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Distributed classification of multiple observation
sets by consensus

Effrosyni Kokiopoulou and Pascal Frossard

Abstract—We consider the problem of distributed classification
of multiple observations of the same object that are collected
in an ad-hoc network of vision sensors. Assuming that each
sensor captures a different observation of the same object,the
problem is to classify this object by distributed processing in
the network. We present a graph-based problem formulation
whose objective function captures the smoothness of candidate
labels on the data manifold formed by the observations of the
object. We design a distributed average consensus algorithm for
estimating the unknown object class by computing the value
of the above smoothness objective function for different class
hypotheses. It initially estimates the objective functionlocally
based on the observation of each sensor. As the distributed
consensus algorithm progresses, all observations are progressively
taken into account in the estimation of the objective function.
We illustrate the performance of the distributed classification
algorithm for multi-view face recognition in an ad-hoc network
of vision sensors. When the training set is sufficiently large, the
simulation results show that the consensus classification decision
is equivalent to the decision of a centralized system with access
to all observations.

I. I NTRODUCTION

Over the past few years novel multimedia architectures such
as vision sensor networks have rapidly emerged. Typically,
these networks have an ad-hoc organization i.e., there is no
central coordinator node and the topology can be arbitrary
and dynamic (e.g., due to sensor motion). Moreover, the
visual sensor nodes in such networks have limitations in
their computation and communication capabilities. Rinneret
al. [1], [2] and Akyildiz et al. [3] provide an overview of
platforms that have been recently developed for visual sensor
networks, which lend themselves as off-the-self computing
infrastructures for conducting various scene analysis tasks
in smart environments. The emergence of such distributed
multimedia architectures poses new challenges to the analysis
of multimedia information, which has to be done now dis-
tributively. We quote from [1]: “Existing computer vision algo-
rithms often are not designed with collaboration of distributed
nodes in mind. For pervasive smart cameras, however, this
aspect is highly important. Hence, ways have to be found how
algorithms can be adopted for such environments.” Therefore,
the relevant algorithms have to be (re-)designed such that they
accommodate collaborative processing, while at the same time
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Fig. 1. Ad-hoc network of vision sensors.

respecting the computation and communication constraintsof
the underlying network (see e.g., [4]).

In this paper, we consider the problem of classifying an ob-
ject, whose multiple observations are collected in a distributed
fashion in a vision sensor network with ad-hoc topology (see,
e.g., [5], [6], [7]). Fig. 1 illustrates the scenario of interest,
where each vision sensor captures an observation of the
sameobject in the context of (distributed) scene analysis, for
example. The problem consists in the distributed classification
of the observed objectat all sensorssuch that a consensus
decision is reached by aggregating partial information pro-
vided by each local observation. It is important to note that
this problem is different from the well-studied problem of
distributed classification in the presence of a fusion center (see,
e.g., [8], [9], [10]), where the information from all sensors
is gathered in order to reach the final classification decision.
On the contrary, the ad-hoc sensor networks considered in
this paper are purely distributed, and there is no possibility of
transmitting directly information from the sensors to a central
coordinator node.

We first present a graph-based problem formulation that
defines a smoothness criterion of candidate labels on the
data manifold. This criterion reflects the so-called smoothness
assumption that is commonly used in semi-supervised learning
[11]; namely two closeby data samples on the manifold are
likely to share the same class label. It permits to define the
objective function of the distributed classification problem,
whose solution should satisfy the smoothness assumption.
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Our distributed classification algorithm further capitalizes on
the fact that the multiple observations belong to the same
class. In particular, each sensor captures an observation of
the same object (see also Fig. 1) and computes its nearest
neighbors among the labelled examples. Under a certain class
hypothesis, those neighbors contribute to the local computation
of a portion of the objective function value. Those portions
are summed distributively by means of average consensus
[12], [13], so that all observations are progressively taken
into account and the total value of the objective function
is computed at all sensors. This process is repeated for all
class hypotheses. The sensors eventually reach a consensus
classification decision, by picking the class resulting in the
smoothest label assignment.

We illustrate the performance of the proposed distributed
algorithm in multi-view face recognition in a simulated ad-hoc
network of vision sensors. When the training set is sufficiently
large, the simulation results show that the consensus classifi-
cation decision is equivalent to the decision of a centralized
system that would have access to all observations.

The rest of the paper is organized as follows. We for-
mally define the problem of distributed classification in sensor
networks with ad-hoc topology in Section II and then in
Section III we present our graph-based problem formulation.
In Section IV we introduce our distributed classification algo-
rithm, which is solely based on consensus-based distributed
averaging. In the sequel, in Section V, we show the feasibility
of our algorithm in the context of distributed multi-view face
recognition. Finally, we discuss the related work in Section
VI.

II. D ISTRIBUTED CLASSIFICATION OF MULTIPLE

OBSERVATIONS

Let us formally define the problem of distributed classifica-
tion of multiple observations in an ad-hoc sensor network.
We consider a network ofm sensors and we model the
network topology as an undirected graphGs = (Vs, Es)
with nodesVs = {1, . . . ,m} corresponding to sensors. An
edge (i, j) ∈ Es is drawn if and only if the sensori can
communicate with the sensorj. Then, we associate a weight
W (i, j) with each edge(i, j) ∈ Es. We callweight matrixthe
matrix W that gathers the edge weightsW (i, j). Note that
W is a sparse matrix whose sparsity pattern is driven by the
network topology. We denote the set of neighbors for nodei
asNi = {j| (i, j) ∈ Es}.

We assume that each sensorj captures a single (unlabelled)
observationx(u)

j of an objectf . Each observation is different
from its peers and has the following form,

x
(u)
j , U(ηj)f, j = 1, . . . ,m. (1)

In the above,U(ηj) denotes a transformation applied on the
objectf with parametersηj . For instance, the transformation
could be a (in-plane or out-of-plane) rotation andηj could
denote the rotation angle. Hence, there arem observations
of the objectf that are recorded over the sensor network
and there is one-to-one correspondence among sensors and
observations.

sensor network
graph

data graph

labelled example

unlabelled  example

sensor

Fig. 2. Conceptual distinction between the two graphs of theproblem.Gs

(resp.Gd) denotes the graph of the sensor network topology (resp. thedata
graph). InGd, the filled (resp. empty) circles correspond to labelled (resp.
unlabelled) examples.

Assume further that the data set is organized in two parts
X = {X(l), X(u)}, where X(l) = {x1, x2, . . . , xl} =

{x(l)
1 , x

(l)
2 , . . . , x

(l)
l } ⊂ R

d and X(u) = {xl+1, . . . , xn} =

{x(u)
1 , . . . , x

(u)
m } ⊂ R

d, wheren = l + m. Let alsoL =
{1, . . . , c} denote the label set. Thel examples inX(l) are
labelled Y(l) := {y1, y2, . . . , yl}, yi ∈ L and common
to all sensors, and them examples inX(u) are unlabelled
and distributed. Each of these examples corresponds to an
observation made at a sensor, which is not available to the
other sensors. The problem of distributed classification can be
formally defined as follows.

Problem 1. Assume that each sensorj has a copy of the
labelled set{X(l),Y(l)} in addition to its single observation
x
(u)
j defined in (1). Assume also that each sensor knows its

neighbors and the weights of its links to them. The problem
is to reach a consensus classification decision where each
sensor predicts the correct classc∗ of the object of interest
f , by aggregating via local communication information from
all available observations over the network.

III. G RAPH-BASED PROBLEM FORMULATION

We present a graph-based formulation of Problem 1, which
is inspired by Label Propagation [14]. The latter is a very
popular method for semi-supervised classification [11], which
refers to the problem of assigning (possibly different) class
labels to a set of given test data samples. It can be seen as a
generalization of the problem of assigning a set of multipletest
observations to a single class, which is the focus of the present
work. Label Propagation is a well known method for semi-
supervised classification that takes into account the manifold
structure of the data by means of a graph.

We make use of asmoothness assumption, which states that
if data samplesx1 andx2 are similar, then their corresponding
labelsy1 andy2 should be close. We represent the data labels
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with a 1-of-c encoding, which permits to form a binary label
matrix of sizen × c, whoseith row encodes the class label
of the ith example. The class label is basically encoded in
the position of the nonzero element. Denote byM the set of
matrices with nonnegative entries of sizen × c. Notice that
any matrixM ∈ M provides a labelling of the data set by
applying the following rule:yi = maxj=1,...,c Mij . We denote
the initial label matrix asY ∈ M whereYij = 1 if xi belongs
to classj and 0 otherwise.

We further form thek nearest neighbor (k-NN) graph
denoted asGd = (Vd, Ed), where the verticesVd correspond
to the data samplesX . Typically, an edgeeij ∈ Ed is drawn if
and only ifxj is among thek nearest neighbors ofxi. Hence,
thek-NN graph captures the affinity of the data samples in the
ambient space. It is common practice to assign weights on the
edge set ofGd, gathered in a weight matrixH ∈ R

n×n. The
(normalized) similarity matrixS ∈ R

n×n is further defined as

S = D−1/2HD−1/2, (2)

whereD is a diagonal matrix with entriesDii =
∑n

j=1 Hij .
It is important to distinguish between the two graph models
involved in our problem: the sensor graph and the data graph.
Figure 2 illustrates the conceptual distinction between the two.

In the sequel, we first review briefly the basics of Label
Propagation. Then we present our problem formulation first in
centralized settings, which serve as performance benchmark,
and then in distributed settings.

A. Label Propagation.

The algorithm computes a real valuedM∗ ∈ M based on
which the final classification is performed using the ruleyi =
maxj=1,...,c M

∗
ij . This is done via a regularization framework

with a cost function defined as

Φ(M) =
1

2

( n∑

i,j=1

Hij‖
1√
Dii

Mi −
1

√
Djj

Mj‖2 (3)

+µ

n∑

i=1

‖Mi − Yi‖2
)

,

where Mi denotes theith row of M . The computation of
M∗ is done by solving the quadratic optimization problem
M∗ = argminM∈M Φ(M). Intuitively, we are seeking for an
M∗ that is smooth along the edges of similar pairs(xi, xj) and
at the same time close toY when evaluated on the labelled
data X(l). The first term in the definition ofΦ(M) is the
smoothnessterm and the second is thefitnessterm.

It can be shown [14] that the solution to the minimization
of Φ(M) is given by

M∗ = β(I − αS)−1Y, (4)

whereα = 1
1+µ andβ = µ

1+µ .
Since the algorithm has been designed for semi-supervised

learning, where the unlabeled data samples may have different
class labels, the estimated class of Label Propagation in
Problem 1 is finally obtained by majority voting onM∗.

B. Problem formulation in centralized settings

We now exploit the special structure of the problem, namely
that the multiple observations belong to the same class. If we
define a binary class label vectorλ = [λ1, . . . , λc] ∈ R

c, the
optimal classification of Problem 1 should have only one non-
zero entry, with the formλ = [0, . . . , 1

︸︷︷︸

c∗

, . . . , 0]. Intuitively,

we seek for one of thec vectorsλ with only one non-zero
entry, which best reflects the manifold smoothness assumption.
This optimal vector results in similar class label assignments
for pairs that are similar.

The label smoothness criterion is alternatively captured by
the following objective function

Qc(M) =

n∑

i,j=1

Sij‖Mi −Mj‖2, (5)

where Mi (resp. Mj) denotes theith (resp. jth) row of
M . The objective function above becomes equivalent to the
smoothness term of eq. (3) whenS is row-stochastic i.e., the
sum of each row is equal to one.

Since all multiple observations belong to the same class,M
can be defined as

M =

c∑

p=1

λpZp, (6)

whereλp ∈ {0, 1},
∑c

p=1 λp = 1 andZp is defined as

Zp =





Y (l) ∈ R
l×c

1e⊤p ∈ R
m×c



 ∈ R
n×c. (7)

In the above,Y (l) denotes the submatrix ofY associated with
the labeled dataX(l), and ep is the canonical basis vector
whosepth element is one and the rest is zero.

With the above definition ofM , it can be shown [15] that
the objective function (5) can be written in the following form,

Qc(λ) = C +
∑

i≤l,j>l

Sij‖Yi − λ‖2 +
∑

i>l,j≤l

Sij‖Yj − λ‖2,

whereC =
∑

i≤l,j≤l Sij‖Yi − Yj‖2 is a constant term that
does not depend onλ.

C. Problem formulation in distributed settings

Observe that the evaluation of the cost functionQc(λ)
defined above is not feasible in distributed settings. In this
case, the nearest neighbors of each example can be chosen only
among the labelled ones, as each sensor does not have access
to the unlabelled examples apart from its own observation.
For this reason, we adopt a slightly modified cost function in
distributed settings, which is discussed below.

For each candidate vectorλ, each sensorj locally computes
a smoothness criterion as a weighted summation over the
labelled examples that reads

r(j) =
l∑

i=1

Sji‖Yi − λ‖2 (8)

where Yi denotes theith row of the label matrixY . The
weightSji denotes the similarity of the unlabeled observation
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xj (collected at sensorj) with the labeled data samplexi.
The global smoothness functionQd then aggregates the local
criteria as

Qd(λ) =
n∑

j=l+1

r(j) (9)

where the indexj runs over the unlabelled examples (obser-
vations). Notice that when an unlabelled examplexj (j > l) is
similar to a labelled examplexi (i.e., the weightSji is large),
then minimizing the above objective function will result in
labels that are smooth across similar examples. Hence, we
need to solve the following optimization problem.

Optimization problem:OPT
min[λ1,...,λc] Qd([λ1, . . . , λc])
subject to
λp ∈ {0, 1}, p = 1, . . . , c,
∑c

p=1 λp = 1.

IV. T HE DISTRIBUTED CLASSIFICATION ALGORITHM

In what follows, we discuss first how one can compute
distributively the sum of local functions with consensus algo-
rithms. Then we introduce our proposed distributed algorithm
for solving the classification problem OPT.

A. Distributed consensus

Distributed consensus [12], [13] has recently become an
important computational tool for various aggregation tasks
in ad-hoc sensor networks. We consider distributed linear
iterations of the following form

zt+1(i) = W (i, i)zt(i) +
∑

j∈Ni

W (i, j)zt(j), (10)

for i = 1, . . . ,m, wherezt(j) represents the value computed
by sensorj at iterationt. The above iteration can be compactly
written in the following form

zt+1 = Wzt. (11)

Consensus can be employed for the problem of distributed
averaging, as we explain below. Assume that initially each
sensori reports a scalar valuez0(i) ∈ R. We denote byz0 =
[z0(1), . . . , z0(m)]⊤ ∈ R

n the vector of initial values on the
network. Denote by

z̄0 =
1

m

m∑

i=1

z0(i) (12)

the average of the initial values of the sensors. The problemof
distributed averaging therefore becomes typically to compute
z̄0 at each sensorby distributed linear iterations of the form
of (11). Iteration (11) converges to the average for everyz0 if
and only if

lim
t→∞

W t =
11⊤

m
, (13)

where1 is the vector of ones [13]. Indeed, notice that in this
case

z∗ = lim
t→∞

zt = lim
t→∞

W tz0 =
11⊤

m
z0 = z̄01.

Algorithm 1 The distributed MASC algorithm
1: Input to each sensor:

l: number of labelled data.
X(l) ∈ R

d×l, Y (l): labelled examples.
x(u) ∈ R

d×1: unlabelled example (observation).
2: Output at each sensor:

p̂: estimated unknown class.
3: Initialization at each sensor:
4: Form thek-NN graphG̃d of the data set{X(l), x(u)}.
5: Compute the weight matrix̃H ∈ R

(l+1)×(l+1) of G̃d.
6: Compute the diagonal matrix̃D, whereD̃i,i =

∑l+1
j=1 H̃ij .

7: ComputeS̃ = D̃−1/2H̃D̃−1/2.
8: for p = 1 : c do
9: Each sensor setsλ = [0, . . . , 1

︸︷︷︸

p

, . . . , 0].

10: Each sensorj computesr(j) =
∑l

i=1 S̃l+1,i‖Yi−λ‖2.
11: q(p) =

∑m
j=1 r(j) :=average_consensus(r).

12: end for
13: p̂ = argminp q(p)

B. Distributed classification

We are ready now to describe the distributed algorithm.
First, each sensorj computes the nearest neighbors of its
observationx(u)

j among the labelled examples and further
computes the associated similarity weights. Next, it computes
the value of the objective functionQd(λ) (see eq. (9)) for each
candidate classp. The aforementioned computation involves
first a local computation step and then a distributed computa-
tion step. In particular, for a certain classp, the neighbors of
x
(u)
j contribute to the calculation of a portionr(j) of the objec-

tive function value, which involves only local computation(see
eq. (8)). Next, those portions are averaged distributively, by
means of average consensus, so that all observations are taken
into account and the total value of the objective function is
computedat all sensors, according to eq. (9). The evaluation of
Qd(λ) is repeated for all candidate classes and eventually the
sensors reach a consensus classification decision, by picking
the class that results in the minimum value of the objective
function.

We call the proposed algorithm distMASC i.e., distributed
MAnifold Smoothing under Constraints. For notational ease,
we drop the subscriptj from x

(u)
j when it is clear from

the context that we refer to sensorj. The main steps are
shown in Algorithm 1, where we have used a slightly different
notation: we have attached a tilde to those quantities that
are different from Section III-C due to the partial informa-
tion of each sensor. For example, the local similarity matrix
S̃ ∈ R

(l+1)×(l+1), which gathers the similarity weights of the
local data set{X(l), x(u)} at each sensor, is not to be confused
with the global similarity matrixS ∈ R

n×n associated with the
whole dataset{X(l), X(u)}. We discuss below the proposed
distributed algorithm in details.

First, each sensor computes thek-NN graph of its own data
set{X(l), x(u)} and forms the corresponding̃S matrix of size
(l+1)×(l+1) (Lines 4-7). Next, each class hypothesis is tested
(loop 8-12). For each class hypothesisp, each sensorj first
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Fig. 3. Flow of computation, which is repeated for each hypothesisp, p = 1, . . . , c. The stars in the last row of each similarity matrix correspond to the
nearest neighbors of the observationx(u) among the labelled examples. The computation ofr(j) in the first row is local, i.e., no communication among the
sensors is required.

computes a scalar numberr(j) that involves local computation
only; namely a weighted sum of the nonzero entries of the last
row of S̃ (i.e., (l + 1)th row). This corresponds to a portion
of the value of the objective function, which captures the
smoothness of the label assignment under the current class
hypothesis. In order to compute the value of the objective
function q(p), the partial sumsr(j) need to be summed
together and this involves distributed computation. This step is
performed bydistributed average consensus(Line 11), where
the summation of allr’s is computedat each sensor. Note that
this will result in a scaled version ofq(p), due to presence
of 1/m in the average. However, this has no influence on
the classification decision, which is taken in Line 13 by all
sensors, after all hypotheses have been tested. At the end of
the algorithm, all sensors reach a consensus decision.

Figure 3 shows schematically the flow of the distributed
computation in Line 11 of Algorithm 1 for a single hypothesis
p. We show the general structure of the similarity matrixS̃
formed at each sensorj, j = 1, . . . ,m (assuming that the
labelled data samples are ordered according to their class
labels). Observe that the upper left block ofS corresponding
to the labelled set is common to all similarity matrices of the
sensors, as they all have a copy ofX(l). The only difference
is in their last row, whose non-zero entries correspond to the
nearest neighbors of their own observationx(u) among the
labelled examples (indicated by asterisks in Figure 3). Notice
that those entries contribute to the computation of the partial
sumsr(j) in Line 10, which involves only local computation.
Then, the sum of all valuesr(j), j = 1, . . . ,m is computed
distributively by average consensus, which yields the value of
the objective functionq(p) for the current class hypothesisp.
All observations contribute to the final classification decision,
thanks to the employment of average consensus.

a) Computational cost analysis:Let us discuss the com-
putational cost of distributed MASC. In what follows, de-
note byT the number of required consensus iterations and
k̄ = E{|Nj |} the average number of neighbors of a node in
the sensor network. The main computational steps thateach
sensor has to perform consists of (see also Algorithm 1):

• The construction ofk-NN graph among the labelled
examples that scales as O(l2), wherel denotes the number
of labelled examples. However, this can be performed off-
line (e.g., before the deployment of the sensor network).

• Local computation of the nearest neighbors ofx
(u)
j

among the labeled dataX(l). This requires computing
the distance ofx(u)

j to all labelled examples and scales
asO(l).

• Local computation ofr(·) in Line 10. It scales as O(kc),
because it involves only the last row of̃S that contains
only k non-zero entries (see also Fig. 3), wherek is the
set of nearest neighbors of each data sample in the data
graph.

• Distributed computation of the objective function via
distributed averaging in Line 11. This scales as O(k̄T c),
which corresponds to the cost of linear iteration (10),
repeatedT times until convergence, for each class hy-
pothesis.

If we omit the off-line cost of forming the graph among
the labelled samples, we conclude that the total average
computational costper sensoris O(l+ (k + k̄T )c).

Given the fact the number of consensus iterationsT in-
creases when more sensors are added to the network, one
would expect that the cost per sensor will also increase with
the network size. However, one can practically overcome this
problem by resorting to accelerated consensus methods, such
as polynomial filtering [16], which admit an almost negligible
increase ofT with respect to the network size, by means
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qi qj

δ

qmax. . .

Fig. 4. The objective function valuesq(p), p = 1, . . . , c, sorted in ascending
order.

of increased convergence rate (see [16, Sec. V-B] for more
details). Hence, distributed MASC is of very low complexity
and thus appropriate for sensor networks.

Furthermore, the costs of communication stay similar to
those of distributed average consensus solutions, which are
very low. In particular, the number of messagesper sensor
scales as O(̄kT c), see also eq. (10).

C. Further remarks

Each sensor is able to provide an estimate of the unknown
class even before the consensus process starts. This is possible
by using its localr value as a (crude) approximation to the
objective function value and looping over all class hypotheses.
Then, while distributed consensus progresses, information
from all observations is propagated over the network, the
approximations to the objective function are refined and the
partial classification decisions are updated. Eventually,the
approximations of the objective function values converge and
the sensors reach a consensus classification decision. The latter
may even occur long before the function values stabilize. In
what follows, we analyze why this is the case.

Observe that the consensus decision is reached when the
approximation error of consensus at each sensor becomes
smaller than half of the gap between the smallestqi and
second smallestqj value of the objective function. Denote
the gap between them byδ = qj − qi > 0 as shown in Fig.
4. The marks on the horizontal axis represent the sorted list
(in ascending order) of the objective function valuesq(p) for
p = 1, . . . , c. Therefore, as long as the approximation error
of consensus at each sensor is smaller thanδ/2, the order
between the estimates̃qi and q̃j cannot change, and the con-
sensus decision has been reached. From this point on, further
consensus iterations will decrease the approximation error, but
they will have no influence on the consensus decision.

V. SIMULATION RESULTS

A. Setup

We compare our distributed algorithm with a distributed
baseline scheme for the classification of multiple observations
consisting ofk-NN followed by majority voting. Each sensor
computes a local classification decision usingk-NN classifica-
tion on the labeled setX(l), and the final decision is obtained
by majority voting across sensors. We also compare with two
centralized algorithms: Label Propagation (see Sec. III-A) and
centralized MASC (see Sec. III-B). In the centralized scenario,
each algorithm has access to all observationsX(u) and can
further form a full similarity matrixS ∈ R

n×n. We illustrate
the performance of all methods in distributed face recognition.

Fig. 5. Sample face images from the UMIST database. The number of
different poses for each subject is varying.

Fig. 6. Distributed multi-view face recognition in a visionsensor network.
Each facial image corresponds to the observation of a sensor. The problem is
to estimate the unknown class in a distributed fashion.

Note that our goal is not to present a new method for multi-
view face recognition, but rather to use this application asa
showcase in order to illustrate the feasibility and the behavior
of our distributed classification algorithm.

In the construction of the sensor networks, we use the ran-
dom geographic graph model [17]. According to this model,
we randomly distributem sensor nodes on a 2-dimensional
unit area. Two nodes are adjacent if their Euclidean distance

is smaller thanǫ =
√

logm
m , which ensures connectedness with

high probability. We also assign weights on the edges of the
sensor network graph. We provide more information about the
weights in the sequel in Section V-C.

In all algorithms we use Gaussian weights defined as

Hij =

{

exp(− ‖xi−xj‖
2

2σ2 ) when (i, j) ∈ E ,
0 otherwise,

(14)

where eachxi corresponds to a raw facial image represented
as a high-dimensional vector inRd. The parameterσ in the
above equation is set equal to half of the median of pairwise
distances obtained from a large (random) sample of points.
Finally, we set the number of nearest neighborsk to 3 in all
methods.

We consider the case of a vision sensor network, such as the
one shown in Fig. 1, where the face of a subject is captured by
different cameras organized in an ad-hoc network. Each ob-
servation in this case represents a facial image captured under
different viewing angles. Observe again that all observations
belong to the same class and the problem resides in estimating
the unknown class i.e., recognizing the subject.

We used the UMIST database [18] in our simulations. The
UMIST database contains 20 people under different poses. The
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(b) m = 6
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(c) m = 8
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(d) m = 10

Fig. 7. Difference in performance between MASC and its distributed version versus the number of training samples (per class).

number of different views per subject varies from 19 to 48.
Fig. 5 illustrates a sample subject from the UMIST database
along with its first 20 views. Fig. 6 illustrates a snapshot of
the simulated network. The facial image next to each sensor
corresponds to its own observation. In order to simulate a
generic scenario, we assign randomly the different face poses
among the sensors.

B. Classification Performance

In the first experiment we will investigate the classification
performances of all methods: distributed MASC, distributed
k-NN + majority voting, centralized MASC and centralized
Label Propagation (LP). We assume that the distributed av-
erage consensus in Line 11 of Algorithm 1 has converged to
the asymptotic solution. In other words, we assume that the
distributed summation is exact. The purpose of this experiment
is to investigate whether the distributed algorithm suffers
any loss in performance due to the partial information and
what are the factors that influence this phenomenon. We
set µ = 0.1 in LP that worked best in this data set. We
investigate the behavior of all methods, when the number
of multiple observationsm varies from 4 to 10 with step 2.
For each particular value ofm, we measure the classification

error rate for different sizes of training set. In particular, we
increase gradually the number of training examples per class
and measure the average classification error rate over 100
random experiments. Each random experiment corresponds to
a random split of the data set into training (labelled) and test
(unlabelled) sets. We do many random experiments in order
to avoid any bias in the measured classification performances,
due to a particular realization of the labeled and unlabeled
data sets.

Figs 7(a)-7(d) show the obtained results for different number
m of multiple observations, when the number of training
examples per class increases from 4 to 8 with step 1. First,
we see that distributed MASC outperforms the distributed
baseline scheme ofk-NN followed by majority voting as well
as the (centralized) LP, which does not exploit the fact thatall
observations belong to the same class.

Second, we observe that there is a small loss in performance
of distributed MASC with respect to its centralized counter-
part. To see why this happens, it is important to realize thatthe
k-NN graph in the distributed case is different than the graph
in the centralized case. This is due to the fact that the multiple
observations are collected distributively. Hence, the neighbors
of an observationx(u) can be selected only among the labelled
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Fig. 8. Classification performance versus number of multiple observations, for both methods. Each curve corresponds todifferent number of training samples
per class.
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Fig. 9. Average classification error rate vs consensus iterations, for different weight matrices.

examples, whereas in the centralized case they may be selected
among all (labelled and unlabelled) examples. This is the main
reason for the difference in performance in Fig. 7, which is
more pronounced when the training set is small. However,
it is exactly this difference in the construction of thek-NN
graph that allows for the distributed MASC algorithm to have
much lower computational cost than that of centralized MASC.
Essentially, this is the main characteristic that makes it efficient
and feasible in distributed settings. However, this comes at the
cost of a small performance loss, which however reduces when
the training set is sufficiently large.

Fig. 8 illustrates the same results as Fig. 7 in a different
way. In particular, it illustrates the behavior of classification
performances of both MASC methods with respect to the
number of multiple observations, when the size of the training
set is fixed. The number of multiple observationsm varies
from 4 to 10 with step 2. Each curve corresponds to a
fixed number of training samples per class, denoted byp.
Unsurprisingly, we observe that an increase in the number of
observations tends to improve the classification performance
in both algorithms.

C. Consensus Performance

In the previous experiment, we assumed that the distributed
summation in Line 11 of Algorithm 1 is exact. In this experi-
ment we drop this assumption and we investigate the effect of
employing distributed consensus for the computation of this
sum. Note that our goal in this particular experiment is to study
the effect of consensus on the classification performances.For
this reason, we use the samek-NN graph of distributed MASC
in its centralized counterpart. This way, the performance
difference of the two algorithms is only due to the summation
part.

First, we split randomly the data set into training and test
sets, by including two examples per class in the labelled set
X(l) and the rest is assigned to the test set. We formm = 10
multiple observations, which are drawn randomly from the test
set, and we usek = 1 in the construction of thek-NN graph.

Fig. 9 shows the average classification error rate (over 500
random experiments) measured on a certain sensor, say the
first one, when the number of iterations in distributed consen-
sus varies from 1 to 100 with step 5. Each random experiment
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in this case corresponds to a random realization of the labelled
and unlabelled data sets, as well as random generation of the
underlying sensor network. We use two different weights from
the literature[13], namely the Maximum-degree weights:

W (i, j) =







1
n , (i, j) ∈ Es
1− d(i)

n , i = j

0 otherwise,

(15)

and the Metropolis weights:

W (i, j) =







1
1+max{d(i),d(j)} , (i, j) ∈ Es
1−∑

(i,j)∈E W (i, k), i = j

0 otherwise,

(16)

whered(i) denotes the degree of theith node. The weights
above are known to satisfy condition (13) and therefore lead
the iterationzt+1 = Wzt to asymptotic convergence to the
averagēz0 = 1

m

∑m
i=1 z0(i). Observe that fairly few iterations,

namely between 30 and 40, provide sufficient accuracy in the
computation of the distributed sum, in order to offer similar
performance as the centralized MASC algorithm.

VI. RELATED WORK

In this section, we provide a more detailed exposition of the
related work in the field. We start with consensus algorithms
for various distributed problems in vision sensor networks
and then we discuss distributed classification, first in general
settings and then in relation to distributed consensus.

A. Consensus algorithms for vision sensor network problems

The methods that we are going to discuss below are not
directly related to the algorithm proposed in this paper as they
address different problems. However, we believe that it is ad-
vantageous to mention them as they are all based on distributed
consensus, which further emphasizes the importance of the
latter as a powerful tool for distributed information processing
in vision sensor networks.

Distributed consensus [12], [13], [19], [20], [21] has re-
cently become an important computational tool for multimedia
data analysis and various aggregation tasks in ad-hoc sensor
networks. In general, the main goal of distributed consensus is
to reach a global solution iteratively in ad-hoc networks using
only local computation and communication, while staying
robust to changes in the network topology.

The authors in [22] propose a message-passing version of
the Kalman-Consensus Filter (KCF) [23] for target trackingin
sensor networks with a limited sensing range. The proposed
algorithm reaches a consensus on estimates obtained by local
Kalman filters in a hybrid architecture formed by a fusion
center and a peer-to-peer network. Recently, this distributed
tracking algorithm has been applied in [24] for tracking
multiple targets in a self-configuring camera network.

The authors in [25], [6] have generalized the Euclidean
distributed consensus algorithm to non-Euclidean manifolds.
In particular, they have considered SE(3), which is the group of
rigid-body transformations consisting of rotations in SO(3) and
translations. They have applied their algorithm to distributed

object pose estimation [25] as well as distributed face pose
estimation [6]. A different approach is proposed in [26] forob-
ject pose averaging in distributed camera networks. It mainly
differs from the approach above in that it includes a rigidity
penalty term to distributed consensus, which penalizes the
estimates that deviate from the model. Therefore, it bypasses
the need for special handling of rotations.

B. Distributed classification

The authors in [9] propose a distributed multi-target classi-
fication algorithm for sensor networks. The authors formulate
the classification problem as a multiple hypothesis testing
problem and propose a decision fusion methodology by aggre-
gating local classifier decisions to a fusion center. Since the
number of hypothesis grows exponentially with the number
of targets, the authors propose a sub-optimal approach of
partitioning the hypothesis space.

A parallel active-set algorithm was proposed in [27] for
distributed Support Vector Machines (SVM) training. The
authors propose a relaxation to the dual of the SVM training
optimization problem, which further permits the partitionof
the (relaxed) problem into subproblems that can be solved by
Lagrangian decomposition and gradient projection. Despite the
general scope of the proposed algorithm, the main focus has
been on its computational efficiency, rather on its feasibility
and implementation aspects in the context of wireless sensor
networks.

The overview article [28] discusses the problem of dis-
tributed classification with non-parametric kernel methods
[29], where the goal is to learn a global classification function
from distributed data in wireless sensor networks. The method
proposed in this work is fundamentally different from the
methods discussed in [28] in that it tries to predict directly the
single unknown class label based on the multiple observations,
rather than trying to learn the classification function itself.
The reader is referred to [28] and references therein, for more
details on the related methods for nonparametric distributed
learning.

Finally, we mention that there are approaches that address
the problem by distributed feature extraction followed by
(centralized) classification at the fusion center. For instance,
Yang et. al. in [30] propose a distributed scheme for segmen-
tation and classification of human actions using a network of
wearable motion sensors. It is assumed that sensors are able
to transmit local feature vectors to a central computer, where
the global classification is performed.

C. Consensus-based distributed classification

Consensus-based methods for distributed classification in
ad-hoc sensor networks have recently started to emerge. The
authors in [5] propose two consensus algorithms for distributed
SVM training for binary classification. The main idea of the
first algorithm is to exchange support vectors between adjacent
sensor nodes until consensus on the separating hyperplane has
been reached. However, it was shown that it results in a sub-
optimal solution. The second proposed algorithm computes



Copyright (c) 2010 IEEE. Personal use is permitted. For any other purposes, Permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

10

the optimal solution, at the price of increased communication
though.

Another distributed SVM algorithm has been recently pro-
posed in [31] that avoids the communication of support vectors
between adjacent sensor nodes. The main idea is to cast the
SVM optimization problem as the solution of several local
convex optimization subproblems solved at each sensor, which
are coupled by consensus constraints imposed on the classifier
parameters (i.e., hyperplane and bias). The resulting problem
is solved using the alternating direction method of multipliers
[12] involving only node-to-node message exchanges. The
generalization of the distributed algorithm to nonlinear SVMs
is discussed in [32].

The above approaches are conceptually the closest to the
method proposed in this work under the same perspective of
being consensus-based. However, a few things should be kept
in mind. First, SVMs are binary classifiers and, to the best
of our knowledge, their multi-class extension to distributed
settings has not been studied yet. On the contrary, our method
inherently operates on multi-class problems. Second, the above
methods, unlike our algorithm, have not been explicitly de-
signed for the problem of multiple observations classification
considered in this paper. Applying such methods directly
on multiple observations will most likely result into several
different estimated class labels available at each sensor and
one is confronted then with the problem of fusing them in
order to reach a single consensus decision. This is due to the
fact that consensus is imposed on the classifier parameters and
not on the estimated class label, as done by our method.

VII. C ONCLUSIONS

We studied the problem of classification of multiple obser-
vations in the scenario where the observations are collected
distributively. We showed that distributed classificationin
ad-hoc sensor networks can be effectively performed using
distributed consensus. In particular, we proposed a distributed
graph-based algorithm that aggregates information from all
observations across the network and leads to a consensus
classification decision among the sensors. We have illustrated
its performance in the context of distributed multi-view face
recognition. The simulation results have shown that, when the
training set is sufficiently large, the classification decision of
the distributed algorithm is equivalent to that of the centralized
algorithm. Furthermore, the convergence of the distributed
classification algorithm is very fast thanks to the effective
consensus strategy.

REFERENCES

[1] B. Rinner, T. Winkler, W. Schriebl, M. Quaritsch, and W. Wolf. The
evolution from single to pervasive smart cameras.2nd ACM/IEEE
International Conference on Distributed Smart Cameras (ICDSC), 2008.

[2] B. Rinner and W. Wolf. An introduction to distributed smart cameras.
Proceedings of the IEEE, 96(10):1565–1575, October 2008.

[3] I. F. Akyildiz, T. Melodia, and K. R. Chowdhury. WirelessMultimedia
Sensor Networks: Applications and Testbeds.Proceedings of the IEEE,
2008.

[4] Akio Kosaka Johnny Park Gaurav Srivastava, Hidekazu Iwaki and
Avinash Kak. Distributed and lightweight multi-camera human activity
classification.ACM/IEEE International Conference on Distributed Smart
Cameras (ICDCS-09), September 2009.

[5] K. Flouri, B. Beferull-Lozano, and P. Tsakalides. Distributed consensus
algorithms for SVM training in wireless sensor networks.16th European
Signal Processing Conference (EUSIPCO), 2008.

[6] R. Tron and R. Vidal. Distributed face recognition via consensus on
SE(3). 8th Workshop on Omnidirectional Vision, Camera Networks and
Non-classical Cameras (OMNIVIS), 2008.

[7] W. Schriebl, T. Winkler, A. Starzacher, and B. Rinner. A pervasive
smart camera network architecture applied for multi-camera object
classification.ACM/IEEE International Conference on Distributed Smart
Cameras (ICDCS-09), September 2009.

[8] J. B. Predd, S. R. Kulkarni, and H. V. Poor. Distributed learning in
wireless sensor networks. InProceedings of the 42nd Annual Allerton
Conference on Communication, Control, and Computing, Monticello, IL,
Sept 29-Oct 1 2004.

[9] J. H. Kotecha, V. Ramachandran, and A. M. Sayeed. Distributed multi-
target classification in wireless sensor networks.IEEE Journal on
Selected Areas in Communications, 23(4):703–713, April 2005.

[10] D. Li, K. Wong, Y. Hen Hu, and A. Sayeed. Detection, classification
and tracking of targets in distributed sensor networks.IEEE Signal
Processing Magazine, 19(2), March 2002.

[11] O. Chapelle, B. Scholkopf, and A. Zien.Semi-Supervised learning. MIT
Press, 2006.

[12] D. Bertsekas and J. N. Tsitsiklis.Parallel and Distributed Computation:
Numerical Methods. Prentice Hall, 1989.

[13] L. Xiao and S. Boyd. Fast linear iterations for distributed averaging.
Systems and Control Letters, (53):65–78, February 2004.

[14] D. Zhou, O. Bousquet, T. Navin Lal, J. Weston, and B. Sch¨olkopf.
Learning with local and global consistency.Advances in Neural
Information Processing Systems (NIPS), 2003.

[15] E. Kokiopoulou and P. Frossard. Graph-based classification of multi-
ple observation sets. November 2009. http://arxiv.org/pdf/0810.4617,
submitted.

[16] E. Kokiopoulou and P. Frossard. Polynomial filtering for fast conver-
gence in distributed consensus.IEEE Transactions on Signal Processing,
57(1):342–354, 2009.

[17] P. Gupta and P. R. Kumar. The capacity of wireless networks. IEEE
Trans. on Information Theory, 46(2):388–404, March 2000.

[18] D. B Graham and N. M Allinson. Characterizing virtual eigensignatures
for general purpose face recognition.Face Recognition: From Theory
to Applications, 163:446–456, 1998.

[19] L. Xiao, S. Boyd, and S. Lall. A scheme for robust distributed sensor
fusion based on average consensus.Int. Conf. on Information Processing
in Sensor Networks, pages 63–70, April 2005. Los Angeles.

[20] L. Xiao, S. Boyd, and S. Lall. Distributed average consensus with time-
varying metropolis weights.Automatica, June 2006. submitted.

[21] R. Olfati-Saber, J. A. Fax, and R. M. Murray. Consensus and cooperation
in networked multi-agent systems.Proceedings of the IEEE, 95(1):215–
233, January 2007.

[22] R. Olfati-Saber and N. F. Sandell. Distributed tracking in sensor
networks with limited sensing range.Proceedings of the American
Control Conference, June 2008.

[23] R. Olfati-Saber. Distributed kalman filtering algorithms for sensor
networks. IEEE Conference on Decision and Control, December 2007.

[24] C. Soto, B. Song, and A. K. Roy-Chowdhury. Distributed multi-target
tracking in a self-configuring camera network.IEEE Int. Conf. on
Computer Vision and Pattern Recognition (CVPR), 2009.

[25] R. Tron, R. Vidal, and A. Terzis. Distributed pose averaging in camera
networks via consensus on SE(3).ACM/IEEE International Conference
on Distributed Smart Cameras (ICDCS-08), September 2008.

[26] A. Jorstad, D. DeMenthon, I-J. Wang, and P. Burlina. Distributed
consensus on camera pose.IEEE Transactions on Image Processing,
19(9):2396–2407, September 2010.

[27] T. Alpcan and C. Bauckhage. A discrete-time parallel update algorithm
for distributed learning.IEEE Int. Conf. on Pattern Recognition (ICPR),
December 2008.

[28] J. B. Predd, S. R. Kulkarni, and H. V. Poor. Distributed learning in
wireless sensor networks.IEEE Signal Processing Magazine, pages
56–69, July 2006.

[29] X. L. Nguyen. Learning in decentralized systems: A nonparametric
approach. PhD thesis, University of California, Berkeley, 2007.

[30] A.Y. Yang, S. Iyengar, S. Sastry, R. Bajcsy, P. Kuryloski, and R. Jafari.
Distributed segmentation and classification of human actions using a
wearable motion sensor network.IEEE Computer Society Conference
on Computer Vision and Pattern Recognition Workshops, pages 1–8,
June 2008.



Copyright (c) 2010 IEEE. Personal use is permitted. For any other purposes, Permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

11

[31] P. Forero, A. Cano, and G. B. Giannakis. Consensus-based distributed
linear support vector machines. In9th ACM/IEEE Intl. Conf. on
Information Processing in Sensor Networks (IPSN), Stockholm, Sweden,
April 2010.

[32] P. Forero, A. Cano, and G. B. Giannakis. Consensus-based distributed
support vector machines. Journal of Machine Learning Research,
11:16631707, May 2010.

Effrosyni Kokiopoulou (S05,M09) received her
Diploma in Engineering in June 2002, from the
Computer Engineering and Informatics Department
of the University of Patras, Greece. In June 2005, she
received a M.Sc. degree in Computer Science from
the Computer Science and Engineering Department
of the University of Minnesota, USA, under the su-
pervision of Prof. Yousef Saad. In September 2005,
she joined as a PhD student the Signal Processing
Laboratory (LTS4) at EPFL, Lausanne, Switzerland
and completed her PhD studies in December 2008.

Since 2009, she has been a postdoctoral researcher with the Seminar for Ap-
plied Mathematics, ETH, Zurich, Switzerland. Her researchinterests include
multimedia data mining, pattern recognition, computer vision and numerical
linear algebra.

Dr. Kokiopoulou is the 2010 winner of the ACM Special Interest Group
on Multimedia (SIGMM) award for Outstanding PhD Thesis in Multimedia
Computing, Communications and Applications. She has been elected to
receive the EPFL doctorate award in 2010.

Pascal Frossard (S96,M01,SM04) received the
M.S. and Ph.D. degrees, both in electrical engineer-
ing, from the Swiss Federal Institute of Technology
(EPFL), Lausanne, Switzerland, in 1997 and 2000,
respectively. Between 2001 and 2003, he was a
member of the research staff at the IBM T. J.
Watson Research Center, Yorktown Heights, NY,
where he worked on media coding and streaming
technologies. Since 2003, he has been a professor
at EPFL, where he heads the Signal Processing
Laboratory (LTS4). His research interests include

image representation and coding, visual information analysis, distributed
image processing and communications, and media streaming systems.

Dr. Frossard has been the General Chair of IEEE ICME 2002 and Packet
Video 2007. He has been the Technical Program Chair of EUSIPCO 2008,
and a member of the organizing or technical program committees of numerous
conferences. He has been an Associate Editor of the IEEE TRANSACTIONS
ON MULTIMEDIA (2004-2010), the IEEE TRANSACTIONS ON IMAGE
PROCESSING (2010-) and the IEEE TRANSACTIONS ON CIRCUITS
AND SYSTEMS FOR VIDEO TECHNOLOGY (2006-). He is an elected
member of the IEEE Image and Multidimensional Signal Processing Technical
Committee (2007-), the IEEE Visual Signal Processing and Communications
Technical Committee (2006-), and the IEEE Multimedia Systems and Ap-
plications Technical Committee (2005-). He has served as Vice-Chair of the
IEEE Multimedia Communications Technical Committee (2004-2006) and as
a member of the IEEE Multimedia Signal Processing TechnicalCommittee
(2004-2007). He received the Swiss NSF Professorship Awardin 2003, the
IBM Faculty Award in 2005 and the IBM Exploratory Stream Analytics
Innovation Award in 2008.


