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Abstract—We propose a method for planning large mesh-based
WSN with multiple sinks. The relationship between the WSN
capacity, sensor power transmission and the outage probability
of the path between sensor nodes and sinks is very complex.
In order to reduce the problem complexity, we use a mul-
tistage approach, where sensor node clustering, sink position
selection, sensor node power and channel assignment are solved
as independent problems. The multistage approach is used in
accordance to two different strategies, named Geometry-Based
Clustering (GBC) and Path-Based Clustering (PBC). In the first
strategy, the clustering of sensor nodes and the sink selection is
based exclusively on the sensor nodes geometric disposition. The
second strategy solves the same problem by determining the sink
positions by a search method that optimizes the WSN capacity
under outage probability constraints.

I. INTRODUCTION

Wireless sensor networks (WSN) are formed by devices dis-
tributed over a monitored region, which generate information
of a given phenomenon and forward them to one or more sinks,
possibly through a multi-hop wireless network [1]. In some
applications, hundreds of sensor nodes might be deployed
over the monitored region, whose diameter might be several
kilometers. In this case, the scalability becomes an important
design issue. Some applications for the smart-city involve
a communication infrastructure in which the location of the
sensors is known at the planning stage. An important example
is the Smart Grid, a new form of electricity network with high
fidelity of energy flows, with great capacity of control and
self-management. A critical component of the Smart Grid is
the last mile communication infrastructure, which must meet
specific requirements of coverage, performance and reliability.

There are many design choices that affect the capacity
and reliability of the network, including the amount and the
location of the sink nodes, the transmission power of each
sensor node and the channel to be used in each cluster. The
use of multiple channels can decrease the interference and
increase the network capacity. Determining the number and
location of multiple sinks has been addressed in the literature
[2], [3], [4], [5], [6], [7], [8], as well as the problem of power
allocation to sensor nodes [9], [10], [11], [12] However, in
applications for the Smart Grid, the network should be planned
to achieve a pre-defined capacity and reliability, besides using
efficiently the energy. When a wireless medium is used, the
interference among hundreds of nodes must be taken into
account. The planning problem involves a huge number of

variables and alternatives, and efficient heuristics based on
robust transmission models shall be investigated.

In this paper we combine an outage-based capacity model
with clustering and power assignment algorithms to design
structured WSN with the following attributes: large scale,
multi-sink, and multi-channel. Similar to other planning strate-
gies, the sink nodes can be placed everywhere in the monitored
region, and the communication between sensor nodes and the
sink nodes are performed through multi-hop links. Differently
than previous works, our clustering and routing algorithms
consider outage probability constraints for the routes, and
determine efficient solutions in a space that takes into account
the location of multiple sinks, the use of multiple channels,
and the use of multiple power levels in different sensor nodes.

The remaining of this paper is organized as follows. Section
II discusses some related research work. Section III describes
the throughput capacity model for wireless mesh topologies
that takes into account the transmission outage probability.
Section IV presents the proposed method for planning cluster-
based WSN with outage probability constraints. Section V
evaluates the proposed method assuming typical parameters
of the Zigbee technology. Finally, Section VI presents the
conclusion and points to future developments.

II. RELATED WORK

Important applications like smart grids and smart cities can
be supported by large-scale and structured WSN, whose design
considers multiple sinks and clustering [13]. Multiple sink
nodes are deployed to increase the network’s manageability
and to reduce the energy-dissipation at each node. The study in
[2] considers the location of sink nodes subject to constraints
that impose a minimum operating time for the network. It uses
the k-means algorithm to interactively search a solution that
satisfies a pre-defined network lifetime. In [3] it is given a
mathematical model to determine the locations of the sinks
that minimize the sensors average distance to the nearest
sink. The algorithm carries out the sink deployment based
on the location information of the neighboring nodes and on
estimations of the location of the distant nodes. The study in
[4] proposes a gene expression programming algorithm to find
the deployment of sinks according to a data transmission cost
model based on hop count distance. The authors in [5] propose
a method to place sinks considering deployment constraints,
which inspects the routing topology and introduces placement
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constraints to avoid transmission black holes. The distance of
nodes to the sink and energy balancing are considered in the
method proposed in [6]. The goal is to partition the network
in k-clusters so that the average hop distance is minimal and
the average degree of sink nodes is maximal. The algorithm
is based on particle swarm optimization.

A mathematical model that considers connectivity, radio
channel propagation model, and the capacity of the air in-
terface, in a method that finds tree topologies, is presented
in [7]. The goal is to maximize the network reachability
measured by the amount of information collected by the sinks.
The use of different channels in different clusters can largely
decrease the interference and increase the network capacity. In
order to address this issue, in [8] we provide a clustering and
routing algorithm that defines the best position of the sinks and
corresponding cluster trees, together with the optimal channel
allocation. The goal is to maximize the network capacity
subject to path outage probability constraint. The channel is
modeled assuming a Nakagami-m distribution to capture the
multi-path fading effects of wireless propagation.

Power allocation is considered in dynamic clustering [9],
[10], where the power is adjusted online instead of being pre-
planned. In [9] it is presented a scheme in which the nodes
listen to advertisement messages sent by the cluster head, and
interactively set the transmission power using a transmission
model that considers path loss and fading. In [10] the power
is adjusted by the nodes according to an estimation of the
distance to the cluster head. Power allocation is also been
considered in multi sink scenarios[11], [12] using cooperative
communication strategies and adaptive modulation schemes.

III. POWER AND OUTAGE-BASED CAPACITY MODEL

The outage-based capacity model described in this section
is an extension of our previous work [8], which presents
the model for single cluster, single channel scenarios. In this
section, the original model is briefly presented, followed by
the discussion of the details of the extensions introduced to
support multi orthogonal channels.

The wireless channel capacity is a function of radio channel
impairments, such as path loss, small scale fading, shadowing
and thermal noise. These effects are well captured by the chan-
nel outage probability model, which gives a good prediction
for the packet error rate (PER) of practical coding schemes
[14], [15]. The Nakagami-m distribution [16] is employed
in this work to model the multi-path fading effects of the
propagation environment. This model allows us to adjust the
fading severity through the parameter m. Lower values of
m (0.5 ≤ m ≤ 1) model a channel with non-line-of-sight
(NLOS). On the other hand, higher values of m (m > 1)
are representative of situations with at least some line-of-sight
(LOS). In our analysis, we consider that the channel is in
quasi-static fading and the nodes operate in half-duplex mode.
Following the formulation of [17], for frames transmitted
from a node with power P to a receiver at a distance d, the

Nakagami-m fading outage probability is

OP,d,m = P [γP,d,m < β] =
Ψ
(
m, m·βγP,d

)
Γ(m)

, (1)

where γP,d,m is the instantaneous signal-to-noise ratio (SNR),
γP,d = ηd·P

N0·B is the average received SNR (see [18]) and
ηd = Gλ2

(4π)2dαMlNf
is the path loss of the channel. The additive

white Gaussian noise (AWGN) has variance N0/2 per dimen-
sion, where N0 is the thermal noise power spectral density in
Watts/Hertz. Supposing the use of capacity achieving codes,
an outage occurs at the receiver when γP,d,m is below a
threshold β =

(
2∆ − 1

)
which allows error free decoding

[18]. The parameter ∆ is the system spectral efficiency and
B is the system bandwidth in Hertz. The Γ(a) and Ψ(a, b)
are the complete and lower incomplete gamma functions [19],
respectively, α is the path loss exponent, G is the total gain
of the transmit and receive antennas, λ is the wavelength, Ml

is the link margin and Nf is the noise figure at the receiver.
The outage probability can be reduced by increasing the

transmission power, but this also increases the interference
range. In this study we model the interference range as a func-
tion of the received power at the neighbor nodes, RP,d = ηd·P .
The interference range, IP , of a node with transmission power
P , can be defined as the distance where the received power
equals the receiver sensitivity S as follows

IP = d |RP,d = S. (2)

As IP is deterministically defined, it represents an approx-
imation of the interference effect. Our model assumes 100%
interference probability within the range [0, IP ]. In practice,
the interference probability depends on the distance to the
transmission node, and it varies within the range [0, IP ].
Nodes outside this range can also suffer interference with a
small probability. The development of a generic probabilistic
interference model for a WSN is very complex, and it is
outside of the scope of the study presented in this paper.

Fig. 1 shows the outage probability of a single hop transmis-
sion with respect to the transmission power and distance for
a typical Zigbee radio. The parameters required to calculate
the outage probability have the following values: Ml = 0 dB,
Nf = 11.5 dB, G = 4.2 dBi, fc = 2.410 GHz (channel
12); N0 = −174 dBm/Hz and α = 3. The system spectral
efficiency is ∆ = 2 bits/s/Hz. Each curve in the figure
corresponds to a different power configuration, ranging from
10 dBm to 18 dBm. The dotted vertical lines indicate the
interference range IP for each power configuration, assuming
a sensitivity threshold S = −120 dBm.

Many wireless protocols support the use of reliable trans-
missions. In this case, an outage results in packet retransmis-
sions, reducing the effective capacity of the wireless channel.
Assuming quasi-static fading, where the channel gain remains
approximately constant during the transmission of a packet
and changes independently from one transmission to another,
the number of required retransmissions for correct decoding
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Figure 1. Outage with respect to the distance between sensor nodes.

can be estimated from the outage probability. Under this
assumption, the average number of times that a packet must
be transmitted at a given hop with parameters P, d,m is

TP,d,m =
1

1−OP,d,m
. (3)

Moreover, a WSN can be represented by a directed graph
G(V,E), where V are the sensor nodes and E are the pairs
of nodes that can communicate directly, without the help of
a relay node. The maximum transmission distance of a node
DP,O depends on its transmission power P and the maximum
acceptable outage O. It may be obtained by using (1) and
imposing OP,d,m = O, as defined by

DP,O = d | OP,d,m = O. (4)

However, the term d can only be determined by a search
method, because it can not be analytically isolated in (1).

In a multi orthogonal-channel scenario, assuming that sensor
nodes are single-radio, each channel c may be represented by
a different graph G(Vc, Ec). The set of edges Ec is

Ec =
{

(vi, vj) | vi, vj ∈ Vc ∧ EDij ≤ DPi,O
}
, (5)

where Pi is the power of the transmitter node and EDij

represents the Euclidean distance between nodes vi and vj .
The total traffic load through an edge (vx, vy) is the sum of

the loads of all demands that use this edge and is defined as

TELxy =
∑

lij∈TM∧(vx,vy)∈pij

lij , (6)

where each demand lij in the traffic matrix TM is assigned
to a path pij = {(vi, v...) , · · · , (v..., vj)} between the nodes
vi and vj . The bandwidth of an edge (vi, vj) is not consumed
only by the traffic load TELij , but also by any other com-
munications performed in the same interference domain. As
defined by [20] and [21], the collision domain CDSc,ij of a
transmission between the nodes (vi, vj) in the channel c is
defined as the set of transmissions that causes contention to
vi or vj . The CDSc,ij of (vi, vj) is defined according as

CDSc,ij =

{
(vx, vy) | (vx, vy) ∈ Ec∧
EDxi ≤ IPx ∨ EDxj ≤ IPj

}
. (7)

The effective traffic load through an edge (vi, vj) must take
into account all transmissions in the same collision domain,
and the outage effect. Thus, the total traffic load in the collision
domain of an edge (CDLc,ij) is defined according to

CDLc,ij =
∑

(vi,vj)∈CDSc,xy

TELxy
1−Oxy , (8)

where Oxy represents the outage probability of the wireless
channel between nodes vx and vy . Please, observe that the use
of the outage in (8) is valid only for hop-by-hop reliable trans-
mission (e.g., ACK is enabled in the Zigbee communication).
In this work we always consider this assumption.

If the transmission capacity of all sensor nodes is assumed to
be the same, it is possible to determine the maximum network
capacity analytically, once all paths connecting the nodes to
the gateways are known. For example, if all demands in the
traffic matrix TM are made equal to a unit, i.e., lij = 1, then
the maximum transmission capacity of the sensor nodes in the
c channel, lc,max, can be obtained by

lmax,c =
TMT

MCE
, (9)

where TMT represents the maximum throughput capacity of
the wireless channel and MCE is the traffic load of the most
congested edge,

MCE = max
∀(vi,vj)∈Ec

CDLc,ij . (10)

There are several references in the literature that estimate
TMT for the Zigbee technology. For example, considering
a Zigbee WSN operating in beaconless mode, the TMT of
the wireless channel can be estimated at 140kbits/s [22]. The
effective power consumed by a node depends on the fraction
of the time that it is using its transmission channel. Nodes
that are used more frequently as routers consume more power.
Assuming that a node is operating at its maximum capacity,
the effective power Pi consumed by a node is given by:

Pi =

∑
∀x∈Vc

TELix/(1−Oix)

MCE
· Pi. (11)

IV. PROPOSED POWER ASSIGNMENT METHOD

The outage probability of a path without retransmissions
pij = {(vi, v···) , · · · , (v···, vj)}, from a sensor node vi to the
gateway vj , is

Opij = 1−
∏

(vx,vy)∈pij

(1−Oxy) . (12)

When reliable communication is enabled, the path outage
probability results in a degradation of the quality of the
transmission, because a path with high outage probability may
require several retransmissions attempts to deliver a packet,
resulting in delay and jitter experienced by the applications.

535



It also results in an increased waste of bandwidth of all
nodes within the interference range of the path. In this paper
we propose to plan the routes from the sensor node to the
gateways using a shortest weighted path (SWP) approach,
where the cost of a path pij is defined by

Cpij = |pij |+Opij , (13)

where |pij | represents the number of hops of the path pij .
Because Oij < 1, the path cost is basically determined by
the number of hops and the path outage is used only as a
tiebreaker between paths with the same number of hops.

The routes obtained with the SWP approach are determined
by the relative distance among the nodes and the transmission
power of the nodes. Fig. 2 illustrates the SWP approach in
a scenario where sensor nodes are randomly spaced at an
internode distance between 250 and 475 meters. In the top
of the figure all nodes are assumed to be configured with
a transmission power of 10 dBm. The gray disks indicate
the interference range of the sensor nodes, and the dotted
lines represent the connectivity between sensor nodes calcu-
lated using (4) and assuming a maximum outage probability
O = 0.1 and Nakagami parameter m = 2. The continuous line
in the figure corresponds to the path between the sensor node
and the gateway. In this scenario, the cardinality of the path
is|pij | = 6, generating a lot of interference to the nodes in the
path as well as to their neighbors, as it can be observed by
the superposition of gray disks. If we assume that the sensor
node transmits continuously to the gateway at a unity rate,
the gray disks superposition indicates that some of the nodes
will perceive the use of the bandwidth in its wireless channel
at a six units rate (plus the use related to retransmissions).
In the bottom of the figure, the transmission power of the
nodes along the path has been increased to 14 dBm. As
indicated by the dotted lines, the connectivity of the nodes
with their neighbors has been increased, and it was possible to
determine a shorter path with |pij | = 3. The larger gray disks
indicate that the increased power also results in an extended
interference range, but the maximum superposition of gray
disks has been decreased to three, resulting in less competition
for the wireless channel. The path outage probability was
Opij = 0.054 in the top scenario, and Opij = 0.152 in
the bottom scenario. Alternatively, the path outage probability
could be decreased by increasing the transmission power of
the nodes without reducing the number of hops. For example,
if the transmission power were adjusted to 14 dBm in the
top scenario and to 18 dBm in the bottom scenario, without
modifying the paths, the path outage probabilities would be
reduced to 0.009 and 0.029, respectively.

As seen in Fig. 2, the relationship between the network
capacity, transmission power, the outage probability among
adjacent nodes and the path outage probability is very com-
plex. In order to reduce the problem complexity, we use
a multistage approach, where sensor node clustering, sink
position selection, power assignment and channel assignment
are solved independently. The multistage approach is used

Figure 2. SWP planning route with different power transmissions setups.

Figure 3. Main steps of the GBC planning algorithm.

with two different proposed methods, named Geometry-Based
Clustering (GBC) and Path-Based Clustering (PBC).

The main steps of GBC are illustrated in Fig 3. First, the
nodes are clustered by their relative Euclidean distance using
k-means (Step 1). Next, the sink position of each cluster is
calculated as the geometric median of the sensor nodes within
the cluster (Step 2). The geometric median represents the
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Algorithm 1 Build connectivity graph.
Input: V (minimal vertex degree) and O (edge outage probability) constraints.
1. For each sensor node vi in the WSN:

1.1. Determine di as the maximum distance between vi and the V nearest
nodes.

1.2. Compute the transmission power Pi as the smallest power where
OPi,di,m ≤ O using (1).
2. Compute the edges of the connectivity graph using (5).
Output: transmission powers and edges connecting the sensor nodes.

coordinates that minimize the distance between the sink and
all sensor nodes within a cluster. If the sink coordinates are
pre-defined, the geometric median can be used to select the
nearest candidate among a set of candidate sink positions. In
our implementation, we have used the Wolfram Mathematica,
in which both functions, clustering using k-means and the
geometric median, are available as built-in functions. The
transmission power assigned to each sensor node is defined
at steps 3 and 5. Step 3 defines an initial power assignment
and Step 5 adjusts the powers in order to assure that all
paths connecting the sensor nodes to their respective sink
satisfy a given path outage probability constraint. Step 5
can be performed only when the paths between the sensor
nodes and the sinks are determined (in Step 4), and an initial
power assignment is required to build a connectivity graph and
determine a WSN topology. Thus, Step 3 consists in building
the connectivity graph of the nodes by determining the set of
edges representing direct communication between the sensor
nodes, as defined in (5). The edge connectivity is controlled
by two parameters that are dependent on the WSN design:
the transmission power of the sensor nodes and the maximum
acceptable outage probability for each edge (i.e., edge outage
probability constraint).

In order to determine the graph connectivity, we use the
“Algorithm 1”. It determines the power of the nodes as a
function of the desired vertex connectivity V and the edge
outage probability constraint O. Fig. 4 illustrates the effect
of these parameters on the connectivity graph. The size of
the nodes represents their transmission power (bigger nodes
correspond to higher power). For a typical Zigbee configura-
tion, the transmission power may range from 10 dBm to 18
dBm. In (a), the vertex connectivity of some nodes is very
high because, even at the minimal power, these sensor nodes
can communicate with many neighbors without violating the
outage limit. In (b), the outage constraint is more severe, and
some nodes have their powers adjusted to meet the required
minimal connectivity. In (c), in order to match the vertex
degree constraint, the power of most nodes has been signifi-
cantly increased. The selection of these parameters affect the
paths obtained with the SWP method at Step 4. If we build
a strongly connected graph (i.e., high transmission power and
high edge outage probability constraint), the resulting paths
will be formed by a small number of long hops. On the other
hand, a weakly connected graph results in longer paths formed
by shorter hops. The impact of these choices on the overall
WSN planning are evaluated in Section V.

Fig. 5 shows the routes obtained when the network of Fig.

a) V = 3, O = 0.05

b) V = 3, O = 0.01

c) V = 5, O = 0.01

Figure 4. Effect of the minimal vertex degree and edge outage probability
constraints

4 is organized into two clusters. The paths determined in Step
4 form a spanning tree for each cluster between the sensor
nodes and the sink. The color of the vertex represents the
outage probability of the path between the sensor node and its
sink (darker sensor nodes have higher path outage probability).
The outage probability of the edges in the connectivity graph
varies considerably, because only the longest edges are close
to the edge outage probability limit. As a result, the path
outage probability may be very small for paths formed by
short range hops and very high for paths formed by long
range hops. Therefore, once the paths are known, it is possible
to perform a power adjustment of the sensor nodes in order
to achieve a closer match of a given path outage limit. The
power adjustment may be obtained by solving an optimization
problem that minimizes the total energy consumption in the
WSN, by taking as variables the transmission power of each
sensor node and the path outage probability as a constraint.
However, the excessive number of variables and the non-
linearity of the search space result in a problem that is very
likely to converge to a local minimum. Thus, we propose
to solve Step 5 of the proposed method using the heuristic
“Algorithm 2”. The heuristic is based on two main concepts.
First, the power adjustment may be performed for a branch at a
time. A branch correspond to a set of nodes whose paths to the
sink share at least one node. For example, in Fig. 5, the nodes
1, 2 and 6 form a branch. It means that the power adjustment
of these nodes does not affect the path outage probability of
any other branch in the network, such as the branches 3, 4, 7
and 8. Second, the power of the nodes may be set to a minimal
initial state, where the edge outage probability is at least equal
to the path outage probability constraint, and then, updated
incrementally until all paths satisfy the outage constraints. By
comparing this heuristic with an optimization approach it can
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Algorithm 2 Adjust the sensor node transmission powers.
Input: {pij} (paths between sensors and sinks), Op (path outage probability
constraint), configurable set of powers of the sensor nodes {w}.
1. Determine all edges {(vx, vy)} that belong to the paths {pij}.
2. Find the minimal power for each sensor node such that no edge outage
probability exceeds the path outage probability, i.e., Oxy ≤ Op ∀(vx, vy) ∈
{(vx, vy)}.
3. For each branch in the clustered WSN:

3.1. Select the set of paths {pij}∗ in the branch where Opij > Op. If
the set is empty, terminate.

3.2. Determine the edges {(vx, vy)}∗ that belong to the paths {pij}∗and
whose power of the transmitter sensor node, Px, in the edge is less than the
max {w}.

3.3. For the edge with the highest outage probability, set the power of
transmitter sensor node Px to the next higher power level in {w}.
Output: sensor nodes transmission powers {Px}.

a) Before Step 5: V = 5, O = 0.01

b) After Step 5: V = 5, O = 0.01, Op = 0.02

Figure 5. Routes obtained after clustering

be easily shown that the heuristic consitently converges to the
minimal power state that satisfies the path outage contraint.

Because we assume that sinks are single radio, all nodes
within a cluster operate in the same frequency. Thus, Step
6 of GBC performs the channel assignment to each clus-
ter by solving an optimization problem that minimizes the
interference among the clusters, using the number of non-
overlapping channels as a constraint (e.g., three for Zigbee).
To simplify the problem, we assume that the total power of
the sensor nodes in a cluster is being transmitted entirely from
the weighed center of the cluster, defined as the mean of the
nodes’ coordinates weighted by their respective powers. The
cost function is defined as the total power that the center of
each cluster receives from all other clusters in the WSN that
operate in the same channel.

The GBC planning method is unable to take into account the
interference effect of clusters operating in the same channel.
Then, we propose the PBC method whose main steps are
illustrated in Fig. 6. Most steps of PBC are identical to GBC,
but the clustering approach is based on the graph connectivity
instead of the geometric disposition of the sensor nodes. The

Figure 6. Main steps of the PBC planning algorithm.

clustering is performed by first selecting the sinks, and then
assigning the sensor nodes to the sink that presents the lowest
path cost using the SWP method (i.e., an anycast approach).
The sink positions are determined by a search method. In
our implementation, we employ the numerical optimization
method “NelderMead” as the search method for the optimal
sink coordinates. The objective function is to maximize the
network capacity lmax,c, defined by (9), which takes into
account the interference effect.

V. EVALUATION

We have developed a simulator using Wolfram Mathemat-
ica, based on [23], that implements the capacity and the chan-
nel models from Section III. All investigated scenarios follow
the configuration presented in Fig. 1, with power levels ranging
from 10 dBm to 18 dBm, assuming m=2 and three orthogonal
channels. We have generated 30 random topologies, where the
distance between sensor nodes are distributed between 300 and
540 meters.

Fig. 7 shows the effect of parameter V (minimal vertex
degree) on the results obtained with PBC (dashed line) and
GBC (dotted line). In this scenario we use five sinks and
impose a path outage probability constraint Op = 0.03
and an edge outage probability constraint of O = 0.02.
As a rule of thumb, the edge constraint must be at least
30% smaller than the path constraint, in order to permit the
definition of multi-hop paths that satisfy the outage probability
constraint. This percentage value was determined heuristically
through simulation. The shaded region enveloping the curves
represents the 90% confidence interval obtained from the
30 random topologies. A higher vertex degree leads to an
improved transmission capacity for both methods, but it is
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- - - PBC · · · GBC

Figure 7. Effect of the minimal vertex degree parameter.

less efficient in terms of the amount of energy required per
bit. This happens because in a strongly connected graph the
SWP method defines short paths with very long hops, requiring
a high transmission power. The PBC method obtains a higher
transmission capacity with respect to the GBC method, but it
is less energy-efficient.

Figures 8 and 9 show the difference on the WSN planning
obtained by the PBC and GBC methods. The size of the nodes
indicates the power assigned to the sensor nodes (bigger nodes
have higher power), and their gray level indicates the path
outage probability from the sensor node to the sink (black
nodes are at the outage limit). The gray level also indicates
the outage of each edge, and their width represents the rate
of occupation of the edge including the interference effect
(larger edges are more congested). The different channels
are indicated as circles, squares and triangles, and sinks are
represented by a star. One can observe that the PBC method
creates clusters with a variable number of nodes, and the sink
is not always positioned at the center of the cluster. As a
result, the use of the edges is more balanced (similar widths).
However, the paths between the sensor nodes and the sink can
be longer, what explains the less efficient use of energy.

The scenario in Fig. 10 considers V = 6, O = 0.02,
O = 0.03 and a variable number of sinks. The use of more
sinks reduces the length and the interference caused by multi-
hop paths, and also permits a better reuse of the orthogonal
channels. Shorter paths also lead to a more efficient use of
energy. The PBC presents a better capacity performance over
the GBC method with five clusters or more because it can
balance the traffic in each channel when the number of clusters
is higher than the number of available channels.

The scenario in Fig. 11 assumes five clusters, V = 6 and
variable path outage constraint. Both planning methods adjust
the power in order to match the path outage constraint,
leading to a less efficient use of energy. The capacity of the
nodes is not significantly affected, however, because the power

Figure 8. PBC method V = 6, O = 0.02 Op = 0.03.

Figure 9. GBC method V = 6, O = 0.02 Op = 0.03.

adjustment does not affect the paths or the clustering result.

VI. CONCLUSION

The optimal planning of large scale WSN is a complex
problem that requires assigning power levels and channels
to the nodes, determining the sink positions and the routes
between the nodes and the sinks. In this paper we consider all
these variables in a model that can be solved using a multistage
algorithm, which significantly reduces the complexity of the
problem. The proposed multistage algorithm is evaluated in
accordance with two different methods, namely Geometry-
Based Clustering (GBC) and Path-Based Clustering (PBC).
The PBC is computationally more complex than the GBC,
because the sink node positions are determined by a numerical
optimization. Even so it is capable of planning WSN with
thousands of nodes in a few hours, and can be used in large
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- - - PBC · · · GBC

Figure 10. Effect of the number of clusters.

- - - PBC · · · GBC

Figure 11. Effect of the path outage constraint.

cities by splitting them into regions that are independently
planned. The PBC method permits to maximize the WSN
capacity because the sink can be positioned in a way that
minimizes the interference. The GBC method, however, leads
to a more efficient solution in terms of energy consumption,
because the sink node is always positioned to minimize its
distance to the sensor nodes. As future work, we intend
to further investigate the effect of different retransmission
schemes and develop a probabilistic interference model.
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