated by APMDSA is 30% shorter
than the COM algorithm. If the number of sensor nodes increases to 100, the
advantage of APMDSA expands to 33%. As evaluate time consumption, while
the number of nodes is 50 and the communication radius is 50m, the running
time of APMDSA is 12.5% of COM. While the number of sensor nodes increases
to 100, the running time of APMDSA is only 4.6% of COM.

The number of sensor nodes is fixed as 50 and 100, while the communication
radius increased from 20 m to 100 m, the simulation results are also similar and
the TSP is still the worst. With the communication radius increase, since both
COM and APMDSA take into account the communication range, their perfor-
mance will be improved accordingly. Moreover, with a larger communication
radius, the mobile sink can collect data from the sensor nodes within a larger
range. Therefore, with the increase of communication radius, the performance
improvement of COM and APMDSA expands, and APMDSA improves more.
As can be seen from Fig. 5, when the number of sensor nodes is 50 and the com-
munication radius is 100 m, the tour length of APMDSA is reduced by 35% as
compare to COM. If the number of sensor nodes increases to 100, the advantage
of APMDSA increases to 45%. In terms of time consumption, the advantages
of our algorithm are more obvious. While the number of sensor nodes is 50 and
the communication radius is 100 m, the operation time of APMDSA is 7% of
COM. While the number of sensor nodes increases to 100, the running time of
APMDSA only is 1% of COM.

These results show that APMDSA has achieved excellent performance under
different simulation settings. APMDSA can effectively reduce the length of the
data collection tour of the mobile sink, thus reducing the data collection latency
of the whole network.
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Fig. 5. Tour length and run time with different numbers of sensor nodes.

5 Conclusions

Data collection is very important for IoT applications. The use of the mobile
element makes it possible to collect data within the communication range dur-
ing the movement of the mobile sink. At the same time, this method can reduce
the complexity of the network protocol. In this paper, we propose a novel algo-
rithm to finding the optimal data collection tour for the mobile sink in IoT
applications. We fully consider the wireless communication ability of the sen-
sor node. Our algorithm selects several CSs and obtains the shortest tour by
the multi-dimensional searching method within single-particle. This algorithm
greatly reduces the complexity and computation of the searching method. The
simulation results show that as compared with the TSP and COM, it can obtain
a better data collection tour and further extend network lifetime. As compared to
the other TSPN-based algorithms, the proposed algorithm has a simpler struc-
ture and better expansibility. Therefore, our algorithm is very suitable for large-
scale networks.
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