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Abstract
Industrial wireless sensor network (IWSN) has changed the information transmission way for existing industrial
control system. In mobile sink-based industrial wireless sensor networks, the energy consumption optimization for
data collection has always been a hot research issue. To meet the delay requirements and minimize energy
consumption, a data collection strategy based on ant colony optimization with mobile sink is proposed for
industrial wireless sensor networks. Firstly, in order to reduce the number of nodes directly accessed by sink and
shorten the traversed path, the selection of rendezvous nodes based on entropy weight method is introduced
according to the density of nodes, relative residual energy, and the degree of uniformity of distribution. Then,
secondly, an ant colony optimization algorithm is proposed to obtain the optimal access path for mobile sink,
which can achieve a trade-off between the energy consumption of the network and transmission delay. The
simulation results show that, compared with the existing algorithms, the proposed algorithm can minimize the
delay and prolong the lifetime of the network.
Keywords: Industrial wireless sensor networks, Delivery latency, Energy efficiency, Mobile sink

1 Introduction
Although the wireless sensor networks have been proposed, studied, and developed for more than a decade of
years, there are still a lot of challenging issues especially in
various industrial scenarios. Industrial wireless sensor networks (IWSN) is composed of autonomous sensor nodes
distributed in monitoring area, which can acquire physical
and environmental data such as temperature, sound,
vibration, pressure, and movement. It has demonstrated
enormous applicable value and commercial potential in
aspect of military, industrial, and civil fields, such as,
battlefield monitoring, industrial control process, machine
operation, home automation, and traffic monitoring [1].
Due to limited battery power and laborious replacement
of sensor nodes, energy efficiency is one of the most
important issues in wireless sensor networks. With the
scenario of static sink node, data forwarding in multi-hop
manner will cause traffic concentration and make sensor
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nodes near the sink undertake more energy consumption.
Hot-spot problem will worsen the network lifetime and
even affect the operation of normal sensor nodes [2].
To deal with hot-spot problem, data collection using
mobile sink in wireless sensor networks have been put forward in recent years. By using mobile sink node to travel
in a certain path, it can reduce the energy consumption of
sensor nodes and makes the energy consumption more
balanced in the whole network [3]. Commonly, each node
will be traversed by mobile sink node in turn, and the
distance between them can be cut down to one hop. Then,
the energy consumption for data forwarding will achieve
the optimal resolution as well as high message delivery
latency. For large-scale deployment, data collection efficiency will be very poor. A feasible solution is to tolerate a
certain delay to compensate for the energy consumption
and delay of data collection [4]. The whole network will
be divided into several routing trees, and some sensor
nodes act as rendezvous points. The other nodes forward
the data to nearby rendezvous points, which can be traversed by mobile sink individually for data aggregation.
Obviously, the mobile sink-based mode and path selection
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directly affect the efficiency of data collection and the
overall performance of the network. Therefore, how to
improve the energy utilization and collect as much data as
possible with certain time delay constraint has become an
important evaluation factor of the system. In this paper,
we focus the network lifetime problem for time-sensitive
data gathering and study the optimal visiting points and a
data collection path for a mobile sink.
The rest of this paper is organized as follows. Section 2
shows the methods in industrial wireless sensor networks.
Section 3 discusses the related work of data acquisition.
Section 4 designs an optimal energy consumption model
for industrial wireless sensor. The ant colony optimization
algorithm is proposed in Section 5. Section 6 shows the
simulation experimental results and concludes the paper
with summary and future research directions.

2 Methods
Since the mobile sink-based mode and path selection
directly affect the efficiency of data collection and the
overall performance of the network, we performed this
study to improve the energy utilization and collect as
much data as possible with certain time delay constraint.
To reduce the number of nodes directly accessed by
sink and shorten the traversed path, the selection of
rendezvous nodes based on entropy weight method is
introduced according to the density of nodes, relative residual energy, and the degree of uniformity of distribution.
Next, ant colony optimization is applied to obtain the
optimal access path for mobile sink so as to achieve a
trade-off between the energy consumption of the network
and transmission delay.
3 Related work
Data collection is one of the most basic applications in
industrial wireless sensor networks. When the node senses
interesting events and collects data, it sends them to sink
through single or multiple hops. Due to the energy constraints of sensor nodes, it is necessary to maximize the
lifetime of the network on the basis of acquire efficient
data delivery [5, 6]. Accordingly, the trajectory of mobile
sink may have a direct impact on the data delivery tasks in
mobile sink-based data collection schemes. Sink mobility
patterns in industrial wireless sensor networks can be
classified as random mobility pattern, fixed-path mobility
pattern, and controlled mobility pattern.
Recently, a number of data collection schemes have
been proposed for mobile sink-based WSNs. Emre et al.
[7] compared static and mobile data collection methods
for sink nodes and establishes an optimization model of
network lifetime. By being transformed into a linear
model, the optimal solution of the trajectories of the
mobile sink can be obtained. Guo et al. [8] proposed a
converge-cast algorithm for efficient data collection in
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MWSNs. The monitoring area is divided into several
disks, and the rendezvous points (RPs) that are referred as
specialized nodes working as sub-sinks will be chosen by
employing quantum genetic algorithm. In [9], by conducting systematic analysis on the behaviors of the mobile sink
in terms of both throughput capacity and lifetime of the
network, Liu et al. presented a mobility-assisted data collection model and developed a comprehensive theoretical
method to achieve beneficial throughput capacity and lifetime. Kumar et al. [10] proposed a clustering algorithm to
divide all nodes into different clusters according to their
location and employed classical traveling salesman algorithm to find the shortest path through all cluster centers.
The time complexity of those algorithms increases sharply
with the increase of the number of sensor nodes. Therefore, they are more suitable for scenarios with less number
of sensor nodes and data transmission hops.
Other scholars study the selection method of sink node’s
mobile path in a distributed manner. Lee et al. [11] integrated the initial address, data collection routing, and
dwell time of sink nodes to establish a linear programming
model to obtain the optimal mobile sink sojourning pattern. Besides, by utilizing the variance of residual energy
of neighboring sensor nodes, a simple practical heuristic
algorithm for sink mobility is presented to alleviate the
risk of disequilibrium of energy consumption among
sensor nodes. Wang et al. [12] proposed a moving strategy
called energy-aware sink relocation (EASR) for mobile
sinks, which employs the information related to the node’s
residual energy and adjust the transmission range of
sensor nodes and the relocating scheme for the sink adaptively. Wichmann et al. [13] employed the aircraft as a
mobile sink node to collect the storage data of sensor
nodes. According to its mobility characteristics, the
mobile path based on TSP (traveling salesman problem)
algorithm is reconstructed. In addition, the path is dynamically adjusted according to the estimated time of data
collection to minimize the transmission delay. However,
the algorithm does not consider the optimization of
energy consumption of sensor nodes and network lifetime.
Tashtarian et al. [14] established a network lifetime
optimization model for data collection in a single-hop
mode by using the location information of nodes and constructs a decision tree to solve the optimization model to
obtain the mobile path of sink node. Ghosh et al. [15]
decomposed the monitoring region into several triangulars, generating circles passing through three vertices of
the triangle. Then, each circle center can be regarded as
the RP. Sink node make use of greedy algorithm to determine the next residence location. However, due to the
single-hop mode, the communication range of sink is
limited. For the sake of data integrity of the whole monitoring region, it results in a longer mobile path and a
higher data transmission delay. Shi et al. [16] proposed a
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routing protocol with dynamic layered to handle the overhead of mobile sink, which integrates Voronoi scoping
and dynamic anchor selection to reduce the number of
message interactions for updating routing tables.
The problem with sink mobility is concerned with the
increase of data latency. Due to the mobility of sink
nodes, some sensor nodes may have to wait for a long
time consequently, which will cause the buffer overflow
and increase the latency in data delivery. To achieve efficient data delivery to mobile sink, Kim et al. [17]
designed an intelligent agent-based routing protocol for
densely deployed and large wireless sensor networks.
Pavithra et al. [18] proposed a weighted set programming algorithm based on rendezvous point (RP). By
optimizing the data forwarding route from source node
to fixed sink, the weight of each sensor node was calculated, and then the node was dynamically selected as the
set point to realize that sink could traverse all the set
points for efficient data collection. Wang et al. [19] proposed an optimal path construction method of variablelength coding parthenogenetic algorithm based on quadratic grid partitioning. Firstly, coarse-grained grids were
used to partition the network area, and variable-length
coding parthenogenetic algorithm was used to obtain
the optimal path grids. Then, according to the initial
optimal path constructed, fine-grained grids are used
again for each passing grids to optimize the data collection
path. Aiming at the problem of large delay caused by the
speed constraints of mobile sink, Yu et al. [20] proposed a
path optimization strategy. Based on the mathematical
analysis of the relationship between delay and network energy consumption, a dynamically adjustable weight of
Node’s priority to data delivery is proposed. The optimal
node weight is obtained by simulated annealing genetic
algorithm, and the convergent node and the optimal
mobile path finally can be resolved by multiple iterations.
However, none of the aforementioned approaches have
considered minimization of both the stated objectives
simultaneously. As this is an NP-hard problem [21], we
are motivated to develop a data collection strategy based
on ant colony optimization for wireless sensor networks
with mobile sink.

4 Proposed methods
4.1 System model

Suppose that sensor nodes are randomly deployed in a
rectangular monitoring area to form a multi-hop selforganizing network. The sensor network is fully connected, and all nodes have unique identities and are no
longer mobile after deployment. Also, they are powered
by limited energy and can not be supplemented. Each
node should be configured with the same communication
radius r and has the same initial energy E0. Sink node is
capable of mobility and has external power supply. To
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reduce the high transmission overhead caused by longdistance transmission, the sensor node can forward data
packets to the destination by multi-hop mode.
The sensor nodes can be classified into two kinds:
rendezvous node (RN) and ordinary node, and RNs can
communicate directly with sink [22]. Comparatively, the
ordinary node needs to send data to specific RN through
a multi-hop mode. When sink node has not moved to
the communication range, RN can put the aggregated
data into the cache beforehand. Once the sink move
along a certain trajectory and stay away with the RN
within one hop, it can send to the sink directly. The
first-order radio model is applied for energy depletion
analysis, and the energy consumption in each round can
be expressed as follows:
E total ¼

n 
X

etr k it þ erec k ir



ð1Þ

i¼1

In which, etr and erec represents the energy consumption for sending or receiving unit data. k it and k ir represent the amount of data being received and sent by
node i, respectively.
Assuming that the amount of data generated by each
node in each round is q, there exists a relationship
between the data received and the data forwarded by
relay node i, i.e., k it ¼ k ir þ q . Then, it can be deduced
that the energy consumption of data transmission in the
whole network is related to the number of hops during
the data transmission, which can be given as
n
X

k ir ¼

i¼1

n
X

ð2Þ

hi q

i¼1

where hi represents the minimum hop number that
the node i sends data to the fusion node.
Further, the total energy consumption can be expressed
as the sum of the minimum hops among all sensor nodes,
as shown in formula (3).
E total ¼

n 
X

etr k it þ erec k ir



i¼1

n  
X


¼
etr k ir þ q þ erec k ir
i¼1
"
#
n
X
¼ q netr þ
ðetr þ erec Þk ir

ð3Þ

i¼1

It can be seen that optimization of the total energy
consumption is equivalent to minimizing the sum of the
hops from the ordinary nodes to fusion nodes. In the
process of mobile sink’s data collection, the number of
hops depends on to the selection of rendezvous points
of mobile sink. Therefore, the choice of sink mobile
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trajectory directly affects the energy consumption of the
whole network [23].
4.2 Data collection strategy with delay constraint

According to the previous analysis, to achieve the delay
requirements and minimize the overall energy consumption of the network, it is necessary to optimize the sink
point trajectory in wireless sensor networks [24]. Furthermore, by considering delay constraints, the solution of
optimal sink mobile path reduces the overall energy consumption. On the one hand, it is necessary to solve the
optimal set of RNs to satisfy with the minimization the
total energy consumption. On the other hand, the
optimization of travel path selection by mobile sink needs
to be fully considered to accord with the constraints for
time delay [25].
For a given set of sensor nodes S = {s1, s2, ⋯, sn} and
the set of RNs V = {v1, v2, ⋯, vK}, an undirected graph
G = {Ψ, E} can be constructed with a collection of edges
E, and Ψ = S ∪ V. The problem of data collection with
mobile sink can be transformed into Traveling Salesman
Problem. By constructing the path set PATH(G) for data
collection based on the undirected graphs G, it will
ensure that the hops from any ordinary node to RN can
not exceed the limit value hmax as well as obtaining the
minimization of the total energy consumption.
Let Pi ¼ fpi;1 ; pi;2 ; ⋯; pi;k i g denote the set of all paths
from the sensor node i to its adjacent RN node set, in
which pi, j is the j-th path from ki data forwarding paths.
Therefore, the location selection of RNs can be formulated
as an optimization problem:
min E total ðP Þ

P∈P s ðGÞ

s:t:
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may take into account comprehensively about the
factors, including the node’s density, relative residual
energy, and uniformity of distribution. As a regional
center directly interacts with sink, RN is responsible for
data fusion of other nodes within a certain range and
has to undertake more energy consumption [26, 27].
The ratio of residual energy to initial energy of a node is
defined as relative energy. In order to achieve better
energy consumption balance, the larger the relative energy
is, the node can be more competitive. In addition, the
node density is defined as the number of nodes in the
communication range. The higher the node density, the
lower the average energy depletion of nodes will demonstrate during the course of inter-cluster communication.
By taking into account of the balanced distribution of RNs
in the whole network, it is beneficial to improve the overall transmission efficiency of the network. Therefore, the
nodes with larger centroid degree, i.e., the degree of proximity between a node and its neighbors, should be
selected as far as possible. Based on the above analysis, the
relevant indicators are defined as follows:
8
E res ðiÞ
>
>
f1 ¼
>
>
E0
>
>
>
covðiÞ
>
>
X
>
f2 ¼
>
>
>
covð jÞ
>
>
>
<
j∈neighbor ðiÞ
DðiÞ
>
f3 ¼
>
>
max
DðiÞg
>
vfﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
>
>
!2
!2
u
>
>
n
n
X
X
u
>
>
1
1
t
>
>
x j þ yi − n
yj
xi − n
>
>
>
j¼1
j¼1
>
: D ¼ 1−
i
r

ð5Þ

∀P i ∈PATH; ∃pi; j ∈PATH; dist ði; jÞ þ dist ð j; vðiÞÞ ≤ hmax r

max fhði; vðiÞÞg≤ hmax 1 ≤ i≤ n; 1≤ j ≤ jP i j

i¼1;2;⋯;n

ð4Þ
where dist(i, j) is the Euclidean distance between node i
and j. v(i) is the next-hop RN being chosen by node i,
and the number of the corresponding hops can be
defined by h(i, v(i)). Besides, r indicates the communication radius of the sensor node.
For any node j on the path Pi, the sum of the hops to
the access path does not exceed the threshold of hmax.
Since the Euclidean distance between two adjacent
nodes is less than the communication radius r, the sum
of the distance from node j to v(i) and the distance
between node j and i can be no more than hmaxr.
4.3 Determination of rendezvous points

In order to ensure the overall energy depletion of the
network being balanced, the selection of resident points

where Eres(i) represents the residual energy of node i
and E0 is the initial energy. cov(i) denotes the number of
nodes within the communication radius of node i, and
neighbor(i) represents the neighbor nodes set. In
addition, D(i) is defined as the centroid degree of node i.
The weight of each indicator is determined by entropy
weight method. First of all, normalize the above indicators as:
~f ¼
m

f m ðiÞ− minf f m ðiÞg
maxf f m ðiÞg− minf f m ðiÞg

ð6Þ

where max{fm(i)} and min{fm(i)} denotes the original
minimum and maximum value of the index function,
respectively. fm(i) is the m-th index function of node i.
Next, the group vector entropy and weight values can
be calculated as:
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8
1 X~
>
< U m−
f m ðiÞ ln ~f m ðiÞ
ln K
1−U m
>
: wm ¼ P
ð1−U m Þ

ð7Þ

According to the index function value and the weight
value, the comprehensive evaluation of each node can be
determined by formula (8). The sensor node with higher
value will be chosen as the candidate resident point.
X
Cand RN ðiÞ ¼
wm ~f m ðiÞ
ð8Þ
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optimal. Therefore, it is reasonable to choose the access
node based on the energy cost and distance from mobile
sink. By defining the effect of RN selection on global
energy consumption in utility priority metric path, we
introduce the concept of path superiority as a criterion for
ant path evaluation after a round. The smaller the superiority is, the better the path quality will be. Then, the
path superiority can be defined as:
PRðiÞ ¼ λ1

E ðV k a ∪fvi gÞ−E ðV k a Þ
E ðV k a Þ−E ðV k a −fv0 gÞ
þ λ2
;
TSP ðV k a ∪fvi gÞ−LðV k a Þ
LðV k a Þ−TSP ðV k a −fv0 gÞ

TSP ðV k a ∪fvi gÞ≤Dm V m

4.4 Path selection based on ant colony optimization

Ant colony optimization (ACO) is a kind of bionic technique inspired by the behavior of real ants from nature
[28]. By finding optimal paths through graphs, it demonstrates good enough performance for solving combinatorial optimization problems and near-optimal solutions
to the travelling salesman problem. Basically, ant colony
optimization algorithm is a kind of positive feedback
mechanism, which has the characteristics of randomness, adaptability, and distribution. It is suitable for
parallel computation and accurate solution [29]. However,
there are two disadvantages in traditional ACO algorithms. One is the operational inefficiency owing to the
diversity of ants, the other is that it is easy to fall into local
convergence and the obtained path usually can not meet
with the optimal solution [30].
When sink obtains the set of RNs Ψ = {v1, v2, ⋯, vK},
the planning of the travel path can be approximated to
TSP problem, which can be resolved approximately by
adopting ant colony algorithm. During the course of the
current node ants choosing the next-hop node from the
neighboring node set, the probability of selection is
crucial. Denote τij(t) as the pheromone concentration on
the path from node i to j. The heuristic function ηij(t)
can be defined as: ηij(t) = 1/|d(i, sink) − d(j, sink)|, which
indicates the expected degree of ants from i to j. d(i,
sink) and d(j, sink) represent the distance from the
mobile sink to either the current RN or the next one,
respectively. N k a denotes the set of RNs to be visited by
ant ka. In addition, α, β are parameters to regulate the
relative weight of the pheromone trail and heuristic
value, which can be satisfied with α ≥ 0, β ≥ 0, α + β = 1.
Hence, the probability of moving from RN i to j can be
expressed as follows:
8 
iβ
α h
>
>
τ ij ðt Þ  ηij ðt Þ
>
<X

β ; k∈N i
ð9Þ
pij ðt Þ ¼
½τ iu ðt Þα  ηiu ðt Þ
>
>
>
u∈N
Ki
:
0;
other
For the distance constraint, the gain of the access points
set with minimum energy consumption is obviously

ð10Þ
In which, V k a represents the RN set being visited,
LðV k a Þ indicates the corresponding shortest path length,
and EðV k a Þ represents the total energy consumption for
transferring data to RNs.
According to the ratio between energy gain and distance
cost, path superiority can evaluate the influence of global
optimal solution for candidate node to be selected as next
hop. Then, the determination of the relative can impact
on the pheromone and the heuristic for the decision of
the ant.
Furthermore, after the ants end their tours, the pheromone trail amount on every edge (i, j) is updated by
τ ij ðt þ 1Þ ¼ ð1−ρÞτ ij þ ρΔτ ij ðt Þ

ð11Þ

where ρ is the local pheromone decay parameter and
Δτij(t) is the added pheromone trail amount at the point
t.
The forward ants move from access point i to j for
pheromone updating, and the updating rules are as
follows:
Δτ ij ðt Þ ¼

QL E ð jÞÞ
E ðiÞ þ d ði; jÞ

ð12Þ

where QL represent the local pheromone concentration. E(i) and E(j) represent the energy consumption for
data being migrated from the member nodes to RN i
and j, respectively. d(i, j) is the Euclidian distance.
Subsequently, the backward ants go back to the source
along the reverse path and complete global pheromone updating, and the corresponding updating rules can be given
as
Δτ kija ðt Þ ¼

QG
PATH ðG; k a Þ  PRðiÞ

ð13Þ

where QG represents the Global pheromone concentration and PATH(G, ka) is the path length of the ant ka.
Formula (13) shows that updating pheromones through
path superiority ensures the energy requirement of the
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Fig. 1 The average delay of data collection

path and takes into account the energy balance, which is
conducive to improving the efficiency of data collection.

5 Experimental results and analysis
In this section, several numbers of simulations are conducted and evaluated to verify the performance of our proposed method. The main parameters of the environment
are as follows: the sensor nodes are randomly deployed in a

rectangular monitoring area of 200 × 200 m, the initial energy of all sensor nodes is 2 J. The communication radius is
equal to 50 m, and the delay requirement is set as 10 min.
The energy consumption of transmitting and receiving circuits in the energy consumption model is set to 50 nJ/bit,
and the moving speed of mobile sink is fixed to 2 m/s. Besides, λ1 and λ2 is equal to 0.5. The proposed method is
compared with related works, data-driven routing protocol
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(DDRP) [31] and self-managed grid-based data dissemination protocol (SGDD) [32], for data aggregation with mobile sink.
Figure 1 shows the comparisons of the average delay of
data collection in mobile sink mode. In order to reflect
the global performance and avoid the impact of energyexhausted nodes in advance, the rounds without a dead
node is selected. From the experimental results, it can be
seen that DDRP takes the longest time to complete a cycle

of data acquisition, followed by SGDD and proposed
method. The reason is that DDRP needs more nodes to
access directly and the relay nodes in the network are
dispersed, which bring about the transmission of data over
long distance. In the proposed method, the priority of RN
nodes can be defined to optimize the travel path of a
mobile sink. The data collection efficiency of sink is
improved and the data collecting latency can be reduced
more sharply than other algorithms. Especially, when the
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nodes are distributed densely, the difference of average
delay is more obvious.
Figure 2 shows the comparisons of the average energy
consumption of the three algorithms under different hop
limits. Basically, when the maximum hop number is set as
3 or 4, SGDD and PROPOSED can achieve the optimal
average energy consumption. It demonstrates that the
overall energy consumption of the network can not reach
the optimal state under the condition of single hop mode
and excessive hops. This is because by employing irregular

clustering, and the long forwarding path from some subnodes to the sink node in SGDD, will lead to a significant
increase in aspect of the overall energy consumption when
the number of hops increases. Similarly, if setting the
maximum hops without restraint, it will lead to excessive
energy consumption of RNs for data aggregation and be
not conducive to the minimization of average energy consumption. Comparatively, the average energy consumption is not sensitive to maximum hop constraints in
DDRP. However, the experimental results clearly show
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that the average energy consumption of DDRP is much
higher than that of the other two algorithms.
Next, to verify the effectiveness of the proposed algorithm, its performance is compared with DDRP [31] and
SGDD [32] in terms of the average hops, average residual energy, and network life time for different numbers of sensor nodes. Figure 3 illustrates the average
number of hops from normal nodes to mobile sink for
different numbers of sensor nodes. As it can be seen
from the result, the average hops from source node to
mobile sink demonstrates less variation by our proposed
method, which is beneficial from a set measure used in
multi-objective optimization to estimate the RNs. SGDD
takes the nearest node from mobile sink as the root
node to dynamically construct the number of routes,
and lacks of global consideration, which affects the stability of average hops. By utilizing a random clustering
method rather than probabilistic model to weaken the
impact of “hot spot” problem, it makes DDRP’s performance lag behind other algorithms.
Figure 4 illustrates the average residual energy of
nodes when network ends. When the network is no longer able to support normal task, the average residual energy of surviving nodes reflects the utilization of node
resources and whether the energy consumption of nodes
is balanced in the process of operation. By considering
the residual energy of candidate nodes, our proposed
method handle the nodes near the resident point with
priority and make the mobile sink change its moving
trajectory to balance the energy consumption of the
nodes. In contrast, the cluster heads usually are far away

from the mobile sink in DDRP, which affects the energy
balance of the network negatively.
In Fig. 5, we compare the network lifetime for
different numbers of sensor nodes. The network lifetime
in this test is defined as the time when the first node
runs out of its energy. From the simulation results, the
lifetime of our proposed method can achieve higher than
that of both SGDD and DDRP in all cases. The reason
behind the increased network lifetime manifests the
highly available data gathering strategy and moving trajectory strategy with ACO optimization, which can result in minimum energy consumption and better load
balancing among the sensor nodes. In DDRP, the mobile
sink dwelled more time, which caused the nodes near
the mobile sink to waste higher energy consumption and
die prematurely.

6 Conclusions and future work
The oncoming requirement on the industrial wireless
sensor networks covers from the lower physics layers to
the upper application layer. In this paper, we propose an
ant colony optimization algorithm based on mobile sink
data collection in industrial wireless sensor networks. To
reduce the number of nodes directly accessed by sink
and shorten the traversed path, the selection of RNs
based on entropy weight method is introduced according to the density of nodes, relative residual energy, and
the degree of uniformity of distribution. Furthermore, an
ant colony optimization algorithm is introduced to
obtain the optimal access path for mobile sink, which
can achieve a trade-off between the energy consumption
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of the network and transmission delay. The simulation
results show that, compared with the existing algorithms, the proposed algorithm can minimize the delay
and prolong the lifetime of the network.
In our future research, we will try to optimize the
scheme in a scenario with obstacles, and design a
complete protocol for communication for data collection
with mobile sink in industrial wireless sensor networks.
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