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Abstract

Wireless sensor networks (WSNs) have been used extensively in a range of applications, which realizes data acquisition,
processing, transmission, and analysis in an interesting area. Harsh surroundings and their inherent vulnerability often
mean that these networks suffer from simultaneous node failure possibly causing the network to become partitioned
into multiple disjointed segments. This in turn can prevent the gathering of data from the sensors and subsequent
transmission to the sink, causing the whole network to fail. In this paper, a strategy is presented for restoring
multi-objective optimization connectivity of these segments using mobile data collectors (MDCs), by considering the
segments as collections of sensor nodes and not as some representative node. Different from existing uses of MDCs
for restoration, the delay in data collection and task balance is considered, and the network connectivity and data
acquisition path optimization problem are transformed into an improved multi-travelling salesman problem (iMTSP).
An improved multi-objective optimization genetic algorithm for solving the optimal collection data collector position
and moving paths is proposed, which introduces virtual segments and hierarchical chromosome structure, improved
population diversity, and custom coding and decoding. The simulation results show that the proposed method can
effectively solve the iMTSP of the Pareto optimal solution and can provide a new strategy for connectivity-restoring
technology in WSNs. Compared with NSGA-II, the diversity of the proposed gene algorithm represents a clear
improvement.
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1 Introduction
Wireless sensor networks (WSNs) consist of spatially dis-
tributed autonomous sensors that monitor certain events
and phenomena cooperatively in an area of interest. They
have been used extensively in a range of applications,
including battlefield surveillance, industrial monitoring,
environmental protection, and machine health monitor-
ing. The sensors tend to be limited in size, and cost
can result in corresponding constraints on resources such
as energy, memory, computation, and communications.
Limited resources and harsh environments often mean
that sensors are prone to failure or damage. Not only do
these failures cause a loss of coverage of the monitored
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area, but the network may also be split into several dis-
joint segments, affecting network connectivity and even
leading to immeasurable losses in service quality. All
this implies that the problem of connectivity restoration
from disjoint segments in WSNs is an attractive field of
research [1–5].
We propose the use of mobile data collectors (MDCs) to

restore network connectivity, which have the function of
data acquisition and are mobile, providing more comput-
ing, communications, and storage capacity than general
sensor nodes. An MDC moves from a segment, collects
the data, and then moves to the next segment with path
optimization until all segments are traversed. Finally, all
data are then transmitted to a base station by the MDC,
allowing network connectivity to be restored indirectly.
Differently from existing literature on MDCs, this paper
considers a segment as a set of nodes in an attempt to
find more optional nodes for the path of travel, rather

© The Author(s). 2017 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.

http://crossmark.crossref.org/dialog/?doi=10.1186/s13638-017-0852-0&domain=pdf
mailto: kzp@cqu.edu.cn
http://creativecommons.org/licenses/by/4.0/


Kang et al. EURASIP Journal onWireless Communications and Networking  (2017) 2017:65 Page 2 of 12

than using a single representative node; the MDC does
not move between adjacent segments, instead it travels all
segments in the optimized order. In considering moving
MDCs, this paper focuses on two main questions: (1) how
to determine the optimal traversal paths, which would
make the total visiting path of all MDCs to be the shortest
and (2) how to maintain a balance between the moving
tasks of different MDCs, such that the moving distance of
all MDCs are approximately equivalent.
The main contributions of our proposed restoration

strategy can be summarized as follows: (1) it takes account
of the constituting nodes of a segment, the shortest
moving path, and the moving task balance of MDCs, as
such the problem is closer to a real application envi-
ronment. (2) It translates the optimal path problem of
MDCs into a travelling salesman problem and brings
about an improved multiple travelling salesman problem
known as iMTSP. (3) It introduces virtual segments and a
hierarchical chromosome and puts forward an improved
multi-objective optimization genetic algorithm to solve
the optimal solution of iMTSP. The remainder of this
paper is organized as follows. In Section 2, we summa-
rize all the related work in this area. Section 3 describes
the iMTSP problem, giving a formal definition. Section 4
presents our approach in detail. Performance evaluations
are presented in Section 5, and our conclusions are drawn
in Section 6.

2 Related work
2.1 Establishing k-connected topologies
The existing methods are attempts to provide fault tol-
erance by forming a k-connected topology, rather than
focusing on repairing damaged networks [6–8]. In [9],
a number of additional relays are deployed to ensure
that each sensor node in the initial design has k length-
bounded vertex-disjoint shortest paths to the sinks and
uses Counting-Paths to minimize the number of deployed
relays. Almasaeid et al. [10] tried to exploit the overlap
between communication ranges to minimize the number
of additional nodes needed to repair k-connectivity.

2.2 Relocating existing nodes
When a specified event occurs, some sensor nodes adjust
their position under restriction conditions to restore con-
nectivity [11–13]. In [14], a distributed actor recovery
algorithm picks one of the neighbours of a failed node, in
order to replace it. The selection of the best candidate is
based on the lowest node degree and physical proximity
to the failure. Alfadhly et al. [15] proposed a least distance
movement recovery algorithm, in which a set of direct
neighbours of the failed node move towards the position
of the failed node while its original position is replaced
with the nearest non-cut vertex actor.

2.3 Placing additional relay nodes
Some schemes employ relay nodes (RNs) to re-establish
connectivity, which require additional nodes and may be
applied to a large-scale network node failure [16–20].
Chen et al. [21] proposed an algorithm calledMST-1tRNP,
which constructs the complete graph of terminals and cal-
culates the minimum spanning tree using Kruskal’s algo-
rithm. RNs are populated along the tree edges. In [22], the
authors presented a three-step algorithm for federating
network segments via a triangular Steiner tree approxima-
tion called FeSTA. Chen et al. [23] adopted a quadrilateral
Steiner tree for finding the minimum relay nodes. Lee
et al. [24] modelled the deployment area as a grid with
equal-sized cells, proposing a distributed cell-based opti-
mized relay node placement algorithm. Bio-inspired relay
node placement heuristics were proposed in [25], where
the segments are connected by deploying the RNs similar
to a spider weaving its web.
In addition to these methods, Senel et al. [26] used

MDCs to restore network connectivity, but the MDCs are
only moved back and forth between different partitions
to establish bidirectional connection and do not bring
any directly acquired data back to the sink node. Differ-
ent from the existing methods, we first focus on using
MDCs to traverse all segments rather than just two adja-
cent segments, under the conditions that minimize the
mobile total distance and ensure that differentMDCs have
moving-distance equilibrium. On the other hand, we con-
sider the segments as a collection of sensor nodes, which
sets them apart from most existing methods.

3 Networkmodel and fundamental definition
3.1 Problem description
Where WSNs have become seriously damaged, a network
may be split into different disjoined segments. In this
paper, we take MDCs as travelling salesmen, touring seg-
ments and collecting data from the segments they visit
in order to restore the connectivity of damaged WSNs.
As shown in Fig. 1, there are eight segments in a dam-
aged WSN, and only segment S1 can transfer data back
to the user through the Internet. We use MDCs to travel
around all segments and transfer the data from segments
S2, S3, S4, S5, S6, S7, and S8 to segment S1 to restore the
connectivity of the entire network indirectly. During the
process, firstly, the moving distance of each MDC should
be as small as possible to reduce moving costs. Secondly,
if only one MDC is used, its total movement path will be
longer, increasing the data acquisition delay time, which
is inappropriate for certain applications. We therefore use
multiple MDCs to collect data simultaneously in order
to ensure a data acquisition delay within an appropriate
range.
The problem is similar to the multi-travelling salesman

problem (MTSP), but it also has some key differences



Kang et al. EURASIP Journal onWireless Communications and Networking  (2017) 2017:65 Page 3 of 12

S3

S2

Internet

S1

S7

S5

S4

S6

S8

Fig. 1 Principle of connectivity restoring from disjointed WSN by MDCs

as follows: (1) any travelling city (segment) is no longer
regarded as an abstract point (data acquisition position)
but is a set of points. (2) Different travelling salesmen
(MDCs) set out and return to the same city, which is
the source city, but may in fact correspond to different
points in the city. (3) The source city needs to be speci-
fied, and the starting and ending points are the same for
the same travelling salesman but may be different for dif-
ferent travelling salesmen. As shown in Fig. 1, the moving
path of one MDC is S1 − S2 − S3 − S4 − S7 − S1 and
S1 − S8 − S6 − S5 − S1 for another. Although both start
and end with S1, they correspond to different data acquisi-
tion positions of S1. In solving our problem, the MDC has
its own unique optimal data acquisition position in each
segment, but this position is not the common represen-
tative point of a segment as it is in other work. In light
of the above, we term the above problem the improved
multi-travelling salesman problem (iMTSP). It is clear that
iMTSP is a non-deterministic polynomial (NP) problem.
If every city is abstracted into a single point, iMTSP is
degenerated into a common MTSP.

3.2 iMTSPmodel
Let us assume that the sensor nodes of the damaged
WSN are clustered into n disjointed segments: S1, S2, . . . ,
Sn. The source segment S1 is the starting and ending
segment for MDCs, and only this can transmit the col-
lected data to the user through the base station. Si =
{siv}, i = 1, 2, . . . , n, v = 1, 2, . . . , ni, ni is the number of
sensor nodes in Si. Given the intervals of returning data
acquisition,mMDCs are required to restore connectivity.
Let the variable xSijk be:

xSijk =

⎧
⎪⎨

⎪⎩

1, The MDC-k moves the path from
segment Si to Sj

0, Otherwise
(1)

The variable ySki is:

ySki =
{
1, The MDC-k visits segment Si
0, Otherwise

(2)

cSij is the moving distance of MDC from segment Si to
Sj:

cSij = {|siv − sju|}, v = 1, 2, . . . , ni,u = 1, 2, . . . , nj (3)

Usually in MTSP, ni = nj = 1, and cSij is a unique
value. However, in iMTSP, cSij represents the set of ni ∗ nj
Euclidean distances between two arbitrary points, which
come from the corresponding segments Si and Sj, respec-
tively. The iMTSP model can be formalized as follows:
Set the objective function f1 as:

f1(Z) = min
( N∑

k=1
zk

)

(4)

where

zk =
Sn∑

Si=S1

Sn∑

Sj=S1

cSijxSijk , k = 1, 2, . . . ,m (5)

The constraint conditions are:
m∑

k=1
ySki =

{
m, Si = S1
0, Si = S2, , . . . , Sn

(6)

Sn∑

Si=S1

xSijk = ySkj , j = 1, 2, . . . , n; k = 1, 2, . . . ,m. (7)

Sn∑

Sj=S1

xSijk = ySki , i = 1, 2, . . . , n; k = 1, 2, . . . ,m. (8)

X = (xSijk ) ∈ S∗, S∗ is the branch elimination constraint.
(9)
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In this model, Formula (4) represents the minimum
value of the total moving distances formMDCs. Formula
(5) represents the moving distance of all the paths tra-
versed by each MDC. Formula (6) yields the total moving
distances of MDC-k, which comes from the source parti-
tion and passes through each segment only once, before
returning to the source partition. Formulas (7) and (8)
constrain the source and ending segment of each MDC
to be the same segment. Formula (9) is used to elimi-
nate incomplete paths, which is detailed described as the
Limitations in Section 4.2.
In order to maintain the moving equilibrium of each

MDC, we introduce the objective function f2:

f2(Z) = min{max(z1, z2, . . . , zm)−min(z1, z2, . . . , zm)}
(10)

The essence of the iMTSP model is a multi-objective
optimization MTSP. Our purpose is to find the Pareto
optimal solutions ofmulti-objective Formulas (4) and (10),
under the given MDCs and constraint conditions (6)-
(9). In other words, Formula (4) is a sum minimization
to ensure that the total distance travelled is minimized,
while Formula (10) is a range minimization to ensure the
moving task balance of different MDCs.

3.3 Multi-objective optimization
Let Zi = (z1, z2, . . . , zm)i be the feasible solution, and
Z = (Z1,Z2, . . . ,Zw) is the solution space of the multi-
objective problem iMTSP. The relevant definitions are
listed as follows:
Definition 1 (Pareto dominance) Z1 and Z2 are two

arbitrary feasible solutions of iMTSP. Solution Z1 dom-
inates (or is better than) Z2 if and only if {∀i =
1, 2, . . . , n, fi(Z1) ≤ fi(Z2)} ∧ {∃j = 1, 2, . . . , n, fj(Z1) <

fj(Z2)}; this is denoted Z1 � Z2.
Definition 2 (Pareto optimal solution) The Pareto opti-

mal solution (or non-dominated solution) is the solution
that is not dominated by any solution among the set of fea-
sible solutions. The solution Z∗ ∈ Z is the Pareto optimal
solution if and only if there is no Zi ∈ Z, i = 1, 2, . . . ,w to
Zi � Z∗.
Definition 3 (The set of Pareto optimal solutions) The

set of Pareto optimal solutions (or non-dominated solu-
tions) is a collection of all Pareto optimal solutions.
Definition 4 (Pareto optimal front) The Pareto optimal

front PF is the region of all Pareto optimal solutions corre-
sponding to the objective function value, which is denoted
as PF = {f (Z) = (f1(Z), f2(Z), . . . , fn(Z))|Z ∈ Z∗}.

4 Recovery strategy usingMDCs
The gist of our proposed algorithm lies in converting the
connection recovery problem into iMTSP, by introducing
virtual segments and hierarchical chromosomes and then

adopting amulti-objective optimization genetic algorithm
to solve the optimal solutions of iMTSP. Firstly, it identi-
fies the independent segments using a fuzzy C-mean clus-
tering algorithm (FCMA) in a damaged network, in which
internal nodes in the same cluster can communicate with
each other. Secondly, it usesMDCs to travel among all seg-
ments, which then carry collected data back to the sink.
The optimal path problem of the MDCs is transformed
into our proposed iMTSP. Thirdly, the problem is solved
by an improvedmulti-objective optimization genetic algo-
rithm based on NSGA-II [27], which introduces hier-
archical chromosome structures, improved population
initialization, and self-defined genetic operating and opti-
mized crowding distance calculation, allowing the optimal
moving paths of different MDCs to be obtained.

4.1 Segment identification by clustering
For an unknown deployment, we would use inspection
equipment to detect the physical location of the existing
active sensor nodes, together with their location infor-
mation. Considering the limited resources of the nodes,
a clustering algorithm is used in the base station or the
client. In this paper, the FCMA is used to undertake clus-
tering analysis of the sensor nodes. We assume that the
coordinates of the sensor nodes in the network is X =
{x1, x2, . . . , xn}. U =[uij] is the fuzzy C-class matrix of the
data set X, in which uij is the membership function of the
jth data point for the ith class. The total membership of the
jth data point for C-class satisfies the following conditions:

∀i, j,uij ∈ [0, 1] ;

∀
n∑

j=1
uij > 0, i = 1, 2, . . . , c; j = 1, 2, . . . , n;

∀j,
e∑

i=1
uij = 1

(11)

The clustering criterion is the minimization of the clus-
tering loss function Jm(U ,V ):

Jm(U ,V ) =
n∑

j=1

e∑

i=1
umij d

2
ij(xj, vi) (12)

where V is the clustering centre, m is the weighted index,
and dij(xj, vi) = ‖vi − xj‖. After it is initialized, the
algorithm is iterated continuously by Formulas (11) and
(12), until converging to the minimum solution required
realizing the fuzzy clustering.

4.2 Problem transfer, encoding, and decoding
A genetic algorithm (GA) is a type of parallel processing
algorithm used to simulate biological evolution theory,
which is an effective method for solving the multi-
objective optimization problem. The solution process
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used in a genetic algorithm generally follows the following
sequence: (1) conversion of the real problem into genetic
sequences by encoding; (2) repeated execution of the basic
genetic operations of selection, crossover, and mutation,
producing new outstanding individuals, until the require-
ments are met; and (3) arrival at an approximate solution
of practical problem according to decoding rules. Com-
pared with a single-objective GA, a multi-objective GA
must adopt special rules to evaluate the individual fitness
and sorting.
To satisfy the requirements of problem transfer, we

introduce virtual segments and hierarchical chromosomes
into the iMTSP. The virtual segments transform themulti-
travelling salesman problem into single travelling sales-
man problem with N + m − 1 virtual segments (N is
the number of segments, m is the number of MDCs).
The virtual segment in iMTSP is different from the “vir-
tual city” in MTSP, which is a set of virtual points in the
whole segment, rather than a single representative point.
The introduced hierarchical chromosome consists of two
level chromosome structures: segment gene and node
gene. The segment gene represents the travelled sequence
of different segments, and the node gene indicates the
visited internal sensor nodes of the corresponding seg-
ment. Both are coded using integer numbers, in which
the rules and limitations of encoding and decoding are as
follows:
Rule 1 Each segment in the network is uniquely iden-

tified by SegmentID, which is an integer number from 1
to N (N is the number of segments). Similarly, each node
in each segment is uniquely identified by NodeID from
1 to n (n is the number of nodes in the segment). Thus,
each node in the network can be uniquely identified by
“SegmentID+NodeID”.
Rule 2The corresponding relationship between the seg-

ment gene and the node gene lies in the gene position of
the node gene and is not a simple one-to-one mapping.
Limitation 1 Each path of the MDCs starts from the

source segment. The first gene position of the segment
gene is always the source segment, and this does not
participate in the subsequent crossover and mutation
operation.
Limitation 2 Set cS11 = M, whereM is a positive infinite

value and S1 is the source segment.
In decoding, the segment gene is visited one-by-one

from the first gene position to the end position. The first
gene position represents the source segment of the first
MDC. From the second gene position, the decoding gene
position is mapped to the source segment, which indicates
the end of the moving path of the previous MDC and the
beginning of the moving path of the next MDC. Different
from the segment gene, the ith gene position of the node
gene stores the traversed NodeID of the ith segment by
a MDC.

As an example, let us assume that the number of MDCs
is 3, denoted as MDC-1, MDC-2, and MDC-3. There are
seven segments: S1, S2, S3, S4, S5, S6, and S7, and the num-
ber of sensor nodes in each segment is 10 to 20. S1 is the
source segment, and S8 and S9 are the introduced virtual
segments, all of which have the same internal nodes. Using
a hierarchical chromosome structure, the feasible solution
can be described as shown in Fig. 2.
As indicated in Fig. 2, MDC-1 starts from S1, moves

through S7 and S4, and returns to S1 (S1 and S8 are
the same segments). The visited node NodeID=7 of S1
comes from the 1st gene position of the node gene, and
NodeID=12 of S7 comes from the 7th gene position of the
node gene. Correspondingly, the visited nodes of S4 and
S8 are NodeID=17 and NodeID=18. The moving path of
MDC-1 can be expressed as 1(7)-7(12)-4(17)-1(7). Simi-
larly, the moving path of MDC-2 is 8(18)-6(5)-2(15)-8(18),
and the moving path of MDC-3 is 9(3)-5(10)-3(9)-9(3). It
is worth noting that Limitation 1 and Limitation 2 could
ensure that the encoding is effective and feasible. If we
do not limit the chromosome gene encoding, the segment
gene may cause the following two cases to arise:
1. The source segment and virtual segments could be

distributed in arbitrary gene positions apart from the
first gene position. As shown in Fig. 3, there are three
MDCs and four closed-loopmoving paths in the encoding
structure, which would be difficult to decode.
2. The multiple virtual segments could continuously

appear in the same chromosome. As shown in Fig. 4, the
possible paths of the threeMDCs are S8−S2−S5−S4−S8,
S9−S9, and S1−S2−S7−S3−S1. The second path is invalid,
starting from S9 and returning to S9. If we set cS11 = M
(M is a positive infinity), this kind of chromosome will be
eliminated in the population selection of a GA.

4.3 Improved population initialization
Different from NSGA-II, the parallel selection method is
adopted for random population optimization to improve
the convergence speed of a GA. The specific strategies
are as follows: (1) a population with M individuals is ran-
domly generated for iMTSP and (2) theM individuals are
ordered by different objectives and the bestm individuals
of each objective function are preserved. If the number of
individuals is not achieved, the bestm + 1 individuals are
preserved until M individuals are generated. It is worth

Fig. 2 The encoding of the chromosome structure
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Fig. 3 The first gene position is not the source segment in the
segment gene structure

noting that duplicate individuals are deleted in the preser-
vation of optimal individuals. The new population is the
initial population of the subsequent genetic algorithm.

4.4 Fast non-dominated sort
Thismethod uses the same non-dominated sort as NSGA-
II. Each individual I(i) has two parameters, ni and Si,
where the domination count ni is the number of individ-
uals that dominate I(i) and Si contains all the individuals
being dominated by I(i). In the outline, the sorting is as
follows: Firstly, the individuals with ni = 0 are denoted
as the first non-dominated front F1, which are removed
from the population, and the rank of these individuals is
set to I(i)rank = 1. Then, we continue to look for the non-
dominated solution set from the remaining population
and denote them as the second non-dominated front F2;
their individuals are ranked as I(i)rank = 2. The above pro-
cedure is continued using the remaining population, and
the third front is identified. This process continues until
all fronts are identified. The computational complexity
of the sorting is O(mN2), in which m is the number of
objectives and N is the population size.

4.5 Improved crowding distance
Once the non-dominated sort is complete, the crowding
distance is assigned. Because the individuals are selected
based on rank and crowding distance, all the individuals
in the population are assigned a crowding distance value.
The crowing distance of NSGA-II is calculated as:

I(di) =
M∑

m=1

I(i + 1).m − I(i − 1).m
f max
m − f min

m
,

i = 2, 3, . . . , n − 1; I(d1) = I(dn) = ∞
(13)

I(di) is the crowding distance of individual I(i), and
I(i).m is the value of the mth objective function of the ith
individual. f max

m and f min
m are the maximum and minimum

of the mth objective function of individuals in front Fi.
M is the number of objectives. The essence of the crow-
ing distance is to find the Euclidean distance between
each individual in a front based on m objectives in m
dimensional hyper space.

2 13729845

Fig. 4 Successivemultiple virtual segments in segment gene structure

However, there are some limitations in calculating the
crowding distance in NSGA-II as shown in Fig. 5: (1) Indi-
vidual I(a1) and I(b1) are close to each other and are far
from other individuals. By contrast, individual I(d1) and
I(e1) are more dispersed. Using the calculation in NSGA-
II, the crowding distances of I(a1) and I(b1) are greater
than I(d1) and I(e1). In gene selection, individuals I(a1)
and I(b1) are retained simultaneously, and individuals
I(d1) and I(e1) are eliminated. In fact, the ideal selec-
tion is that one of I(a1) and I(b1) is removed and both
of I(d1) and I(e1) are retained. (2) Individuals I(b2) and
I(d2) have the same (or similar) crowding distances, and
they would have the same (or similar) genetic probabili-
ties in the selection. However, the ideal situation is that the
selection probability of I(d2) is greater than that of I(b2),
because the uniform distribution of I(d2) is better than
that of I(b2).
In order to solve these problems, we propose an

improved calculation strategy: firstly, we introduce the

f 2

f 1

F1

F3

F2

b1

a1

d1 e1

a

f 2

f 1

F1

F3

F2

b2

a2

d2

e2

c2

b

Fig. 5 Limitations of crowding distance calculation in NSGA-II. a the
crowding distances of I(a1) and I(b1) are greater than I(d1) and I(e1). b
I(b2) and I(d2) have the same crowding distances
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crowding distance threshold of adjacent individuals in
the same non-dominated front. If the distance between
adjacent individuals is less than the threshold, some of
the adjacent individuals are removed according to the
elimination strategy. Secondly, the crowding distances are
recalculated for the remaining individuals in the same
front using Formula (13). Obviously, where the values
of crowding distance are higher, this indicates that the
distribution of individuals is better.
Crowding distance threshold: set θkm is the threshold on

themth objective function in the non-dominated front Fk .
After sorting individuals by arbitrary objectives in front
Fk , the threshold is calculated as follows:

θkm = f max
m − f min

m
2(n − 1)

,m = 1, 2, . . . ,M (14)

The threshold is adjusted along with the evolution and
the density of individuals. It is higher in the early evolu-
tion and becomes smaller in the later one. If ∀m ∈ M,
|I(i + 1).m − I(i).m| < θkm, then some similar individuals
are removed by the following two strategies.
Removing strategy 1 If one of the solutions is a bound-

ary solution in the front Fk , then the non-boundary
solution is removed. The main purpose is to keep the
boundary solutions and expand the scope of the non-
dominated solution as soon as possible.
Removing strategy 2 If both solutions are not boundary

solutions, we introduce variables ϕi and ϕj of individual
I(i) and I(j) to judge which individual should be removed.

ϕi =
M∑

m=1
[I(i).m − I(i − 1).m] ∗ [I(j + 1).m − I(i).m],

ϕj =
M∑

m=1
[I(j + 1).m − I(j).m] ∗ [I(j).m − I(i − 1).m],

j = i + 1
(15)

If ϕi > ϕj, individual I(i) will remain and individual
I(j) will be removed. In the opposite case, I(j) will remain
and I(i) will be removed. As shown in Fig. 6, the distance
variance σ 2

i between individuals and their centre is

σ 2
i =

∑M
m=1[ I(i).m − I(i − 1).m − I(j+1).m−I(i−1).m

2 ]2

M

=
∑M

m=1[
(I(j+1).m−I(i).m)−(I(i).m−I(i−1).m

2 ]2

M

= 1
4M

M∑

m=1
[ I(j + 1).m − I(i − 1).m]2 − 1

M
ϕi

(16)

From Formula (16), I(j+1).m−I(i−1).m is a fixed value
for individual I(i) and individual I(j). Therefore, the larger

f 2

f 1

F1

i-1

j+1

i
j

Fig. 6 Removing strategy for adjacent individuals in the same Pareto
optimal front

the ϕi of individual I(i) is, the smaller the σ 2
i is. In other

words, where the centre deviation between individuals
I(i), I(i− 1), and I(j+ 1) is smaller, the preserved individ-
ual I(i) is better for maintaining population diversity. It is
worth noting that if I(i) and I(j) are repeated individuals,
they would also be removed to avoid unnecessary genetic
operation.

4.6 Selection operator
The same tournament selection operator is used as in
NSGA-II: (1) if the non-dominated fronts are different
between two random individuals, the individual with the
smaller front is selected to ensure optimization searching
along the non-dominated solution direction and (2) if they
belong to the same front, the individual with the greater
crowding distance is selected to maintain the population
diversity.

4.7 Improved crossover andmutation
Our proposed algorithm differs from NSGA-II in respect
of the introduced hierarchical chromosome structure. It
will use a different crossover and mutation operator based
on the characteristics of the segment gene and the node
gene. Because the starting segment of any path is the
source segment, the first gene position of the segment
gene does not participate in the crossover and muta-
tion. However, all the gene positions of the node gene are
involved in the genetic operation.
The segment gene uses “Order Crossover Operator

(OX)”. In essence, a swath of consecutive alleles from par-
ent A drops down, and the remaining values are placed in
the child in the order in which they appear in parent B, as
shown in Fig. 7.
The node gene uses “PartialMatching Crossover Opera-

tor (PMX)”. In essence, parent A donates a swath of genetic
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Parent A 1 35926847 1 68347592

After crossover (random crossover points are fourth and sixth):

Offspring A 1 34726859 1 39247568

Parent B

Offspring B

Fig. 7 Order crossover operator used in the segment gene

material, and the corresponding swath from the other par-
ent is sprinkled around in the child. Once this is done,
the remaining alleles are copied directly from parent B, as
shown in Fig. 8.
The segment gene is mutated by an exchange mutation

operator, involving the exchange of two randomly selected
genes. The node gene is mutated by an integer mutation
operator, which itself is replaced by another gene with a
certain mutation probability. The mutation operators are
as shown in Fig. 9.

4.8 Elite strategy
The same recombination and selection strategy are used
as in NSGA-II. The offspring population is combined
with the current generation population, and selection is
performed to set the individuals of the next generation.
Because all the previous and current best individuals are
added into the population, elitism is ensured. The popu-
lation is now sorted based on non-domination. The new
generation is filled by each front subsequently until the
population size exceeds the current population size. If
by adding all the individuals in front Fk the population
exceeds N, then individuals in front Fk are selected based
on their crowding distance in descending order until the
population size is N.

4.9 Complexity analysis
The iMTSP is an improved multi-travelling salesman
problem, which belongs to the non-deterministic polyno-
mial (NP) problems. The computational complexity of our
proposed algorithm is mainly contained in the clustering
algorithm and the multi-objective genetic algorithm, with
the latter playing the dominant role. The overall complex-
ity of our algorithm is O(mN2), in whichm is the number
of objective functions and N is the number of individuals
in the initial population.

5 Performance evaluation
The performance evaluations are described in two
different ways: firstly, we provide a verification of the

7 35179

1 98765432

2 8679

1 98765432

10 12 18 12 17 11

7 15 9 12 18 2 487 1236 17 111017

15

9

4

5

Parent A

After crossover (random crossover points are the fourth and sixth):

Offspring A

Parent B

Offspring B

Segment number

Fig. 8 Partial matching crossover operator used in the node gene

1 35926847

1 98765432

After mutation (the positions of segment gene are the second and seventh，
the positions of node gene are the fourth and eighth):

1 35726849

1 98765432

7 35179 10 12 1815

7 3569 10 12 715

Segment number

Segment gene

Segment gene

Node gene

Node gene

Fig. 9Mutation operator used in the segment gene and node gene

effect of the improved NSGA-II algorithm on the dis-
tribution of the Pareto optimal solutions; secondly, we
illustrate how to use MDCs to restore network connectiv-
ity from a damaged sensor network. We use Matlab 7.0 as
computing tool to evaluate and analyse the results.

5.1 Evaluating performance of multi-objective
optimization

Compared with NSGA-II, one of the main improvements
of our proposed multi-objective optimization genetic
algorithm is the introduction of the adjacent individuals’
removal strategy to improve the diversity of the algorithm,
known as NSGA-II-d. Using the existing metric in [27],
we analyse and compare (1) convergence to the Pareto-
optimal set and (2) maintenance of diversity in solutions
of the Pareto-optimal set between NSGA-II-d and NSGA-
II. The constrained test problems used in the evaluation
are shown in Table 1.
Convergence metric γ : it is used to measure the extent

of convergence to a known set of Pareto-optimal solu-
tions, which is the minimum Euclidean distance between
the chosen Pareto optimal solution and a known Pareto
optimal solution. The smaller the value of this metric is,
the better the convergence towards the Pareto-optimal
front. Set Z is the chosen Pareto optimal solution; Z′ is
the known Pareto optimal solution. The calculation of the
convergence metric is achieved as follows:

γ = 1
|Z|

∑

z∈Z
min{|z − z′|, z′ ∈ Z′} (17)

Diversity metric �: this measures the extent of the
spread achieved among the obtained solutions. The
smaller this value is, the more uniform the distribution.
Set di contains the Euclidean distance between consec-
utive solutions in the obtained non-dominated set of
solutions; df and dl are the Euclidean distances between
the extreme solutions and the boundary solutions of
the obtained non-dominated set; d̄ is the average of all
distances di. There are N solutions on the best non-
dominated front. With the solutions, there are N − 1
consecutive distances. The calculation of the diversity
metric is achieved as follows:

� = df + dl +
∑Z−1

i=1 |di − d̄|
df + dl + (|Z| − 1)d̄

(18)



Kang et al. EURASIP Journal onWireless Communications and Networking  (2017) 2017:65 Page 9 of 12

Table 1 Constrained test problems used in the evaluation (all objectives are to be minimized)

Problem n Variable bounds Objective functions Optimal solutions

SCH 1 [-103, 103] f1(x) = x2, x∈ [0, 2]

f2(x) = (x − 2)2

ZDT1 30 [0, 1] f1(x) = x1, x ∈ [0, 1] ,

f2(x) = g(x)[ 1 −
√

x1
g(x) ] , xi = 0,

g(x) = 1 + 9
∑n

i=2 xi
(n−1) i = 2, . . . , n

ZDT2 30 [0, 1] f1(x) = x1, x ∈ [0, 1] ,

f2(x) = g(x)[ 1 − ( x1
g(x) )

2] , xi = 0,

g(x) = 1 + 9
∑n

i=2 xi
(n−1) i = 2, . . . , n

ZDT3 30 [0, 1] f1(x) = x1, x ∈ [0, 1] ,

f2(x) = g(x)[ 1 −
√

x1
g(x) − x1

g(x) sin (10πx1)] , xi = 0,

g(x) = 1 + 9
∑n

i=2 xi
(n−1) , i = 2, . . . , n

ZDT6 10 [0, 1] f1(x) = 1 − exp(−4x1) sin6(6πx1), x ∈ [0, 1] ,

f2(x) = g(x)[ 1 − (
f1(x)
g(x) )2] , xi = 0,

g(x) = 1 + 9[
∑n

i=2 xi
(n−1) ]

0.25 i = 2, . . . , n

Each experimental result is averaged over 20 indepen-
dent runs. The parameter settings are the same for NSGA-
II and NSGA-II-d in the simulation: the population is 100,
the iteration number is 1000, the crossover probability is
0.9, and the mutation probability is 0.1. The experimental
results are shown in Table 2 and reveal that the diversity
of NSGA-II-d is significantly better than that of NSGA-II
for the same individual number and iteration number. The
convergence of the two schemes is roughly equivalent.

5.2 Evaluating performance of multi-objective
optimization

The experimental raw data were obtained from the
TSPLIB of Heidelberg University, but we needed to pre-
process these data to generate the testing instance, though
this was not directly used for the experimental evaluation.
Firstly, we chose a dataset from TSPLIB and divided all
the cities into different segments using the clustering algo-
rithm described in Section 4.1. Secondly, if the distance
of the city from its own cluster centre was greater than

the threshold, it was deleted. The iMTSP test instance was
then generated.
The dataset of file ch150.tsp in the TSPLIB library was

analysed in the experiment, consisting of 150 cities. After
removing the cities that were more than 5000 away from
their cluster centre, 52 cities remained, which were then
classified into 10 segments. The source segment is the
nearest one to the original point. The specific coordinates
of the cites are given in Table 3. For convenience, the
processed dataset is termed “10ch150.tsp”, which repre-
sents the dataset ch150.tsp from TSPLIB classified into 10
segments.
The gene parameters are set as follows: the population is

100, the iteration number is 500, the crossover probability
is 0.9, and the mutation probability is 0.05. We set the
number of MDCs to 3, and two virtual segments (S11 and
S12) are constructed. Some output from one experiment
are shown in Table 4.
In Table 4, we only list the top 15 results sorted by

crowding distance in front F1. The first and second groups

Table 2 Comparing convergence and diversity between NSGA-II and NSGA-II-d

Metric Algorithm SCH ZDT1 ZDT2 ZDT3 ZDT6

γ NSGA-II Mean 0.001605 0.024019 0.031318 0.012930 0.047025

Variance 0.000000 0.000026 0.000026 0.000007 0.000925

NSGA-II-d Mean 0.001632 0.024487 0.035320 0.014186 0.042749

Variance 0.000000 0.000014 0.000090 0.000009 0.000684

� NSGA-II Mean 0.436119 0.432705 0.441009 0.619211 1.041551

Variance 0.001019 0.000531 0.001030 0.001415 0.065354

NSGA-II-d Mean 0.391144 0.371493 0.422076 0.578343 1.035209

Variance 0.000770 0.000654 0.019446 0.000721 0.043620
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Table 3 X- and Y- coordinates of data in the file 10ch150.tsp

SegmentID NodeID X Y SegmentID NodeID X Y

1 1 91.054 148.721 6 5 441.782 299.772
1 2 84.492 31.847 7 1 265.446 684.999
1 3 42.855 63.823 7 2 201.152 649.026
1 4 143.827 92.700 7 3 220.047 623.078
2 1 355.153 76.391 7 4 295.925 664.629
2 2 316.573 65.640 7 5 288.487 667.728
2 3 426.350 61.729 8 1 678.757 410.726
2 4 415.193 78.913 8 2 599.053 361.095
2 5 434.344 92.700 8 3 571.737 375.758
2 6 384.927 87.463 8 4 572.763 373.321
3 1 575.841 141.967 8 5 598.348 446.869
3 2 603.285 134.401 8 6 614.592 418.869
3 3 638.489 62.626 9 1 220.004 409.123
3 4 637.719 54.205 9 2 224.108 358.487
4 1 454.008 537.218 9 3 248.218 343.953
4 2 478.054 509.645 9 4 282.609 329.418
4 3 448.579 532.793 9 5 269.464 295.946
4 4 456.317 597.194 9 6 264.355 377.574
4 5 415.043 479.080 10 1 32.083 345.855
5 1 51.683 676.043 10 2 27.658 424.768
5 2 16.928 656.571 10 3 32.168 448.900
5 3 21.716 660.974 10 4 30.266 450.075
6 1 504.515 240.887 10 5 129.335 435.669
6 2 470.680 309.626 10 6 77.716 354.383
6 3 469.291 281.989 10 7 116.211 363.574
6 4 453.388 282.908 10 8 40.525 424.683

Table 4 Some experimental results of the 10ch150.tsp instance when MDCs=3

Case NodeID(SegmentID in first row, NodeID of the segment in second row) f1(x) f2(x)

1 1 10 9 4 2 11 5 7 12 8 6 3 3913.407 2.935
1 6 5 5 2 4 1 3 4 4 5 1

2 1 9 1 2 11 10 5 7 4 8 6 3 2705.210 1543.176
1 5 4 2 1 6 1 3 5 3 1 1

3 1 2 12 9 11 10 5 7 4 8 6 3 2851.439 1414.994
1 2 4 5 1 6 1 3 5 3 1 1

4 1 10 5 7 12 9 2 11 4 8 6 3 3209.066 718.352
1 6 1 2 4 5 2 4 5 3 1 1

5 1 10 5 7 11 2 12 9 4 8 6 3 2910.723 1018.340
1 6 1 2 4 2 4 5 5 3 1 1

6 1 10 5 7 12 3 9 2 11 4 8 6 3565.864 7.718
1 6 1 2 4 1 5 2 1 5 4 2

7 1 10 5 7 12 3 2 11 9 4 8 6 3241.777 317.812
1 6 1 2 4 1 5 4 5 5 3 2

8 1 9 12 2 11 10 5 7 4 8 6 3 2779.414 1468.971
1 5 4 1 1 6 1 3 5 3 1 1

9 1 10 5 7 9 12 2 11 4 8 6 3 2984.387 1017.518
1 6 1 3 5 4 2 4 5 3 1 1

10 1 10 5 7 11 2 12 9 4 8 6 3 2984.927 944.136
1 6 1 2 4 1 4 5 5 3 1 1

11 1 10 5 7 11 2 12 9 4 8 6 3 3041.689 887.374
1 6 1 2 1 2 4 5 5 3 1 1

12 1 10 5 7 11 2 12 9 4 8 6 3 3142.053 787.010
1 6 1 2 4 5 4 5 5 3 1 1

13 1 10 5 7 12 3 2 11 9 4 8 6 3255.311 304.279
1 6 1 2 4 1 3 4 5 5 3 2

14 1 10 5 7 12 3 2 11 9 4 8 6 3294.741 264.848
1 6 1 2 4 2 1 4 5 5 3 2

15 1 10 5 7 11 2 12 9 4 8 6 3 3108.464 820.598
1 6 1 2 3 2 4 5 5 3 1 1
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are the two boundary solutions in the front. The data of
the first group indicate that the path of MDC-1 is 1(1)-
10(6)-9(5)-4(5)-2(2)-1(1), the path of MDC-2 is 11(4)-
5(1)-7(3)-11(4), the path of MDC-3 is 12(4)-8(4)-6(5)-3(1)
, the minimum of objective function f1(x) is 2705.210, and
the minimum of objective function f2(x) is 2.935. Gener-
ally speaking, when the number of MDCs is 3, the Pareto
optimal fronts of the 10ch150.tsp instance are shown in
Fig. 10.
It can be seen from Fig. 10 that the Pareto optimal

front of iMTSP is discontinuous due to its discrete nature,
which is different from the case for some continuous
objective functions. For further analysis, we set the num-
ber of MDCs to be 2, 3, 4, and 5, respectively, with the
same parameters of the algorithm as for file 10ch150.tsp.
The experimental results are the minimum for f1(x) and
f2(x) from 10 independent runs, which show the relation-
ship among the number of MDCs and the total moving
distance and the moving range of different MDCs. The
detailed data are shown in Table 5.
Considering the variation in the minima of the objec-

tive function f1(x), it can be seen that where the number
of MDCs is greater, the total moving distance is also
greater. This is mainly due to that the starting and return-
ing segment of each MDC is the same source segment.
The larger the number of MDCs is, the higher the cost
of returning to the source segment would require. When
the number of MDCs is increased from 2 to 5, the total
moving distance is increased from 2370.078 to 3761.941.
The variation in the minima of objective function f2(x)
shows that the number of MDCs is not directly related
to the moving ranges. For example, when the number
of MDCs is 2, 3, 4, and 5, the corresponding moving
ranges are 0.005, 0.058, 5.260, and 2.409, respectively.
The experiment shows that our proposed algorithm is
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Fig. 10 Pareto optimal front of the 10ch150.tsp instance when
MDCs=3

Table 5 Performance analysis of proposed algorithm for
different MDCs using the 10ch150.tsp

Number of MDCs Minimum of f1(x) Minimum of f2(x)

f1(x) f2(x) f1(x) f2(x)

2 2370.078 1670.668 2855.866 0.005

3 2705.210 1543.176 3590.704 0.058

4 3122.901 1549.337 4848.221 5.260

5 3761.941 1318.090 5129.410 2.409

effective and can be used to restore network connec-
tion, and it also implies that having more MDCs is not
always better; it is necessary to consider each specific
application.

6 Conclusions
The deployment of WSNs in extreme environments
is prone to large-scale damage, which can cause dis-
connected segments and result in a network being
unavailable. Different from common solution methods,
we propose a new method of multi-objective optimized
connectivity restoration using MDCs. The optimal path
problem of MDCs is transformed to yield an improved
multi-travelling salesman problem iMTSP, and the collec-
tion delay and task equilibrium during data collection are
considered. The proposed method introduces virtual seg-
ments and a hierarchical chromosome structure and then
uses an improved multi-objective optimization genetic
algorithm based on NSGA-II to solve the optimization
of the moving path of the MDCs. Simulation experi-
ments show that the proposed method can effectively
solve iMTSP and obtain a better diversity of Pareto opti-
mum solutions. This could provide new ideas for WSN
connectivity recovery technologies. In further research,
we will focus on the following: (1) We will use our pro-
posed algorithms in real situations and improve the con-
vergence speed of our genetic algorithm. (2) We will use
other multi-objective optimization algorithms apart from
NSGA-II to solve optional paths and compare the differ-
ences in performance between different algorithms. (3)
Wewill optimize the analysis in an attempt to decrease the
complexity of the algorithm.
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