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Abstract—The design of an integrated distributed wireless network comprised of thousands of microsensors that can perform
tasks with low energy consumption poses some interesting signal
processing challenges. In this paper, we propose two “selective
gossip algorithms” taking advantage of the sparse representation
that Support Vector Machines (SVMs) provide for the decision
boundaries, to perform classification in wireless sensor networks
(WSNs). Through analytical studies and simulation experiments,
we show that the proposed energy efficient, distributed selective gossip algorithms train SVMs equally well with energyconsuming centralized approaches that need to transmit the
whole data to a processing node.

I. I NTRODUCTION
As the research field of mobile computing and communication advances, so does the idea of a distributed, ad-hoc wireless
network of hundreds to thousands of microsensors, which can
be randomly deployed in an area of interest. On the other hand,
the resource-constraint devices that comprise a sensor network
usually operate in environments that are prone to link and node
failure. Hence, it is important for sensor networks to be robust
against changes in the topology. Motivated by applications to
sensor networks, Gossip Algorithms have recently been studied for computation and information exchange in an arbitrarily
connected network of nodes. The innovation in the iterative
algorithms is that consensus on common global parameters is
reached through a totally decentralized process, [1], [2], [3].
In this paper, addressing the transmission constraints in a
WSN, we use the ideal characteristic of SVM-training (i.e.,that
the data of a node can be compressed to their corresponding
support vectors) in order to communicate minimal information
to neighboring sensors. We also show that this is a sub-optimal
strategy but with low energy cost. Investigating the geometrical
aspect of the SVM, we propose an alternative algorithm that
uses partial information but guarantees consensus to the optimal hyperplane that would have been constructed if all sensors
had access to the entire information. Section II introduces
the two Selective Gossip Algorithms we propose for training
a SVM as applied to the classification problem in a WSN.
Section III presents a set of simulation experiments in order
to assess the performance of our proposed approaches.
II. S ELECTIVE G OSSIP A LGORITHM FOR SVM T RAINING
Let us consider a deployment of n sensors taking measurements in a certain area. Our goal is to be able to train a

SVM in an efficient and distributed fashion so that: a) we can
get good classification results on test data and b) all sensors
keep refining their estimate concurrently in order to reach
convergence to the global estimate at the same time.
In this work, we use Gossip Algorithms in the context of
a SVM. There is a successive refinement to the estimate of
each sensor based on communicating information with onehop neighbors only. Therefore, at each time slot the new
estimate is diffused to the next-hop neighbors and finally, after
several time slots, all sensors reach consensus. Hence, it is
important to exchange the minimum amount of data in order
to ensure optimality. The more data are being exchanged, the
more energy is consumed. The trade-off between optimality
and energy consumption led our research to the following
algorithms.
A. The Minimum Selective Gossip Algorithm (MSG-SVM).
Communication links in the WSN comprised of n sensors
are presented by a graph whose vertices are the sensors and
whose edges are formed by the available communication links.
The set of sensors having an active link with the i-th sensor
comprise the neighborhood Ni . The WSN is deployed to
train the SVM using the distributed measurements Mi (0) :=
{xi,j (0)}i=1,...,n , where j = 1, . . . , k is the number of the
measurements of sensor i.
We begin by taking k measurements at each node and then
we train the SVM locally (for each sensor). The first estimate
of the hyperplane is denoted by wi (0), i = 1, . . . , n, for
each node. When training a SVM, only the support vectors
determine the discriminant that separates the data collected
by each sensor in two classes [4]. Therefore, the data of
each node can be compressed to their corresponding estimated
hyperplane
and hence to the support vectors SVi (0) = {xi (0) :
P
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general, it holds that | SV i (0) |<<| Mi (0) |, where | SV i (0) |
and | Mi (0) | denote the cardinality of SV i (0) and Mi (0),
respectively [5].
The proposed algorithm MSG-SVM is a gossip-based algorithm, hence the support vectors SVi (0) are communicated
between one-hop neighbors. Therefore, for each node i, at
time t + 1, we update its estimate wi (t + 1) by using all the
information available at that moment, namely, the previously

B. The Sufficient Selective Gossip Algorithm (SSG-SVM).
We examine the convex hull of the training data of each class,
and construct the plane that bisects the two closest points of the
convex hulls, [4]. This is an alternative equivalent perspective
for training a SVM. The closest points can be found by solving
the following quadratic problem:
1
min k c − d k2
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α 2
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αi xi , d =
αi xi ,
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αi = 1,
=1
yi ∈class −1 αi
αi ≥ 0 for i = 1, 2, ...n.
SSG-SVM takes advantage of the geometrical property of
the SVM discriminant hyperplane. The sufficient data for
the hyperplane construction are the vectors that lie on the
boundary of the convex hulls of the two classes. For each node,
the SSG-SVM discards all the vectors of the WSN nodes,
except those located at the boundary of the convex hulls. Thus,
neighboring sensors exchange the sufficient data only. After
some communication, all WSN nodes have the information to
construct a plane identical to the plane that would have been
constructed if all sensors had access to the entire information.
Both algorithms are energy efficient, since data need not
be transmitted to a fusion center. Instead, WSN nodes diffuse
partial information to neighboring sensors. Furthermore, each
node communicates the data that had not been sent in previous
iterations, thus the energy spent for transmission is reduced.
yi ∈class 1

III. R ESULTS AND D ISCUSSION
In this Section, we evaluate the performance of the two
proposed distributed algorithms in terms of the average classification error rate and we compare them to the ideal case
where WSN nodes have access to the entire information.
We consider a sensor network composed of n = 15 nodes
distributed in a grid topology, where each of the sensors
collects | Mi (0) |= 20, i = 1, . . . , 15 sample vectors from
two classes. In our experiments, we generate the sample data
of the two classes using two Gaussian distributions with two
different means. Each node in the network is connected with
two one-hop neighbors.
We simulated 100 Monte Carlo runs in order to test the
performance of the two proposed Selective Gossip Algorithms.
Figure 1 represents the average classification error rates (%)
for a randomly chosen sensor, as a function of the iteration
steps. After only a few iterations, both algorithms result in
trained SVM classifiers which exhibit similar performance
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estimated set of support vectors SVi (t) at node i as well as
the union of the sets of support vectors SVN (i) (t) that have
been previously estimated by the neighbour nodes.
MSG-SVM provides a sub-optimal discriminant hyperplane
while communicating minimum information. As we already
mentioned, the data of a node can be compressed to their
corresponding support vectors. But it cannot be guaranteed
that a vector x ∈ Mi (0) and x ∈
/ SV i (0), is not a support
vector in {MNi (0) ∪ Mi (0)}, i 6= j.
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Fig. 1.

The performance of the proposed algorithms.

to an SVM trained using the entire data from all sensors.
SSG-SVM (dashed line) gives an optimal estimate of the
discriminant after at most 8 iterations using only partial data.
On the other hand, even though MSG-SVM (dash-dotted line)
is a sub-optimal solution, it gives a good approximation of
the optimal plane. Most importantly, with both introduced
distributed schemes, all n sensors reach an agreement on the
near optimal discriminant function.
IV. C ONCLUSION
In this paper, we employed the concept of gossip algorithms for training a SVM in a Wireless Sensor Network.
We introduced two distributed algorithms for training a SVM
based on successive refinement of local estimates. In both
cases, information is communicated to one-hop neighbors in
order to update the estimate at each iteration. The sub-optimal
algorithm MSG-SVM, uses only the support vectors of each
node to reach an agreement. The SSG-SVM on the other hand,
communicates larger amount of data, i.e. vectors lying on the
convex hull boundaries, but converges to the optimal solution
in a few iterations.
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