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Scalable Data-Coupled Clustering for
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Abstract—Self-organizing algorithms (SOAs) for wireless sen-
sor networks (WSNs) usually seek to increase the lifetime, to
minimize unnecessary transmissions or to maximize the trans-
port capacity. The goal left out in the design of this type of
algorithms is the capability of the WSN to ensure an accurate
reconstruction of the sensed field while maintaining the self-
organization. In this work, we formulate a general framework
where the data from the resulting clusters ensures the well-
posedness of the signal processing problem in the cluster. We
develop the second-order data-coupled clustering (SODCC) al-
gorithm and the distributed compressive-projections principal
component analysis (D-CPPCA) algorithm, that use second-order
statistics. The condition to form a cluster is that D-CPCCA does
not fail to resolve the Principal Components in any given cluster.
We show that SODCC is scalable and has similar or better message
complexity than other well-known SOAs. We validate these results
with extensive computer simulations using an actual LS-WSN.
We also show that the performance of SODCC is, comparative to
other state-of-the-art SOAs, better at any compression rate and
needs no prior adjustment of any parameter. Finally, we show
that SODCC compares well to other energy efficient clustering
algorithms in terms of energy consumption while excelling in data
reconstruction Average SNR.

Index Terms—WSN, self-organization, data-coupled clustering,
compressed projections, principal component analysis.

I. INTRODUCTION

W IRELESS sensor networks (WSNs) aim at the correct
recovery of the data measured by the sensors and

gathered by a Data Fusion Center (DFC). A simple measure-
and-transmit policy is not suitable for a Large Scale WSN
(LS-WSN, high amount of resource limited nodes and large
datasets); it causes the network collapse [1], due to interference
or blocking. Therefore, to maintain the network operation, com-
plex or even ingenious techniques are needed. In this work, we
consider two complementary strategies: 1) network partitioning
and 2) in-network processing, and propose a general framework
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for LS-WSNs that combines them using the characteristics
of the measured data field. Our goal is to exploit the data
correlations (i.e., spatio-temporal) to partition the network in
such way that is data-coupled, leading to a well-posed problem
for the in-network algorithm.

The partition of the network into clusters provides scalability
to the LS-WSNs [2], [3]. By clustering a WSN different goals
are sought: load balance, fault tolerance or network connectiv-
ity. The measured data—the reason to exist of LS-WSNs—and
their recovery are of little importance to popular clustering
algorithms [3]. One of the alternatives are the data-driven
clustering algorithms, where the decision criteria are based on
characteristics of the measured data. For example, Le et al. [4]
use the dissimilarity between the actual and the average sensed
data as decision criteria. Wang et al. [5] consider an entropy-
based divergence measure criterion, aiming to increase the
global compression gain for distributed source coding in multi-
media WSNs. Hung et al. [6] and Liu et al. [7] compute the
Manhattan distance between the measurements as similarity
metric for approximate data gathering in WSNs.

The self-organization of the network is a desirable feature for
the WSN partitioning algorithm as no centralized or external
entity is required. The early propositions of Self-Organized
Algorithms (SOA) focused on maximizing the network lifetime
considering a limited energy budget [8], [9], minimizing the
amount of control message interchange [10] and adapting to
entrance or exit of sensor nodes into the WSN [11]. However,
to the best of our knowledge, no attempt to use the data
correlations to drive a self-organizing partitioning algorithm
has been made.

Regarding in-network processing, the distributed source cod-
ing [12] with rate-distorsion control in the data compression is
one of the most researched distributed processing techniques
for WSNs. Although it has been proposed for some years ago
[13], its practical applications have been scarce. For example, it
has been applied to distributed video coding [14], but its main
hindrance is the huge amount of inter-node control message
generated. A different in-network strategy is used in [15] where
a distributed Principal Component Analysis (PCA) is applied
to data from clusters partitioned according to the k-means
criterion, where no data characteristics are attended.

In the present work we aim to propose an algorithm that
increases the operation efficiency (accuracy of reconstructed
measurements and life expectancy) of WSNs by using both
data-coupled clustering and in-network processing techniques.
The main difference between the data-coupled and data-driven
clustering algorithms is the use of the measured data. While
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data-coupled algorithms partition the network by complying
with the requirements of the in-network processing algorithm
to recover the measured field with the highest possible fi-
delity, data-driven algorithms do not abide to this constraint.
The additional condition has the effect of redefining the ca-
pacity limits by reducing the amount of transmitted packets
at large distances. With the present proposal the network is
able to operate more efficiently and the network lifetime is
increased.

The main contributions of this work are:

• the proposal of a general framework for the self-
organized data-coupled algorithms.

• the Distributive Compressive Projection PCA (D-
CPPCA) algorithm.

• the Second-Order Data-Coupled Clustering (SODCC)
algorithm.

The usage of both proposed algorithms in a LS-WSN allows
for optimal network partitioning in terms of reconstruction
quality of the sensed field and scalability.

Following, in Section II we detail the general framework and
the formulations of both D-CPPCA and SODCC algorithms.
In Section III we analyze the cluster size distribution and the
scalability of SODCC, and propose solutions to the drawbacks
of the present formulation. In Section IV we evaluate perfor-
mance of SODCC with D-CPPCA in an actual LS-WSN setting
and compare it with state-of-the-art clustering algorithms (both
SOA and non-SOA) in terms of reconstructed data quality
and power consumption. Finally, in Section V we conclude
the present work, detailing the comparative advantages and
shortfalls of the proposed algorithms.

II. SELF-ORGANIZED DATA-COUPLED ALGORITHMS

In this section we detail the main contributions of this work.
First, we propose a general framework that combines both
clustering and in-network processing algorithms and seeks a
clustering configuration that helps the further processing. Next,
we describe the in-network processing algorithm D-CPPCA
used in this work, that is based on second-order statistics of
the measured data. Following we explain the Fast Subspace
Decomposition (FSD) algorithm [16] that estimates the dimen-
sion of the signal subspace of a dataset by using second-order
statistics. The FSD is used by the SODCC algorithm, proposed
in the last subsection, an algorithm that configures the WSN
properly for D-CPPCA, following the general framework.

A. General Framework

Let us consider a LS-WSN with N sensor nodes, configured
in Nc non-overlapping clusters, each with size Ni, where i =
1, . . . , Nc.

Let be an in-network processing algorithm implemented in a
distributed fashion in each of the Nc clusters that form the WSN.
For example, this algorithm can exploit the redundancy of the
sensed data and encode it, to transmit Ki encoded messages

Fig. 1. General framework for self-organized data-coupled algorithms.

instead of the Ni data messages (Ki < Ni) to the DFC. To obtain
a good reconstruction in the DFC, the algorithm needs a well-
posed problem in each cluster (i.e., non-zero determinant of
the experimental covariance matrix), regardless of the cluster
size. Then, this processing algorithm may use some statistic
properties of the sensed data to be optimized, such as the
variance or kurtosis. Such data processing algorithm must
allow for independent operation of partitions of the problem.
Further, it must exhibit an asymptotic behaviour (as the num-
ber of partitions diminish) tending to that of the centralized
problem [17].

On the other hand, data coupled clustering algorithms also
use some characteristic of the sensed data as part of the decision
criterion and guide for the network partitioning. As both in-
network processing and clustering algorithms use the same
data, the obvious choice, in terms of computational burden, is to
use the same characteristics. Therefore, the clustering algorithm
couples the network configuration to the sensed data by forming
clusters in which the in-network processing algorithm has a
well-posed problem to solve.

Fig. 1 summarizes this general framework and shows the
link between the two strategies considered in this work. This
framework generates a family of in-network processing and
clustering algorithms combinations, each determined by the
statistic employed.

In this work, we select the Compressive-Projections PCA
(CPPCA) [18] as the in-network processing algorithm, de-
scribed in detail in the following subsection. This algorithm is
PCA based and therefore uses second-order statistics as data
characteristics for the encoding/decoding. CPPCA is also prone
to be separated into independent working pieces.

As the in-network processing is based on the variance, the
clustering algorithm that we present in this work also uses
second-order statistics to decide the cluster formation. In short,
the dimension of the signal subspace of the dataset gathered by
each cluster is computed iteratively using the FSD [16]. The
value obtained is used in the decision criterion, as we will see
in detail in Section II-D.

With this general framework, a traditional and centralized
data gathering, as the one plotted in Fig. 2(a), is not only
converted to distributed data gathering (see Fig. 2(b)), but to
a data-coupled setting, as in Fig. 2(c). The main advantages
of a data-coupled setting include the well-posedness of the
encoding problem in each cluster, the adjustment of the cluster
configuration to the needs of the sensed data and the possibility
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Fig. 2. Example of system architecture for (a) centralized, (b) distributed and (c) data-coupled settings. Circles and squares indicate sensors and Cluster Head
(CH) locations, respectively, and arrows show the transmission direction.

to adjust the compression rate (namely Ki/Ni) and the quality
of the reconstruction to the needs of each network area.

B. Distributed Compressive-Projection PCA (D-CPPCA)

As previously mentioned, in this work we selected a PCA
based in-network algorithm, namely CPPCA, that was first
proposed by Fowler in [18] for satellite hyperspectral imagery
compression. This algorithm shifts the computational burden
of PCA from the resource-limited satellite (encoder) to the
Earth base-station (decoder). The light-encoder/heavy-decoder
system architecture of CPPCA seems to be perfect for a LS-
WSN scenario.

CPPCA is a distributable algorithm, as it can be implemented
independently in each cluster. In this setting, the Cluster Head
(CH) acts as the encoder for that Ni nodes that form the i-th
cluster in the network. As mentioned in the previous subsection,
the use of the Distributed CPPCA procedure to provide the
clusters with data compression capabilities is but one of the
many possible algorithms. We have selected this algorithm
for the sake of simplicity as random projections are simple
vector-matrix multiplications that can be easily carried out in
sensor nodes.

To provide basic definitions and to relate the LS-WSNs
terminology with the CPPCA one, we now summarize the
method. For a complete explanation refer to [18].

Consider that each of the Ni nodes that form a cluster have
M measurements available. The Ni × M data matrix X is to be
assembled as X = [x1, . . . , xM], where each column is a zero-
mean vector xm ∈ R

Ni, m = 1, . . . , M. Let � be the covariance
matrix of X, estimated as � = XX�/M, where (·)� indicates
the transpose operation.

The main advantage of CPPCA is that the data encoding is
but an orthonormal projection to a lower-dimension random
subspace. Consider the subspace P of dimension Ki and the

orthonormal Compressed Projection matrix P = [p1, . . . , pKi ]
of size Ni × Ki, which provides an orthonormal projection onto
P . Therefore, ym = PP�xm = Pỹm is the projection of xm onto
P , where ỹm represents the encoded vector. The covariance
matrix of Ỹ = [ỹ1, . . . , ỹM] is

�̃ = ỸỸ�/M = P�XX�P/M = P��P (1)

Regarding the implementation of the CPPCA algorithm, the
encoder splits its dataset X into J partitions X(j), j = 1, . . . , J,
corresponding each to a projection matrix P(j) of a different
K-dimensional subspace P (j). Then it computes and transmits
the projected vectors Ỹ(j) = P(j)X(j) to the decoder. In the
original CPPCA procedure, the projection operators P(j) are
known a priori by the decoder.

The covariance matrix �̃
(j)

of the received projected data
Ỹ(j) is estimated, using the Rayleigh-Ritz (RR) procedure [19].
The POCS (Projections Onto Convex Sets) [18] optimization
is performed using a set of the Ritz vectors obtained from

�̃
(j)

, to resolve the first Li eigenvectors and assemble them
into a Ni × Li matrix �. The matrix � is an approximation
of the Li-component PCA transform, with Li � Ki. Once �

is obtained, the PCA coefficients are recovered solving Ỹ(j) =
(P(j))��X̌(j).

CPPCA is suitable for LS-WSNs, since it loads the sensors
with a low computational burden and the number of trans-
missions towards the DFC decreases proportional to Ki (along
with the resulting accesses to the wireless channel). It has been
previously shown that CPPCA applied to a flat WSN (with no
clusters) has similar performance to PCA in a LS-WSN [20].

For a WSN partitioned in Nc clusters, we define the
D-CPPCA in-network processing algorithm, where in each CH
uses CPPCA to encode the data measured by the entire cluster
and the DFC acts as unique decoder for the network.
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C. Dimension of the Signal Subspace of a Cluster

To follow the general framework in Section II-A, the data-
coupled clustering algorithm proposed in this work uses the
same order statistics as the in-network algorithm D-CPPCA.
Thus, we firstly explain the method used to compute the di-
mension of the signal subspace, value that is later used in the
decision criterion of the clustering algorithm.

To compute the dimension of the signal subspace robustly
and iteratively as the cluster evolves, we employ the FSD
algorithm [16]. The FSD algorithm estimates the first d̂ RR
eigenvalues and eigenvectors (spanning the signal subspace) up
to the d̂ = d iteration, where d is the actual dimension. FSD is
based on the Lanczos method and has O(N2d) computational
complexity, much lower than that of the traditional eigende-
composition, that has order of O(N3).

For a N × M matrix, the statistic ϕd̂ is defined as

ϕd̂ = M(N − d̂) log

⎡
⎢⎢⎣

√
1

N−d̂

(
‖�̃‖2 − ∑N

n=1 θ2
n

)
1

N−d̂

(
Tr�̃ − ∑N

n=1 θn

)
⎤
⎥⎥⎦ (2)

where ‖ · ‖ is the Frobenius norm and θn are the RR eigen-
values. In each iteration, the ϕd̂ statistic is computed and, for

d̂ � d+1, ϕd̂ approaches a χ2 distribution with (1/2)(N− d̂)

(N− d̂ + 1) − 1 degrees of freedom.
Finally, it is proven that, for M samples, the following

equation is valid [16]

ϕd̂ � γd̂ c(M) (3)

where γd̂ is a threshold computed a priori as the end tail of
the χ2 distribution. Also, function c(M) must comply with the
following:

lim
M→∞

c(M)

M
= 0 and lim

M→∞
c(M)

log log M
= ∞ (4)

In practice, its asymptotic behavior must be “slower” than
linear but “faster” than log log; functions such as c(M) =
log(M) or c(M) = √

log(M) can be used [16].
Finally, using matrix perturbation analysis, it is possible to

set a lower bound on the amount of samples to recover the
largest eigenvalue [21]. Let be the noise power as σ 2, the
modulus of the first Principal Component of �̃ as ‖v‖2 and,
the signal to noise ratio needed to detect the largest eigenvalue
as SNRv = ‖v‖2/σ 2. The stochastic self-adjoint matrix �̃

experiences a phase transition for M samples obtained from
N sensors s.t. M/N � SNR−2

v (Eq. (2.19) in [21]). During
phase transition the d̂ largest eigenvalues “collapse” from noise
to signal subspace eigenvalues. This means that the minimum
amount of samples M needed to detect the largest eigenvalue of
signal to noise ratio SNRv is

M � N

SNR2
v

(5)

D. Second-Order Data-Coupled Clustering
Algorithm (SODCC)

In this section, we present a self-organized data-coupled
clustering algorithm; the algorithm and the sensed field are
coupled by means of a second order statistic. The goal of the
clustering algorithm is that nodes with higher spatio-temporal
correlation between them belong to the same cluster. The
algorithm’s decision criterion is based on the dimension of the
signal subspace of the dataset gathered by groups of nodes.
To ensure a well-posed correlation matrix in each cluster, the
necessary and sufficient condition is that the signal subspace
dimension needs to be lower that the number of nodes.

Considering that the in-network processing algorithm is D-
CPPCA, for the data-coupled clustering algorithm we hypoth-
esize that: for a cluster with Ni nodes and Mi = Ni/SNR2

v

measurements per node, and for d̂ � Ni s.t. ϕd̂ � γd̂ c(M),
the dimension of the signal subspace for that cluster, the CP-
PCA algorithm solves a well-posed problem (and the dataset
can be compressed). We propose a two stage algorithm that:
1) initializes random CHs in the LS-WSN and 2) grows the
clusters until enough data is gathered to ensure convergence.

1) First Stage: Consider a LS-WSN with N role-free nodes
(nodes that are neither CH nor sensor nodes). In the first stage
(see Algorithm 1), role-free nodes decide randomly to turn
into CH, with an a priori probability P—independently and
in a fully distributed fashion. The new CHs request their first
neighbours (nodes that interact with a one hop communication)
to form part of their clusters; only role-free nodes answer. Each
CH assigns the role of sensor nodes to its selected neighbours
and finishes the cluster initialization. Role-free nodes repeat
Algorithm 1 once a timeout T1 is reached. Once a larger timeout
T2 � T1 is reached, all remaining role-free nodes turn into CH
and the first stage is finished.

Algorithm 1 First stage: CLUSTER INITIALIZATION

1: Random decision to turn into CH
2: if CH then
3: REQUEST to first neighbours (answer from role-free

nodes)
4: UNION message to selected neighbours
5: end if

Two key design decision must be taken: i) criteria to select
neighbours (e.g., received signal strength; transmission delay;
first-come, first-served) and, ii) maximum cluster size for the
first stage (N1st). The maximum cluster size is needed as no
data structure is considered in this stage and the only aim
is the initial cluster seeding. However, if any CH receives
less answers from neighbours than the maximum allowed, that
cluster is established with less nodes. Therefore, at the end of
the first stage are expected clusters with sizes 1, 2, 3, . . . , N1st.

A possible alternative implementation of this first stage can
be done by means of the Rapid or Persistent algorithms [10]
with a budget of B = N1st nodes.

Finally, all parameters used in the first stage of the algorithm
are independent of the data and do not interfere with the final



CHIDEAN et al.: SCALABLE DATA-COUPLED CLUSTERING FOR LARGE SCALE WSN 4685

network configuration, as they are only used to obtain a random
initial cluster seeding.

2) Second Stage: The key for the “growing” phase of
SODCC (see Algorithm 2) is: as the cluster gathers data (at least
Mi measurements per node), it computes the signal subspace
dimension d̂. If FSD is unable to determine a dimension smaller
than cluster size, an aggregation of neighbouring clusters is
mandated by the CH; otherwise, the cluster stops growing.
The minimum Mi samples needed for CPPCA problem to
be well-posed can be tuned as a function of the minimum
required SNRv .

Algorithm 2 Second stage: CLUSTER GROWING

1: Mi = Ni × SNR−2
v

2: if CH then
3: WAIT for Mi measurements per node
4: d̂ ← FSD dimension estimation of cluster data
5: if d̂ � Ni then
6: FUSION with selected CH; decision of new CH
7: if new CH then
8: Gather all data from the other CH; update Ni

9: end if
10: end if
11: else
12: Send data to CH
13: end if

Clusters with high spatio-temporal correlation estimate a
dimension lower than the cluster size (d̂ < Ni), i.e., the dimen-
sion of the noise subspace is at least 1 and signal and noise
subspaces are separable. In this case, the cluster size fulfills
the clustering algorithm convergence criterion. On the other
side, clusters with low spatio-temporal correlation do not meet
the convergence condition in Eq. (3), i.e., signal and the noise
subspaces are non separable. In this second case, the cluster
must grow in size (fusion with another cluster) to achieve
the convergence criterion; fusion is mandatory for the selected
cluster, even if it has already met the convergence condition.

The aggregation criterion impacts on the final cluster con-
figuration. SODCC aims to increase the spatio-temporal cor-
relation of the gathered data in each cluster. This objective is
achieved when the aggregation criterion seeks to, e.g., minimize
the distance between CHs, minimize the cluster area, maximize
the quality of the wireless channel between the CHs. SODCC is
flexible enough such that it allows additional constraints to be
included into the aggregation criterion (e.g., energy efficiency).

Node synchronization is not a requirement for SODCC.
Every node starts the algorithm just after it is switched on.
If new nodes are incorporated to the LS-WSN, they start the
procedure anew.

III. PERFORMANCE ANALYSIS OF THE

SODCC ALGORITHM

In this section we perform a mathematical analysis of the
expected performance of SODCC. The main performance met-
rics in LS-WSNs, such as transport capacity, end-to-end delay

or jitter, are directly related to the number of clusters and
the cluster size distribution. First, we propose an analytical
expression for the cluster size distribution for the stationary
state, i.e. at the end of the second stage of SODCC, using the
dynamic scaling ansatz. To prove the scalability of SODCC,
we compute the average cluster size and analyze it in a LS-
WSN scenario, using the newly proposed analytical expression.
Next, we compute the Variance to Mean Ratio (VMR) to further
analyze the operation of SODCC and the variability of cluster
sizes obtained in order to obtain the new capacity limits of
the network. Finally, we explore the drawbacks of the present
formulation, in terms of stationarity of the data and multi-sensor
capabilities, and propose solutions.

A. Statistical Distribution of Cluster Sizes

To obtain an analytical expression for the statistical distribu-
tion of the cluster sizes, an apparently trivial observation must
be made: What is the relation between cluster sizes that result
from SODCC? Due to the random initial cluster distribution
(first stage) and due to the coupling of the resulting clusters
to the data-field (second stage), cluster size power-laws must
emerge i.e., there are exponentially less large clusters than small
clusters. And this fact holds at the end of the first stage of
SODCC, as well as throughout the second stage.

The ansatz of dynamic scaling for aggregation of clusters
[22] allows the formulation of the cluster size distribution and
its long-term evolution. This distribution can be then described
by a dynamic scaling function of the form

n(t, Ni) ∼ t−wN−τ
i f

(
Ni

tz

)
(6)

where dependent variables t and Ni are time and cluster size,
respectively. The three terms present in the equation describe:
1) the aggregation process through a power-law, with w > 0, 2)
the stationary distribution through a different power-law, with
0 < τ < 2, and 3) the characteristic cluster size, with z > 1.
The scaling function f (x) has power-law behavior for small x,
i.e., x2−τ for x 
 1 and f (x) 
 1 for x � 1.

According to Eq. (1) in [22], in a close-to-stationary state
where the cluster size Ni is small with respect to time
(Ni/tz 
 1),

n(t, Ni) ∼ t−wN−τ
i (7)

with w = (2 − τ )z. This condition establishes the relation be-
tween the parameters of Eq. (6) and it is fulfilled with constant
number of nodes in the network (N). Similar scaling relations
have been used in the application of percolation theory to
evaluate the capacity of wireless ad-hoc networks [23].

Eq. (7) provides a power-law dependence on the cluster size
from the smallest cluster size possible (which is 2) to infinity.
As infinitely large WSNs are impractical, we assert that the
cluster size distribution for the stationary state and a WSN with
N sensor nodes has to fulfill the following condition:

N∑
Ni=1

n(t, Ni) = 1 (8)



4686 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 14, NO. 9, SEPTEMBER 2015

Fig. 3. Cluster size distribution according to Eq. (9) with t = 50 and N = 50;
d̂min = 5, d̂max = 10, 0.1 � τ � 2 and z = 1.40.

The time dynamics of the network partition, governed by
the second stage of SODCC, are quantized at the characteristic
times t(j) = 4 × j (j = 1, . . . , Nmax

i , being Nmax
i = max (Ni). At

these moments the phase-transition condition for matrix �̃ is
fulfilled and the FSD statistic is computed, and a fraction of
the clusters with size Ni transition to clusters with size, at least
Ni + 2.

Let �̃
(j)
N×N be the covariance matrix of the entire WSN, evalu-

ated at the characteristic time t(j). Consider that for each matrix
available, the signal subspace dimension d̂

(j)
is estimated. The

probability mass function of the resulting d̂
(j)

has a compact
support in j ∈ N and models the spatio-temporal correlations of
the gathered data. The minimum (d̂min) and maximum values
(d̂max) mark the “origin” of separate cluster size distributions
that decay with a power-law with the same rate.

Finally, we formulate the cluster size distribution in the
stationary state as:

n(t, Ni) = κ × t−w
(

g(Ni, d̂min) + g(Ni, d̂max)
)

(9)

where

g(x, x0) = θ(x − x0)(x − x0)
−τ (10)

θ(x0) is the Heaviside step-function and

κ = τ − 1

(N − d̂min)1−τ + (N − d̂max)1−τ − 2
(11)

is the normalization constant s.t. Eq. (8) is satisfied. To show
the shape of the cluster size distribution, we represent it in
Fig. 3 with d̂min = 5, d̂max = 10, N = 50, and 0.1 � τ ≤ 2.

B. Scalability of SODCC

To assess the scalability of SODCC, we further analyze
Eq. (9) in a LS-WSN scenario. First, we compute the average
value of the cluster size (〈Ni〉) to check whether if SODCC
is scalable, and second, we compute the VMR to analyze the
behavior of the cluster sizes in this scenario.

Therefore, the average value of the cluster size is

〈Ni〉 =
∫ N

0
n(t, Ni) Ni dNi (12)

= 1

τ − 1

⎡
⎢⎣d̂min + d̂max − 2

+ 1

τ − 2

d̂min − N(τ − 1)(
N − d̂min

)τ−1 +

+ 1

τ − 2

d̂max − N(τ − 1)(
N − d̂max

)τ−1

⎤
⎥⎦ (13)

Eq. (13) shows that both the minimum and maximum signal
subspace dimensions contribute on 〈Ni〉, apart of the intuitive
contributions of N and τ . In this expression, as we approach to
the large-scale (N � d̂max) and the stationary (t → ∞) states,
the correlations in the data grow at a smaller pace than the
average cluster size does (N � (d̂max − d̂min)), so mean cluster
size tends to

〈Ni〉 ∼ 2

τ − 1

[
d̂max − 1 + 1

τ − 2

d̂max − N(τ − 1)

(N − d̂max)τ−1

]
(14)

And in the largest scale state, when the WSN is so large that
the data correlations begin to be irrelevant, the mean cluster size
is simplified to

〈Ni〉 ∼ 2

τ − 1
+ 2N2−τ

2 − τ
(15)

For a clustering algorithm to be scalable, 〈Ni〉 must grow at
similar rate as N. From Eq. (15), we can clearly see that this
is the case when τ → 1. This parameter depends on the initial
localization and connectivity of the nodes and it merits further
investigation of the conditions under which SODCC seems to
exhibit super-scalability i.e., 〈Ni〉 grows at higher rate than N.
In a super-scalability case, the amount of clusters grows at a
smaller rate than the network size and novel results on the
transport capacity of the wireless networks [1] should arise.

Finally, measuring the VMR of n(t, Ni) in a LS-WSN
scenario,

VMR =
∫ N

0 n(t, Ni) N2
i dNi∫ N

0 n(t, Ni) Ni dNi

(16)

∼
(

2 − τ

3 − τ

) (
N3 − Nτ

N2 − Nτ

)
(17)

we can see that it tends to infinity as N → ∞. This expression
shows that the variability in the cluster sizes have linear depen-
dence with the number of nodes N in the WSN. So, SODCC
will partition the LS-WSN in clusters with diverse sizes, rather
than in clusters of a typical size of 〈Ni〉.

Finally, it is obvious from the formulation above that the
aggregation exponent τ is solely determined by the second
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stage of SODCC. This fact puts SODCC in the same class as
cluster aggregation by diffusion [22]. Due to the universality of
critical phenomena [24], SODCC has a critical point (τ = τc).
The Self Organized Critical behaviour should emerge with a
nonlinear response function. Such function applied at node
level allows for nonlinear transduction of the sensed physical
field and also for a nonlinear feature extraction algorithm at
cluster level. The optimization of operational parameters in
this setting gives way to optimal information transmission [25]
and computational capabilities at both cluster and network
level [26].

C. Message Complexity

In this section we analyze the number of messages that are
needed to stablish for SODCC a single cluster of size Ni in a
network of size N, i.e., the message complexity of the clustering
algorithm. It is customary in network partitioning algorithms
to evaluate a worst-case scenario for each specific setting. For
SODCC, the worst-case is realized when the outcome of the
first stage is a number of clusters equal to N. Then, cluster
fusion takes place, in each characteristic time, among clusters
of equal size. The final cluster size distribution should then
result in a delta function (e.g., when the d̂min = d̂max and N
is large). Then, it can be shown that the amount of messages to
form a single cluster is, at most, 4 × (N2

i + 1) and, therefore,
its message complexity is O(N2

i ) (See Appendix).
As a comparison, we can see that other SOAs exhibit similar

or worse message complexity. In the case of the Persistent
algorithm [10], the number of messages to form a single cluster
in the worst-case scenario is 2 × N2

i and its message complexity
is O(N2

i ). Other algorithms exhibit even worse message com-
plexity, such as the Expanding Ring algorithm which has a
message complexity of O(N) [27].

D. Limitations and Solutions

In the present formulation, the SODCC algorithm has two
main drawbacks: 1) lack of adaptability to non-stationary data
statistics, and 2) lack of support for multiple sensors and data
types. With respect to the first, it can be sidestepped with a
straightforward adaptation of the SODCC algorithm, i.e., by
restarting the first stage of SODCC from time to time. There
are several ways to define the reset time. For example, by using
the largest meaningful time dynamics of the measured data
(tdyn), the dataset can be split in a sequence batches (e.g., for
temperature it could be a seasonal time-period). Then, at the
beginning of each data batch, the SODCC algorithm restarts the
first stage and partitions the network according to the new data
characteristics. Another option is to use the convergence time of
the SODCC algorithm tconv as reset time, i.e., the time until the
variation of the cluster density is lower than a given threshold
ε. Based on this definition and using Eq. (9), the convergence
time can be calculated as

∣∣∣∣ 1

n(t, Ni)

∂n(t, Ni)

∂ t

∣∣∣∣
t=tconv

� ε (18)

and, therefore, the convergence time of the SODCC algorithm,
tconv, can be expressed as

tconv = w

ε
(19)

Although both tdyn and tconv encode the time dynamics of the
data, the former is to be equal or lower that the latter to allow for
the stabilization of the clustering configuration and to prevent
constant reconfiguration of the network.

However, a more efficient strategy in terms of algorithm com-
plexity would be to allow for a converged cluster configuration
to evolve in time while keeping track of the non-stationary
characteristics of the data. Thus, we would remove the need to
restart SODCC after each data batch. In practical terms, this
solution should allow clusters to grow, diminish or dissolve
according to the time-dependent data statistics. This is out of
the scope of the present work and will be addressed in the
future.

With respect to the second of the drawbacks, the multiple
sensor capabilities, it has to be taken into account that S dif-
ferent measured physical variables will most assuredly exhibit
different spatio-temporal correlations. Therefore, the applica-
tion of the FSD algorithm to the different physical variables will

result in differentd̂
i

min andd̂
i

max for all the different i = 1, . . . , S
sensors. In this situation, an embedded layers approach is a
possible strategy that can be considered, where the minimum

d̂
i

min determines the unique cluster configuration obtained. This
configuration resolves the smallest spatio-temporal correlations
present in any of the measurements at the cost of a small
scalability loss, as Eq. (13) depends (at first order) linearly
on d̂min. Moreover, the measurements of the data with less
variation will be affected by an increase in the measurement
noise, due to the lower than needed cluster sizes.

An alternative strategy is the independent layers approach.
In this case, the SODCC is applied independently to each of the
different physical variable measured and it results in concurring
cluster configurations that share initialization but differ in al-
most every other aspect. This approach benefits from scalability
in all the measured physical variables and is suitable for WSNs
where the sensor nodes measure different subsets of all the
physical variables. On the other hand, the total computational
burden is increased n−th fold as the problem is solved by
parallelization with no apparent gains. The question that arises
in this situation is how concurring cluster configurations could
operate simultaneously in a resource-limited environment such
as a WSN. Furthermore, the optimal operation of SODCC in
each layer cannot be presumed of achieving optimality in the
aggregate. Therefore, optimizing the use of spatio-temporal
cross-correlations among the sensed variables could result in a
minimum overall reconstruction error at controlled scalability.

However, the most faithful approach to the present problem
with a WSN with N nodes equipped with S different sensors
seems to rely on a tensor representation. Thus, the original data
matrix X is substituted by the data tensor X̂ ∈ R

M×S×N

X̂ =
k∑

i=1

πixi ⊗ si ⊗ wi + noise (20)
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Fig. 4. Localization in a scaled map of the N = 47 sensor nodes used in the
computer simulations. Reproduced by permission of swisstopo (BA13063).

where xi ∈R
M represents the data set from the sensors, si ∈R

S

represents the set of the different type of sensors (temperature,
humidity, light. . . ), wi ∈ R

N is the set of wireless nodes and
πi ∈ R

k are factor weights. The direct (tensor equivalent) ap-
plication of random projections procedure to the third order X̂
tensor would lead to a dimensionality reduction of the tensor
but not to an order reduction [28]. Apart from the fact that the
FSD procedure has not been formulated for tensors, the inherent
problem with this formulation is that most tensor problems are
extremely complex from a computational point of view [29].
That could be a problem for CHs in clusters with a great number
of nodes.

Random projections can also be used in a CPPCA-like
procedure to reduce not the dimensionality but the order of
the X̂ tensor by projecting it into a set of matrices [30].
Those matrices can be treated as matrix X to recover their
signal subspace dimension on a way similar to the embedded
layers approach. Finally, simultaneous diagonalization of such
matrices (now with the FSD algorithm) can be carried out in the
DFC to produce estimates of the factors of the original tensor.
These and other solutions will be addressed in future works.

IV. COMPUTER SIMULATIONS AND RESULTS

In this section we analyze the performance of the D-CPPCA
and SODCC algorithms through computer simulations. The
dataset used is obtained from an actual LS-WSN data, in partic-
ular temperature data gathered by the LUCE deployment from
the Sensorscope project [31]. From all the devices available
in the aforementioned deployment, we selected the subset of
N = 47 exterior sensor nodes plotted in Fig. 4 using white dots.
The dataset used contains M = 104 samples per sensor (mea-
sured every minute for approximately one week) preprocessed:
1) missing data (4.08% of the total) and outliers (0.14% of the
total) are replaced by the previous accurate value; 2) trend and
seasonal components are extracted; and 3) the dynamic range is
normalized to the domain [−1,1].

We have previously used this dataset to test Centralized CP-
PCA with flat network configuration as an in-network process-
ing technique for LS-WSNs [20].

A. Space-Time Correlations of the Dataset

To evaluate the space-time correlations in the dataset, we
estimate the dimension of the dataset using FSD over �N×N

with an increasing number of samples per sensor node (see
Fig. 5). Matrix �N×N is the covariance matrix considering the
data from all the sensors forming the WSN. The dimension
of the signal subspace has a monomodal statistical distribution
centered in d̂ = 6, with d̂min = 2 and d̂max = 8. Therefore, par-
titions of the network are expected to exhibit similar dimensions
of the signal subspace, but always limited by the cluster size.
That is, clusters with Ni nodes are expected to exhibit signal
subspace dimensions larger than 2 and smaller than Ni − 1.

B. Performance of SODCC

We carried out 105 independent simulations of the SODCC
algorithm. For the fist stage we set the maximum cluster size
N1st = 3 (minimum cluster size to detect a signal subspace of
dimension d̂min = 2) and the probability to become CH in the
initialization P = 0.35 (consistent with N1st). The criteria used
by the CHs in the present work is such that it minimizes the time
delay response. Initial tests revealed that Algorithm 1 requires
multiple iterations to assign roles to all the nodes in the WSN,
so we set T2 such that the algorithm iterates up to three times.
For the second stage: 1) the lower bound of the signal to noise
ratio of the largest eigenvalue is set to SNRv = 0.5, so Mi �
4 × Ni; 2) the aggregation goal is to minimize the time delay
response between CHs; and 3) the CH that started the fusion
turns into a sensor node of the resulting cluster.

1) Temporal Evolution of the Clustering: First of all, we
analyse the evolution of the cluster sizes along the second stage
(first stage is only initialization): Fig. 6 displays the results with
normalized histograms. Subfigures from left to right and top to
bottom are for specific snapshots: when clusters with sizes s =
1, . . . , 8 decide whether fusions are needed (blue proportion)
or not (red proportion). The key fact that Fig. 6 reveals is:
clusters formed by 9 (or more) nodes are stable—they don’t
need further fusions. We conclude that: 1) the temperature data
indeed exhibit spatio-temporal correlations, and 2) the data-
driven clustering algorithm captures the data correlations and
properly stops.

The time evolution depicted in Fig. 6 is clearly not a sta-
tionary state. Condition Ni/tz 
 1 is not met and therefore,
Eq. (9) is not applicable.

2) Stationary Cluster Size Distribution: We just mentioned
the spatio-temporal correlation of temperature data; but is it
small or large-scale correlation? And how does the cluster-
ing algorithm adapts to this dataset? Fig. 7 summarizes the
final configurations obtained as a normalized histogram of the
cluster sizes. The gray shaded area is the function defined in
Eq. (9), the theoretical cluster size distribution for the stationary
state. In this figure, N = 47, d̂min = 2 and d̂max = 8 are
obtained from the used temperature dataset and τ = 1.13 is the
only adjustable parameter (according to the minimum square
error criteria). In Fig. 7 we also show the spatial distribution
of clusters with Ni = 3 and Ni = 9 nodes. We can see that
medium-sized clusters coalesce around areas with large-scale
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Fig. 5. Histogram of the signal subspace dimension of the dataset estimated with FSD (left). Time evolution of the signal subspace dimension estimated with
FSD with an increasing number of samples per sensor node (right).

Fig. 6. Data-driven clustering algorithm during the second stage: normalized
histograms of cluster sizes. From left to right and top to bottom, results about
decisions taken by clusters with increasing sizes (from s = 1 to s = 8) at
different times ts = 4 · s. Highlighted in blue is the proportion of clusters that
grow in size.

correlations, while small-sized clusters form around areas with
small-scale correlations. We conclude that: 1) the temperature
data have both small and large-scale correlations, 2) the data-
coupled clustering algorithm is able to adapt to both small and
large-scale correlations, and 3) this adaptation leeds to a power
law behavior for the cluster size distribution.

Finally, we plot the probability of all borders between clus-
ters to appear in Fig. 8; zero probability borders are not plotted
and reveal nodes that always belong to the same cluster. Com-
paring Fig. 8 with Fig. 4 the differences between the distribution
of borders are self-explanatory: 1) buildings and large distances
act as natural borders, 2) a high density of nodes does not
always imply high correlation in the dataset, and 3) the SODCC
algorithm adapts to the environment.

C. Field-Reconstruction Performance

In this section we evaluate the tradeoff between the com-
pression ratio and the goodness of the data reconstruction for
the SODCC and the D-CPPCA algorithms, within the frame-
work presented in this work. For it, we apply the D-CPPCA

Fig. 7. Normalized histogram of cluster sizes of the final configuration (black
solid line) and the theoretical cluster size distribution with τ = 1.13 (gray
shaded area). Spatial distributions of nodes and their respective probability
to form clusters with Ni = 9 (a) and Ni = 3 (b) nodes (white represents zero
probability).

Fig. 8. Distribution of borders (separation between clusters). Absence of
border indicates zero probability.

coding/decoding procedure to all 105 configurations obtained
by the data-coupled clustering algorithm. For each cluster-
ing configuration, Ki is varied between 2 and Nmax

i /2, being
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Fig. 9. Normalized histogram of the compression ratio K/N, plotted using the right side Y axis (continuous line). Box plot of the average SNR vs. K/N, plotted
using the left side Y axis. We represent the performance of the Persistent algorithm for budgets of 3 (a), 6 (b) and 9 (c) sensor nodes per cluster. In Figure (d) we
represent the performance of the SODCC algorithm. (a) Persistent Ni = 3 nodes; (b) persistent Ni = 6 nodes; (c) persistent Ni = 9 nodes; (d) SODCC.

Nmax
i = max (Ni), resulting in more than 57.000 independent

simulations. For the D-CPPCA encoding, we set parameter
J = 20 since it exhibits a good tradeoff between accuracy
and computational complexity [18]. For the CPPCA decoding,
parameter Li is chosen to maximize the average SNR between
the reconstruction and the original data. In each simulation,
both Ki and Li do not vary throughout the different clusters. In
the smallest clusters, however, no data compression is realized
and therefore Ki = Li = Ni. The total compression ratio (K/N)

for the entire WSN in each simulation is evaluated as the mean
value of the individual compression ratios (Ki/Ni) of each
cluster, i.e.

K

N
= 1

Nc

Nc∑
i=1

min

(
1,

Ki

Ni

)
(21)

To compare the performance of SODCC to other state-of-
the-art SOAs, we also apply the D-CPPCA coding/decoding
procedure to clustering configurations obtained with the Per-
sistent algorithm [10], using the same parameters as described
above. The Persistent algorithm, one of the most representative
SOA, is decoupled from the measured field as the clusters self-
organization does not depend on the data. In short, Persistent
organizes the nodes in clusters of size as close as possible
to Ni, being Ni a preset parameter indicating the node budget
for each cluster. In this comparison, we consider three differ-
ent budget parameters, namely Ni ∈ {3, 6, 9}, to sweep cluster
configurations of interest to the present data set. These cluster
configurations are prone to “resonate” with the spatio-temporal
correlations of our dataset (see Section IV-A) and the budgets
are closely related to the statistical behavior of the SODCC
clustering algorithm.

1) Quantitative Evaluation of the Performance: From
Eq. (21) we observe that selecting a compression ratio for a
given cluster (fixing Ki) does not automatically fix the total
compression ratio of the network to K/N = Ki/〈Ni〉. In the
bottom parts of each of the graphs of Fig. 9 we represent the
normalized histograms of the resulting K/N for the three dif-
ferent Persistent settings and SODCC. Whereas in the former,
the cluster size distribution has a single peak around value Ni,
in the latter the cluster size distribution is shown in Fig. 7. The
shapes of these histograms depend on the values of Ki used

in the computer simulations. For example, consider a network
configuration that has Nc = 9 clusters with the following cluster
sizes: 3, 3, 3, 4, 4, 5, 6, 9 and 10. With this configuration, we
varied Ki from 2 to 5 (as Nmax

i = 10 in this particular case). The
only case where all clusters obtain Ki/Ni < 1 is the one where
Ki = 2, and in all the other cases there are several clusters for
which Ki/Ni = 1 (as Ki ≥ Ni).

At the top of Fig. 9 we represent the boxplot of the obtained
average SNR for both the Persistent and SODCC algorithms.
The quality metric for the reconstruction of the measured field
that has been defined elsewhere [18]. Each compression ratio
K/N corresponds to a distribution of average SNRs, obtained
from multiple simulations and summarized by a boxplot rep-
resentation. We see that a higher range for K/N is obtained
with the network configurations outcomed by SODCC. This
fact shows the ability of the SODCC algorithm to adapt to the
data and also enables more K/N—average SNR possibilities to
be achieved.

Analyzing the general behavior of the boxplots, we observe
similarities between the results for Persistent and SODCC
algorithms. Each of the four boxplots show two distinct be-
haviors separated by a crossover point: 1) a very-low SNR
regime, where the compression rate is too high for the clustering
configuration, not enough information is transmitted and the
DFC is not able to decode the signal components; and 2) a
linear regime, where the compression rate is appropriate for the
clustering configuration, enough information is transmitted, and
the DFC recovers all the signal components. Clearly, the linear
regime is desirable in each of the four cases analyzed.

The differences between Persistent and SODCC are notice-
able on the value of K/N for which the crossover point occurs.
That is, whereas the crossover point for the Persistent with
budget Ni = 3 is around K/N ≈ 0.8, for Ni = 6 is K/N ≈ 0.5
and for Ni = 9, it is further displaced to K/N ≈ 0.4. The
crossover point for SODCC is not as sharp as for Persistent
and is located around K/N ≈ 0.3. Lower values of K/N at
the crossover point are desirable, as larger linear regime are
obtained.

Moreover, analyzing the range of K/N and the values of
average SNR obtained in each of the four cases, we observe
that higher values of K/N lead to better resolution of the small-
scale spatio-temporal correlations.
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Fig. 10. Comparison of 10 consecutive snapshots of the original data of the measured temperature field with the Centralized CPPCA (K/N = 0.5), Persistent
with Ni = 6 nodes and D-CPPCA (K/N ∼ 0.5) and SODCC with D-CPPCA (K/N ∼ 0.5) configurations. In the third and fourth row, the heavy lines indicate the
borders of the resulting clusters for each algorithm. The colorbar range has been selected to stress the differences in performances among the algorithms. However,
the typical differences are less than 2 ◦C.

2) Qualitative Evaluation of the Performance: The data
gathered by all sensor nodes every minute can be seen as a
snapshot of the temperature field. Similar to the evaluation
of image processing algorithms, we now proceed to realize a
qualitative evaluation of the performance of SODCC used with
D-CPPCA.

In Fig. 10, we represent 10 consecutive snapshots of the
temperature field, each identified by the parameter t = 1, . . . ,

10 min. We show configurations with total compression ratio
K/N of 50%, a setting with noticeable data compression gain.
Rows in the figure represent:

• Original data—the actual dataset used in the computer
simulations. This set of snapshots is used as a baseline
for the performance evaluation.

• Centralized CPPCA (K/N = 0.5)—the data recovered in
the DFC applying the Centralized CPPCA in-network
processing technique with K/N = 0.5.

• Persistent Ni = 6 with D-CPPCA (K/N ∼ 0.5)—the
data recovered in the DFC using the Persistent clustering
algorithm [10] with a budget of Ni = 6 nodes and using
D-CPPCA as in-network processing algorithm, obtaining
K/N ∼ 0.5. The heavy lines indicate the borders of the
clusters.

• SODCC with D-CPPCA (K/N ∼ 0.5)—the data recov-
ered by the DFC considering a representative output
of the SODCC algorithm and using D-CPPCA as in-
network processing algorithm, obtaining K/N ∼ 0.5.

In this figure, we observe differences between the original
data and the data recovered by the DFC. The best performance

Fig. 11. Comparison of one snapshot of original data of the temperature field
with the reconstruction obtained from three different configurations of SODCC
with D-CPPCA. The heavy lines indicate the borders of the clusters. Increasing
K/N are represented counter clockwise.

belongs to the Centralized setting, which is not a suitable con-
figuration for data gathering in a LS-WSN from the energetic
and computational points of view. The next best performance
belongs to SODCC with D-CPPCA setting, as it is able to
capture a higher amount of details and with very few errors.

With this qualitative evaluation, we see that although the
average SNR obtained has a low value (∼ 5.2 dB), the snap-
shots of the reconstructed temperature field show the actual
temperature with details well within the dynamic range of the
image.

In Fig. 11 we evaluate the performance of SODCC with D-
CPPCA considering different compression ratios (K/N). We
use the same snapshot (t = 10 min) and the same clustering
configuration as in Fig. 10. In this figure, we corroborate
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TABLE I
COMPARISON BETWEEN THE LEACH CLUSTERING ALGORITHM AND THE SODCC WITH D-CPPCA ALGORITHMS

WITH K/N ∼ {0.3, 0.5} IN TERMS OF AVERAGE ENERGY CONSUMPTION AND AVERAGE SNR OBTAINED

that the reconstruction error decreases as the total compres-
sion ratio increases. Incremental improvements from localized
clusters are cumulative for increasing values of K/N. For
example, we see that the differences with the original data
in the top center cluster in the K/N ∼ 0.25 configuration are
corrected in the K/N ∼ 0.4 configuration. These corrections
are further improved with the K/N ∼ 0.65 configuration, while
corrections to the lower right cluster are incorporated into the
reconstruction.

In conclusion, the data-coupled strategy of SODCC actually
provides benefits against a traditional SOA. We showed that
both the range of possible compression ratios K/N and the
linear regime for the average SNR obtained with the SODCC
algorithm are larger, compared to the obtained with the Per-
sistent algorithm. Moreover, the SODCC clustering algorithm
does not need prior information about the LS-WSN and the
characteristics of the data, unlike Persistent that needs an appro-
priate Ni value. Furthermore, we can qualitatively see that the
selection of the target value of K/N involves a tradeoff between
the quality of the reconstruction and reduction in the amount of
packets transmitted through the WSN.

D. Energy Consumption

In this section we want to evaluate the energy consumption
behaviour of our proposal. For this purpose, we select the base-
line energy efficient network partitioning algorithm LEACH
[8]. To explicitly evaluate the gains of the in-network process-
ing vs. raw data transmission tradeoff, we split our computation
into: 1) transmission consumption, 2) reception consumption,
and 3) processing consumption. In other words, we estimate the
consumption of the transmission power amplifiers (the major
power sink in a sensor node), of the electronic components
of the physical layer that receive the data (equalizers, filters,
amplifiers, etc. . . ) and of the processor while executing the
different sequence of instructions of the different algorithms.
These values are computed, respectively, using the following
expressions:

tx = ct × #bits transmitted × dη (22)

rx = cr × #bits received (23)

proc = cp × #instructions executed (24)

where ct, cr and cp are constants unique to each device that
relate the calculated values to the actual consumption. This
comparison is technology and platform independent, as we do
not specify any particular device (ct = cr = cp = 1). Regard-
ing the transmission consumption, we take into account the link

distance and an attenuation exponent (e.g., η = 3) to ensure
constant quality of the link.

We estimated the energy consumption for the following
configurations:

• LEACH with p = 0.35—the clustering is performed us-
ing the LEACH algorithm with the probability of a
node turning into CH of p = 0.35 in each round. This
value is identical to the one used in the first stage of
SODCC in this work. Regarding the data gathering, the
only measured data transmitted to the DFC by each
cluster is the one measured by the CH. As the CH is
changed every round, the DFC receives snapshots of the
actual temperature field, sampled in different locations
over the time. By considering this configuration, we aim
at reducing the energy consumption to a minimum, as
LEACH is an energy efficient clustering algorithm and
as this data gathering technique (only the CH reports its
measurements) is one of the simplest. Finally, as this is
an algorithm with very low computational burden, we
consider that the processing consumption is negligible.

• SODCC with D-CPPCA (K/N ∼ 0.3)—the clustering
is performed using the SODCC algorithm and the in-
network processing is performed using the D-CPPCA
algorithm, with compression ratio of K/N ∼ 0.3. We se-
lected this case as the final compression ratio is similar to
the compression ratio obtained by the previous LEACH
configuration.

• SODCC with D-CPPCA (K/N ∼ 0.5)—similar to the
previous configuration, except for the compression ratio,
being K/N ∼ 0.5 in this case.

We use this last configuration as the baseline for the energy
consumption comparison.

The energy consumption results are shown in Table I. The ob-
tained results for the two SODCC and D-CPPCA configurations
confirms the logic of “more compression, less energy consump-
tion,” as less packets are transmitted between CHs and DFC
and less processing is performed. Regarding the consumption of
the LEACH algorithm, the value for the reception consumption
is to be expected, as only control messages involved in the
clustering are transmitted between sensor nodes and CH. On the
other side, the transmission consumption is strikingly high, be-
ing four times higher than the baseline configuration. This fact
has a simple explanation and it is one of the main drawbacks
of LEACH: the communication between all nodes has to be
single-hop. Therefore, all nodes must be able to communicate
with the most distant node, thus spending a lot of energy in the
process. The balance between in-network processing and raw
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data transmission is clearly resolved in favour of the SODCC
with D-CPPCA.

Moreover, in Table I we also show the average SNR obtained
in each of the used configurations, to also analyze the tradeoff
between energy consumption and data quality. These results
show that it can be very beneficial to invest the available
energy to locally process the measured data, from both network
lifetime and data quality points of view.

V. CONCLUSIONS AND FUTURE WORK

In this work we proposed a general framework for LS-WSN
that uses a combination of in-network processing and clustering
algorithms to obtain a self-organized and data-coupled network
configuration. The criterion to form the clusters ensures the
well-posedness of the in-cluster signal processing.

To demonstrate the general framework we developed a
clustering algorithm which is based in a second-order statis-
tic, SODCC, and a distributed, compressing algorithm which
maximizes variance in the resolved components, D-CPPCA.
The condition to form a cluster is that D-CPCCA does not fail
to resolve the Principal Components in any given cluster.

We performed the theoretical analysis of SODCC using the
ansatz of dynamic scaling of the cluster sizes. We were able to
obtain an analytical expression for the distribution of the cluster
sizes, as function of the network size and the signal subspace
dimension. We also performed a comparative analysis of the
message complexity of SODCC. We showed that SODCC is
scalable and has similar or better message complexity than
other well-known self-organizing algorithms. We also listed
the main drawbacks of the present SODCC formulation and
proposed several solutions to sidestep them.

We validated the theoretical findings via extensive computer
simulations using an actual LS-WSN, the LUCE dataset and
node localizations. These simulations also revealed the ability
of SODCC to adapt the cluster spatial distribution and size to
the measured data, in contrast to the performance of state-of-
the-art SOA. Furthermore, we showed that SODCC, with D-
CPPCA, allows for fine tuning of the compression rate. This
tuning achieves a tradeoff between the reconstructed data qual-
ity and the amount of transmitted messages. The performance
of SODCC in average SNR of the reconstruction is, compara-
tive to other SOA algorithms, better at any compression rate.
Furthermore, it needs no prior adjustment of any parameter.
Finally, we showed that investment of the available energy in
each node to locally process the measured data can be favorable
from both network lifetime and data quality points of view.

In future works, we will undertake the optimization of
SODCC. The theoretical analysis showed that it is possible to
modify the aggregation clustering rate in the second stage of
SODCC to achieve optimal scaling behaviour (superscalabil-
ity). Moreover, SODCC is but one of the possible formulations
for a data-coupled SOA. Different in-network processing algo-
rithms that allow the data-coupling based on different statistics
(e.g., higher order statistics or entropy based measures) may
overcome identified shortfalls of SODCC, including 1) net-
work re-configuration to adapt to non-stationary sensed-field, or
2) unbalanced computational burden between the CH and the

sensor nodes. These shortcomings will be addressed in further
developments.

APPENDIX

Let be Ni = 2K , with K ∈ N, the size of the analyzed cluster,
formed in the worst-case scenario for SODCC.

To form a cluster with size Ni, the CH needs 4 × N2
i data

values to compute the FSD dimension (4 × Ni values per node).
Therefore, there are

4 × (Ni − 1)2 (25)

data messages transmitted between the sensor nodes and the CH
(the CH does not to transmit its own data to itself).

In addition, in each characteristic time t(k) = 4 × k, being
k = 1, . . . , K, through the network are transmitted

4 × k × Ni

2k
(26)

data messages between the CH that needs the fusion to the CH
that accepts the fusion.

Therefore, the total amount of data messages transmitted
through the network to form a cluster of size Ni is

Tm = 4 × (Ni − 1)2 +
K∑

k=i

4 × k × Ni

2k
(27)

= 4 × (Ni − 1)2 + 4 × Ni ×
K∑

k=i

k

2k
(28)

< 4 × (Ni − 1)2 + 4 × Ni × 2 (29)

= 4 + 4 × N2
i (30)
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