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Summary. Connectivity is an important requirement for wireless sensor netw orks
especially in real-time monitoring and data transfer applications. Ho wever, node
movements and failures change the topology of the initial deployed network, which
can result in partitioning of the communication graph. In this paper, we present
a method for maintaining and repairing the communication network of a dy namic
mobile wireless sensor network. We assume that we cannot control the motion of
wireless sensor nodes, but there are robots whose motion can be controlled by the
wireless sensor nodes to maintain and repair the connectivity of the network. At the
heart of our method lies a novel graph property, k-redundancy, which is a measure
of the importance of a node to the connectivity of a network. We ¯rst sh ow that
this property can be used to estimate repair time of a dynamic network . Then, we
present a dynamic repair algorithm that minimizes expected repair t ime. Finally, we
show the e®ectiveness of our method with extensive simulations and its feasibility
with experiments on real robots and motes.

1 Introduction

Communication connectivity is a fundamental requirement for wireless sensor
networks for the e®ective use of such systems. It is also observed by several re-
searchers such as [1] that local connectivity improved the system performance
in multi-robot applications. In this paper, we are addressing this problem and
propose a new method to provide connectivity in a wireless sensor network.
In our approach, we classify the nodes as uncontrolled and controlled nodes.
The uncontrolled nodes could be mobile or static and we can control the mo-
tion of the later class. In the rest of the paper, we will call controllable nodes
as robots and uncontrollable nodes as mobile nodes. Our goal is to improve
connectivity of the system with the help of mobile robots. Our approach is
based on in-network computing, where robots do not know the intentions of
mobile nodes, but mobile nodes plan and guide the movements of robots to
provide better connectivity.

In order to provide better connectivity, we ¯rst introduce a new graph
property, k-redundancy, to determine the communication characteristics of a



dynamic wireless sensor network. This property provides a tool to identify low-
connected parts of a communication graph and means to reinforce the network
structure before disconnection happens. Brie°y, we de¯nek-redundancy of a
node as the minimum number of node removals required to disconnect any two
neighbors of that node. This provides a measure to represent the importance
of a node in connecting its neighbors.k-redundancy is also important for the
robustness of the network because as the redundancy of nodes increase, the
routes between neighboring nodes increases.

As we will see in Section 4,k-redundancy can be utilized to estimate the
repair time in a network. One approach to provide better connectivity is to
assign some robots to provide communication bridges if the network is dis-
connected (reactive repair). An alternative approach is to place robots before
the disconnection so that the repair time would be minimum if disconnec-
tion happens (proactive repair). In this paper we compare both approaches
and show how k-redundancy information can be used to improve proactive
repair performance. For this purpose, we introduce several proactive repair
strategies and compare their performances using simulations with a realistic
network simulator (NS-2 [2]). Our results show that by using k-redundancy,
we can reduce the disconnections in a dynamic mobile network. We also pro-
vide real hardware experiments with several mobile robots and motes to show
the applicability of our algorithm to real systems.

The rest of the paper is organized as follows. The next section gives a
brief summary of the related research and brief comparison to our approach
when it is applicable. We introduce problem de¯nition in section 3. Section 4
introduces the concept ofk-redundancy and section 5 describes our solution.
In section 6, we present our simulation results. Section 7 shows the implemen-
tation of our method on real hardware and section 8 concludes the paper.

2 Related Work

Using mobility to maintain connectivity has attracted many researchers. The
general approach has been using mobility for carrying data between discon-
nected components of the network [3], and using mobile vehicles to improve
data collection by actively using vehicles as data carriers [4]. One other ap-
proach is storing data when connectivity is disrupted, and sending it when
connectivity repairs [5, 6]. The problem with these approaches is the latency
in data transfer for time critical applications. The main advantage of our ap-
proach is that we are using mobile nodes for forming a connected network
where data transfer is never interrupted. There are also approaches to main-
tain uninterrupted connectivity with dynamic networks. For example, the de-
centralized planner of [7] can be extended to retain a communication network.
A dynamic radiomap is used in [8] to navigate in good communication areas.
In [9], the authors propose a technique for providing radio connectivity while
moving a group of robots from one con¯guration to another. Another ap-
proach [10] aims to provide radio connectivity and line of sight while moving



a swarm from one con¯guration to another. Generally, these approaches have
explicit assumptions on the communication properties which can be violated
in practice. The advantages of our technique are1: We assume there can be
obstacles in the environment,2: We allow links to be canceled and reformed,
3: We do not have any assumptions on the communication model, i.e. there
is no assumption on the communication range or the properties of links.

3 Problem De¯nition
In our problem de¯nition, we have a network of mobile nodes whose motion
we cannot control, and we want to maintain and repair connectivity of this
network. For this purpose, we have a group of mobile robots which are capable
of moving to appropriate regions, work as regular nodes and build commu-
nication bridges. We assume robots are controlled by nodes. The network is
monitored by nodes and nodes determine where robots should be located to
improve connectivity. Robots and nodes do not have location information,
neither for themselves nor for other members of the network. However, each
of them is capable of measuring distance and determining the direction to a
neighbor if that neighbor is in its line of sight. Each member of the network
is equipped with a low-power radio for wireless communication with limited
range. Robots and nodes are holonomic and they have limited speed. There
are obstacles in the environment which can obstruct line of sight and interrupt
communication. We assume nodes and robots can fail anytime. We do not as-
sume any communication model, environment map, or motion prediction of
nodes when deciding robot locations. Our solution is distributed and we do
not use any global information.

4 K-Redundancy and Expected Repair Time
4.1 K-Redundancy

K -connectivity is a property which is used to de¯ne the minimum number of
nodes that need to be removed in order to partition a graph. If a graph isK -
connected, the graph remains connected if anyK ¡ 1 nodes are removed. One
problem with this property is that it gives information about the whole gra ph,
not about individual nodes or parts of the graph. So even if most of the graph
is fully connected, a small low-connected region determines the connectivity of
the whole graph. This fact considerably limits the information we can obtain
about graphs.

Although K -connectivity is de¯ned for the graph as a whole and a global
property, we can modify this concept to de¯ne the connectivity property of
individual nodes. For this purpose, we de¯ne a new graph property (i; j; k )-
redundancy for each node. We are using this property to represent the good-
ness of the connectivity among the neighbors of each node. It should be noted
that a node could create a communication bridge between any pair of its neigh-
bors, but if there are alternative routes between the neighbors, the importance
of that node on connectivity reduces.



De¯nition 1 ( i -neighborhood) Let v be a node of graphG with vertex set
V (G) and edge setE(G). We denotei -neighborhood of nodev as N i (v), which
is the set of nodes whose distance to the nodev is at most i . The subgraph
induced by N i (v) is denoted byG[N i (v)], which is the set of verticesN i (v)
with edges whose both endpoints are inN i (v).

De¯nition 2 ( (i; j; k )-redundancy) A node n is de¯ned to be(i; j; k )-redun-
dant if N i (n) ¡ S is contained in one connected component ofG[N j (n) ¡ S]
for all sets S with k ¡ 1 vertices of N j (n) and j ¸ i .

In other words, a node n is (i; j; k )-redundant if k is the minimal num-
ber of nodes in the j -neighborhood of n to separate any two nodes in the
i -neighborhood n. We can also say that a noden is (1 ; 1 ; k)-redundant if
the graph G is k-connected, andG[V (G) ¡ f ng] is (k ¡ 1)-connected. Various
de¯nitions of local k-connectivity can be derived by adjusting i and j . We
denote by k-redundancy the special case (1; 1 ; k)-redundancy, which is mea-
suring the connectivity of 1-neighbors ofn over the whole graph.k-redundancy
for nodes with only one neighbor is unde¯ned following this de¯nition, but
we de¯ne their connectivity as 1 for practical purposes. It should be noted
that a 0-redundant node is an articulation point (cut vertex) of the graph.
Our de¯nition is a generalization of this property, which enables us to obtain
more information about the connectivity of the graph. To the best of our
knowledge, there is no graph property similar to (i; j; k )-redundancy. In our
implementation, we ¯nd ( i; j; k )-redundancy by evaluating the accessibility of
each node ini -neighborhood ofn. The details of our implementation can be
found at [11]. We see an e±cient algorithm for ¯nding (i; j; k )-redundancy as
an interesting open problem.

Fig. 1(a) shows an example graph where the vertices represent the nodes
and edges represent the connections between the nodes. Nodes have di®erent
redundancy values which is a representation of their role in the connectivity.
For example, n8 is 0-redundant becausen9 and n7 can communicate only
with the help of n8, so removing it from the graph results in disconnection.n3

is 1-redundant because in case it fails, all of its neighbors can communicate
with the help of n1, removing alson1 partitions the graph. n6 is 2-redundant
because after removing it, at least two more nodes need to be removed to
partition its neighbors ( n3 and n5 can be removed to isolaten4).

4.2 Expected Repair Time

Now consider a scenario where a wireless sensor network is disconnected and
we have some robots that can move in and build a communication bridge that
would reconnect the disconnected parts. In this section, we will investigate
the expected repair time if there is only one disconnection.

In order to analyze the expected repair time, we ¯rst de¯ne network re-
pair time (¿repair ) as the time from the moment of disconnection to reach a
network topology where all the nodes are connected again. Reconnection may
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Fig. 1. (a) Nodes have various k-redundancy values according to their role in the
connectivity of the graph. (b) Node n4 fails and r 1 repairs the network. x41 is the
optimal location for robot r 1 to repair the network in case n4 fails, and ¿41 is the
time to reach there.

occur because of the dynamic changes in the network, such as the random
movements of nodes, without utilizing any robot for repair, but in this part,
we only consider the time for using a robot to repair a disconnected network.

Utilizing a robot enables us to formalize the expected repair time in a
wireless sensor network with several nodes of variousk-redundancy levels.
Remember that in order to make two neighbors of ak-redundant node un-
reachable to each other, it requiresk nodes to be disconnected from the net-
work in addition to that node. Assuming that the network topology is stable
from the time disconnection occurs to the time a robot repairs it, we can re-
pair the network by sending a robot to the location of the node that caused
disconnection. However, in some cases, a robot can repair the connection even
before reaching the location of the failed node. We callx ij the optimal posi-
tion that a robot j needs to move to repair the network in case nodei fails
and network gets disconnected. We de¯ne¿ij as the time of robot j to reach
x ij . Fig. 1(b) illustrates the optimal location to repair the network and the
time for the closest robot to reach there. In this ¯gure, r 1 repairs the network
in case noden4 fails. If we assume that a node has probabilityp to disconnect,
then the probability of the network disconnecting at a k-redundant node is
pk+1 , becausek additional nodes need to fail in addition to that node so as
to obtain a disconnected network. Then, we can write expected repair time
as a function of the probability that the network disconnects at a given node
and the time for a robot to reach to a position to repair the network.

E (¿) =
nX

i =1

min j (¿ij ) ¤ pk i +1 ; 1 · j · m (1)

where n is the number of nodes,m is the number of robots, and ki is k-
redundancy for the nodei .

In Equation 1, we assume that all nodes have the same probability of get-
ting disconnected. The equation could easily be extended to include di®erent
probabilities for each node (perhaps based on the signal strength, direction of
nodes or distance between nodes). Please also note that this equation presents



a theoretical basis for our algorithm, and we do not need to know the exact
values of p and ¿ij for analysis purposes. In later sections, we will discuss
di®erent approaches to ¯nd robot placements.

5 Network Repair

Our goal is to provide at least the minimum k-redundancy for all mobile
nodes in the wireless sensor network. We achieve this by continuously check-
ing k-redundancy for each node and request assistance from a mobile robot
if k-redundancy becomes less than the minimum redundancy. Please note
that, if the minimum redundancy is selected to be 0, reduction in the redun-
dancy means that the network is disconnected. Alternatively, we can enforce
a high redundancy value to (a) provide more robust network, (b) increase the
throughput between mobile nodes. In this section, we will discuss how we can
¯nd k-redundancy for each node. We will also present two methods for repair-
ing a disconnection. In the ¯rst method, the reactive algorithm, the network
directs robots when thek-redundancy of a node becomes less than minimum
value. In the second method, the proactive method, the network place the
robots at locations that minimize the repair time in case k-redundancy be-
comes less than the minimum value.

5.1 Computing K-redundancy

(i; j; k )-redundancy de¯nition requires ¯nding all alternative paths between
the i -hop neighbors of a node, where paths can cover thej -hop neighborhood.
Hence, in order for a mobile node to ¯nd its redundancy, a communication
mechanism is required. In our approach, each node storesj -hop neighborhood
information. To determine its role in connectivity, each node enumerates all
ways of communication between each pair ofi -hop neighbors. This way, each
node can determine its role in communication. The pair which has the least
number of ways of communication determines that node's (i; j; k )-redundancy.
We are only interested in evaluating the importance of a node in connecting
its immediate neighbors, so we compute (1; j; k ). In practice, j must be small,
as a result, computed redundancy value (1; j; k )-redundancy can be di®erent
from k-redundancy, which is de¯ned as (1; 1 ; k)-redundancy. However, the
local value is a lower limit on the redundancy of nodes, i.e., nodes can have
higher redundancies if they are computed globally, but nodes cannot have
lower redundancy. So, redundancy values computed using local information
are a good indicator of graph connectivity. Our experiments suggest that 2-
redundancy is su±cient for practical applications of network repair [11].

5.2 Reactive Repair

The reconnection process starts when a node starts drifting away from one of
its immediate neighbors. If losing this neighbor does not reducek-redundancy



of this node to a value less than the minimum redundancy, no action is taken.
Otherwise, one of the robots in the network needs to move to that region
and form connections with those two nodes. If possible, robots try to form
connections to as many nodes as possible, which in turn increases redundancy
of the node. After this time, robots assume the responsibility of maintaining
connectivity just as a regular node, i.e. they can call other robots to repair
connection. This allows the robots to build bridges consisting of several robots
between the disconnected parts of the network. To avoid unnecessary deploy-
ment of robots, a periodic connectivity detection mechanism works on the
nodes who has connection to the robot. If all nodes can communicate be-
tween each other without the help of the robot, the robot is unnecessary and
leaves that region.

5.3 Proactive Repair

In proactive repair, we place robots in locations that minimize the repair
time in case of node failures or disconnections. Once the robots are in these
locations, they are utilized around there until a node's redundancy goes below
than minimum redundancy, i.e., reactive repair is required. The best location
for a robot to minimize the expected repair time is the location that minimizes
Equation. 1.

Finding the best locations to minimize expected repair time can be rep-
resented as the facility location problem. Facility location problem has been
studied extensively because of its practical applications, and it involves chal-
lenging combinatorial and geometrical problems. In general, the facility lo-
cation problem is ¯nding the locations of a set of facilities F to serve a set
of demand locations D with minimum cost, where cost function cij is the
weighted distance function for j 2 D and i 2 F that is nearest to j . In
our original problem, facilities are the robots, demand locations are the lo-
cations that the robots can move to repair the network, and cost function is
the weighted distance where weight is the probability of a node failing and
causing disconnectivity. As facility location problems are NP-Hard, solution
to Equation. 1 is also NP-Hard. We propose three policies for solving this
problem: (i) robots can be placed only around nodes, and if a node fails, a
robot can repair the network by taking its place (P1), (ii) a robot can repai r
the network by taking the failed node's place as before, but robots can be
placed anywhere (P2), (iii) robots can be placed anywhere, but instead of
moving all the way to take the place of the failed node, it moves to the point
which is closest to the robot and enough to repair the network (P3).

In the following, we will discuss how our policies can be implemented by
using several variations of the facility location problem.

Discrete Demand and Facility Sets for Policy I

Facility location problem is called k-median when both demand and facility
sets are discrete, and at mostk facilities can be used. Our ¯rst policy is k-



median, as we assume that robots can be located only around nodes, and they
can move to the previous location of the failed node to repair the network.
So, both feasible facility locations and demand locations are node locations,
and k is the number of idle robots.

K -median problem is NP-Hard [12], so exact solutions are not feasible.
However, there are several heuristics that work well in practice. We discuss
two di®erent algorithms for the solution of this problem:

Greedy Approach : In the ¯rst algorithm, we locate robots around low
redundant nodes. This approach comes from the fact that a robot near a lower
redundancy node would have faster repair time than a robot near a higher
redundancy node. Please see [11] for the proof demonstrating this on certain
graphs. We use point-greedy algorithm [12] for solving this problem. In this
algorithm, one facility is added at a time that minimizes cost. More formally,
start with solution set S = ; , and update S = S [ f k where f k 2 F ¡ S
such that cost(S) is minimized. This algorithm is very fast but it has an
approximation ratio O(n), where n is the number of demand locations.

Local Search : In the second algorithm, instead of a step-by-step alloca-
tion, we check di®erent combinations and minimize the cost over all combi-
nations. This is the exact solution of k-median and is NP-Hard. Best known
polynomial time solution to this problem is local search. In this approach,one
random feasible solution is determined, and at each step, at mostp facilities
are swapped until no more improvement can be obtained, i.e. some facilities
are removed and some are utilized, keeping at mostk facilities utilized at any
time. This approach has approximation ratio 3 + 2=p and the running time is
O(np) [13], wheren is the number of facilities.

This approximation ratio is for metric k-median problem, i.e. cost function
needs to be symmetric and satisfy triangle inequality. Although the cost func-
tion in our problem de¯nition is symmetric, there are cases where it violates
triangle inequality. In order to overcome this problem, we de¯ne the distance
between a node and a robot as the length of the shortest path on the graph.

Local search method is a centralized method, but it is suitable for com-
puting in a distributed fashion. This approach starts with a greedy solution
where robots are located near low redundant nodes. Then, each node assigns
itself to the closest robot, creating a partitioning of the network. After thi s
step, the algorithm starts running asynchronously. We assume each robot is
controlled by the node that is closest to it. Each node, at a random time,
computes the cost of the solution if it moves the robot to one of its neighbors.
If this solution gives a lower cost, then it actually sends the robot. Otherwise,
after waiting for a random amount of time, it checks another node, until all
neighbors are tried and no more improvement can be obtained. Algorithm 1
summarizes this approach. In a network ofm robots and n nodes, assuming
random sampling prevents more than one node to swap robots, i.e.,p = 1,
our algorithm ¯nishes in O(n) time, and the approximation ratio is 5 [13].



Algorithm 1 Local search (nodei )
1: Find an initial solution S
2: if A robot is located near i then
3: Compute the cost C(Si ) of the solution
4: for all j 2 N (i ) where N (i ) is the neighbor set of i do
5: Recompute the cost C(Sj ) if the robot is near j
6: if C(Sj ) < C (Si ) then
7: Send the robot to j
8: else
9: Wait for a random amount of time

10: end if
11: end for
12: end if

Discrete Demand and Continuous Facility Sets for Policies II and
III

Facility location problem is called Fermat-Weber [14] problem when facilities
can be located anywhere in the plane and only 1 facility can be utilized. More
formally, let D = f a1; a2; : : : ; am g be the set of m points in < n , Fermat-
Weber problem is to ¯nd a point q which minimizes the sum of the weighted
Euclidean distances to the points inD :

min
q

d(q) =
mX

i =1

wi kq ¡ ai kn (2)

where k:kn denotes Euclidean distance in< n and wi is the weight for point
ai . An example problem is shown in Fig. 2.

Proactive repair approach can be transformed into this problem when there
is only one robot, by usingk-redundancy to de¯ne the weights in the formula.
In this case, let D = f n1; n2; : : : ; nm g be the set of nodes in< 2, our problem
is to locate the robot r to minimize expected repair time:

min
r

E(r ) =
mX

i =1

pk i +1
i kr ¡ ni k2 (3)

This problem does not have an exact analytical solution even whenm =
5 [15]. However, if the points in the setD are not collinear, then this function
is positive and strictly convex, hence it has a unique minimum. In the case
where the points are collinear, at least one of the points inD is the minimum,
and it can be found in linear time. For the noncollinear case, one of the most
popular algorithms is Weiszfeld's algorithm [16] which is an iterativemethod.
The iteration function is given by:
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Weiszfeld's algorithms is de¯ned using this function as an iterative scheme:

r i +1 = T(r i ) i = 0 ; 1; 2: : : (5)

This function is continuous and di®erentiable everywhere except the points
in D . If no r i results in a point in D , these points converge to the global
optimal solution r opt in a ¯nite number of iterations [17]. However, when any
r i is in D , then the algorithms terminates at r i without convergence. The
set of initial points r 0 that causes anyr i 2 D where i > 0 is denumerable
(countable) [18{20], if the convex hull of the points in D has full dimension.
In our problem, we are working on< 2, hence the convex hull of the points in
D has 2-dimensional convex hull as long as the points are noncollinear. As a
result, the set of starting points is always denumerable when the points inD
are noncollinear. We only use this algorithm when the points are noncollinear,
so we can claim that the set of starting points that will cause early termination
without convergence is denumerable. Thus, by selecting another starting point
whenever the algorithm terminates early, r opt can be found in ¯nite number
of steps. However, in practice, it is very unlikely that any r i will exactly land
on a point in D with the exact numerical precision.

The negative gradient of the function E(r ) is de¯ned as:

R(r ) =
mX

i =1

pk i +1
i

kr ¡ ni k
(ni ¡ r ) (6)

Convexity of E (r ) implies that the necessary and su±cient condition for
optimality is R(r opt ) = 0. We use this result to generate the stopping criterion.
Algorithm stops at iteration i whenkR(r i )k2 · ², where² is small and positive.

The rate of convergence depends on whether or notr opt is in D . If r opt 62D,
then the rate of convergence is linear. On the other hand, ifr opt 2 D, the
convergence rate can be linear, superlinear or sublinear [21].

Multi-Facility: When multiple facilities are used, facility location prob-
lem with continuous facility set turns into a very hard optimization problem,
and it has been shown to be NP-Hard [22]. Although properties of the op-
timal solution is known [23], there is no known heuristic with performance
bound. We have chosen one of best heuristics, sequential location and alloca-
tion (SLA) [24,25]. This method starts with an arbitrary solution, a nd assigns
each demand location to the closest facility which results in a clustering of
demand locations. Then, single facility location problem is solved for each
cluster, and new facility locations are found. This process continues until no
more improvement can be obtained, and converges to a local optimal solution.



d1
2d

d4
d5 d3

d1 2d d3 d5d4+ + + +( )
q

min 

Weber Point (q)

Fig. 2. Weber point is the point which minimizes the total distance to all oth er
de¯ned points on the plane.

Algorithm 2 Sequential Location and Allocation (SLA) (node i )
1: Find an initial solution S
2: while Cost of the solution C(S) can be improved do
3: Choose the closest robotk for assignment
4: Form the set of nodes W (k) which are assigned to k
5: Solve 1-Weber problem for W (k) to ¯nd a new location ( x; y ), where (x; y ) is

within communication range of some n 2 W (k)
6: Move robot k to ( x; y )
7: end while

In order to apply this solution to our problem, we assign continuous facility
set as the feasible robot locations in the plane, so thatF µ < 2. Discrete
demand set are the locations for the robots to move and repair the network
in case a node fails and repair is required. This approach is presented in
Algorithm 2. For solving the 1-Weber problem, we are using the Weiszfeld's
algorithm. In this part, we also explore two di®erent policies:

² Constant Demand Set : In our second policy (P2), we set demand set
as the node locations and apply SLA algorithm. Initially, we set robot
locations as their initial locations and ¯nd an assignment for nodes, which
results in a clustering of nodes. We then solve Weber problem inside each
cluster, and continue until robot locations cannot be changed to reduce
expected repair time.

² Updated Demand Set : In the last policy (P3), we ¯rst form the re-
gions that a robot can move and repair connectivity (repair regions whose
construction explained in [11]), and pick the closest points inside these
regions as the demand locations. The solution of the problem using this
policy gives the solution of Equation. 1. We again use SLA algorithm to
solve this problem. In this algorithm, each time robot locations are selected
and single facility location is solved, demand set is updated according to
the new robot locations.

6 Simulations
In our simulations, we want to determine the characteristics of connectivity
in mobile networks and the e®ect of using robots to reinforce network and



repair connectivity. We are interested in observing the e®ects of increasing
k-redundancy, success of the proposed methods in maintaining connectiv-
ity, e®ects of obstacles and node failures. Because of space limitations, we
only present some of the results. Our full results can be found at [11] and
videos at http://www.cse.wustl.edu/ » bayazit/connectivity/ . We implemented
and tested our algorithm on the network simulator NS-2 [2]. NS-2 is one of
the most commonly used network simulators and it can simulate realistic net-
work conditions including message transfer, network congestion, delay etc. In
our experiments, we have selectedk = 2 (see [11] for evaluation of di®erent
k values). We setup communication range to be 45 meters which is around
the range of low-power radios. Before presenting simulation results, we discuss
properties for measuring connectivity.

6.1 Connectivity Measure

There are two metrics for measuring connectivity in our experiments. The ¯rst
one is the classical measure which is 1 when network is connected, and 0 if
the network is partitioned. The second metric which is called reachability [26]
is more useful to measure connectivity on a continuous scale. This metric is
de¯ned as the ratio of the total number of node pairs that can communicate
among each other to the 2-combination of all nodes. This number reaches 1
when all nodes are connected, and 0 when there is no connection between any
nodes.

6.2 Simulation Results

Success Rate: These simulations show the success of the proposed methods
in maintaining network connectivity when there are di®erent number of robots
in the system. For this purpose, we present average total disconnection time
during the simulation period and average reachability. We measure these in
two di®erent setups. We ¯rst let robots move randomly just like nodes, and
in the second one, we have the robots controlled by nodes using reactive and
proactive methods. We allow robots to move randomly and compare to our
technique, instead of simply adding robots to the network because increasing
the number of mobile entities alone can help connectivity. As a result, the
number of mobile units is same in comparison, only the behavior of robots
change. We started with a network of 10 mobile nodes, and added one robot
at each experiment. We used 10 di®erent initial graphs for any given number
of robots, and the experiment has been repeated by starting with each graph
100 times. Each simulation time is 500 seconds.

Fig. 3(a) shows the time the graph remains disconnected. When there is
only one robot in the network, the di®erence in the times between random
and controlled robot motion is about 15 seconds. However, as the number of
robots increase, the time di®erence starts increasing. The di®erence in discon-
nected time between random motion and reactive approach reaches 80 seconds



when there are 10 robots for repair. The results show that proactive approach
performs better than reactive approach. In the proactive approach, we have
tested point greedy (PG), local search (LS), sequential location and allocation
with constant demand set (SLA-CD), and sequential location and allocation
with updated demand set (SLA-UD) methods. As it can be seen in Fig. 3(a),
PG, SLA-CD and SLA-UD performs similar, whereas LS outperforms all these
three methods. When there are 10 robots, the time di®erence between LS and
PG, SLA-CD and SLA-UD reaches 25 seconds. The time we obtain using LS is
150 seconds better than random motion, and 70 seconds better than reactive
approach. We should note that the algorithm used to send robots to repair
the network in case a disconnection is detected is the same with reactive and
proactive approach. This shows that placing robots usingk-redundancy can
provide improvement about 70 seconds over 500 seconds.

One interesting observation is that both SLA-CD and SLA-UD perform
very similar to PG. Although SLA can place robots anywhere in the 2-D Eu-
clidean space, it can perform much worse than optimal solution on certain
graphs. When the initial distribution of the robots is uneven among the dif-
ferent parts of the graph, one part of the graph can have very little expected
repair time, whereas the other part has very high because of the uneven distri-
bution of robots. This solution is possible to obtain using SLA because thereis
no force that can push some of the robots from the dense part of the graph to
the sparse part of the graph. PG can also su®er from this problem because of
the greedy approach. The greedy approach minimizes cost at each step. So if
there are two dense parts of the graph connected by a single bridge and there
are two robots, the ¯rst robot goes along that bridge, and the second robot
goes to one of the dense parts. In an optimal solution though, each robot is
placed in one dense part. However, LS can avoid these cases by moving the
robots to other parts of the network as long as improvement can be obtained.
Finally, we have also seen that there is not statistically signi¯cant di®erence
between SLA-CD and SLA-UD. With SLA-CD, all nodes send their own lo-
cations to be used in the computation of Weber point, whereas with SLA-UD,
nodes send the closest point required to repair network. However, the optimal
position of the robot is always among the nodes, so most of the time, the
change in the distance computations of the nodes opposite to each other with
respect to the robot cancel each other, and the location of the Weber point
changes very little. Although the expected repair time with SLA-UD turns
out to be smaller than SLA-CD, the optimal robot position is very simil ar.

Reachability measurements show similar results(Fig. 3(b)). When there
is only one robot, the di®erence in reachability between random motion and
reactive approach is 0.03, and the di®erence between random motion and LS is
0.07. Reachability increases with all methods as the number of robots increase.
The reachability of LS reaches up to 0.9 when there are 10 robots, which means
that on average, 90% of the nodes in the network are connected to each other
over 500 seconds. With 10 robots, the di®erence between random motion and
reactive approach reaches 0.1, and the di®erence between random motion and



LS reaches 0.22. This means using LS, 22% more nodes can communicate
among each other compared to random motion.

(a) (b)

Fig. 3. (a) Average disconnected time as the number of robots increase. (b) Reach-
ability as the number of robots increase.

7 Experiments

We show the feasibility of our approach with experiments on real hardware.
For this purpose, we experimented on a network formed of 3 robots (2 AmigoB-
ots, 1 Pioneer 3-DX) and 10 Tmote sky motes. Each robot is equipped with
a mote, and the other 7 motes are used as static nodes. 1 AmigoBot is used
as a mobile node, and the other robots are used as connectivity repair robots.
We present the working of the system in an environment of size 8mx8m. In
our experiments, we set a communication range of 2.5 meters to imitate radio
communication range, so although motes hear all other motes in the environ-
ment, they ¯lter out messages from motes who are further away than 2.5m.

Initial experiment setup is shown in Fig. 4(a). The mobile node represented
with an AmigoBot is working as a bridge between the upper and lower parts
of the network. Two repair robots are located at the two minimum redundant
nodes in the upper part. When AmigoBot moves closer to the camera, this
causes a disconnectivity in the network, so the closest idle robot (Pioneer)
moves towards that region to repair connectivity (Fig. 4(b)). Then, AmigoBot
fails (Fig. 4(c)) so another disconnection occurs in the network. This time, the
robot who is supposed to provide connectivity (Pioneer) acts as a mobile node
and calls for another robot, and the second AmigoBot reaches the region and
maintains connectivity with the neighbors of the failed node (Fig. 4(d)).

8 Conclusion

In this paper, we have presented a new graph property,k-redundancy, to de¯ne
the communication characteristics of a dynamic wireless sensor network. This



(a) (b) (c) (d)

Fig. 4. Real experiments in a scenario that represents bridge forming and node
failure handling

property provides a way to represent the e®ects of removing a node from
the network on the connectivity. We show that this property can be used
to estimate repair time to reconnect a network. We have presented an in-
network algorithm that is based on k-redundancy to improve the network's
connectivity where mobile nodes request mobile robots to repair low connected
areas. Finally, we have showed the performance of our algorithm in simulations
and real hardware.
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