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ABSTRACT

Recently, a new ICT paradigm emerged, which considers
multiple heterogeneous devices that cooperate in multiple
signal processing tasks (MDMT). Under this paradigm, co-
operation among the nodes can be beneficial when subsets
of the nodes share common interests or observations. For
cooperation to be successful, it is thus necessary to account
for a decentralized labelling scheme that allows to uniquely
identify every object of interest. Such labelling not only en-
sures proper data exchange among the nodes but also allows
the formation of interest-specific clusters and hence, might
also be beneficial from a communications cost perspective.
The research question addressed in this paper is to develop
robust distributed labelling strategies in the context of cam-
era networks where no central unit is available for fusing
all the information. Simulation results demonstrate that a
high labelling accuracy can be achieved in the considered
setup (planar scene) with a correct classification performance
close to the centralized solution. The proposed methodology
is a promising strategy for distributed clustering in camera
networks that can be extended to more complex scenarios.

1. INTRODUCTION

Research on signal processing for distributed sensor net-
works, has recently introduced a new ICT paradigm, which
considers multiple heterogeneous devices such as smart-
phones, tablets, hearing aids or handheld cameras, that coop-
erate in multiple signal processing tasks (MDMT) [1, 2, 3].
This is radically different from current ICT paradigms, in
which stand-alone devices merely focus on individual tasks
or multiple devices perform one single joint task, as it is typ-
ically assumed in a classical wireless sensor network (WSN).
Under this new paradigm, cooperation among the nodes
might still be beneficial if subsets of the nodes share common

This work was supported by the project HANDICAMS which acknowl-
edges the financial support of the Future and Emerging Technologies (FET)
programme within the Seventh Framework Programme for Research of the
European Commission, under FET-Open grant number: 323944. The work
of F. Teklehaymanot is supported by the ’Excellence Initiative’ of the German
Federal and State Governments and the Graduate School of Computational
Engineering at Technische Universitdt Darmstadt.

2 Graduate School CE
Technische Universitdt Darmstadt
Dolivostr. 15, D-64293 Darmstadt Germany
teklehaymanot @ gsc.tu-darmstadt.de

3 School of Computer and Communication Sciences
Ecole Polytechnique Fédérale de Lausanne (EPFL)
CH-1015 Lausanne, Switzerland
{benjamin.bejarharo,martin.vetterli } @epfl.ch

interests or observations. It is thus of practical importance
to answer the question: who observes what?. Answering
this question constitutes a necessary preliminary step for a
successful cooperation in a distributed network setting. The
networks that we consider are ad-hoc in the sense that there
is neither a pre-defined network structure nor a centralized
computing unit where information is gathered. In such a
network, the devices communicate only within some neigh-
borhood. When a device wants to cooperate it isS necessary
to establish a labelling scheme that assigns a unique label
to every object of interest. Only in this way, a device can
make sure that the information it received from its neighbors
refers to its object of interest. Furthermore, from a communi-
cation cost perspective, knowledge about which device sees
which object allows the formation of interest specific clusters.
The research question addressed in this paper is therefore, to
develop a distributed object labelling scheme.

For that purpose, we restrict ourselves to schemes that
are performed in an in-network fashion where local informa-
tion exchange only happens among single-hop neighbors. Al-
though several methods have been proposed in the last years
that deal with distributed data clustering and classification
[4,5,6,7,8,9, 10, 11, 12], most of them still assume the
presence of a fusion center [5, 7], are hardly real-time capa-
ble [4] or require a set of pre-labeled training data [6, 11]. In
terms of distributed signal processing without a fusion center,
several adaptive strategies, such as incremental, consensus,
and diffusion algorithms have been developed in the last few
years. For a recent overview, and a comparison of these tech-
niques, see [13]. In [9], a distributed K-Means algorithm that
uses the consensus strategy was proposed. An alternative hy-
brid diffusion-based approach has been recently proposed in
[12] which consists of a classification method based on pre-
liminary clustering of the data.

In this paper, we study distributed labelling strategies in
the context of camera networks. In particular, we consider
that a common planar scene is observed under different view-
points and propose the use of Histogram of Gradients (HOG)
[14] and histogram of color descriptors for the labelling task.
We demonstrate that in a camera network setting where out-
liers can be commonly encountered, the use of a robust tech-



nique as in [12] (K-Medians) provides higher classification
rates as compared to the distributed K-Means method. We
also compare the distributed strategies to their respective cen-
tralized counterparts. Our results demonstrate that a high la-
belling accuracy can be achieved in the considered setup and
that our proposed methodology is a promising strategy for
distributed clustering in more complex scenes.

2. PROBLEM FORMULATION

Consider a wireless camera network as the one depicted in
Figure 1, where the nodes have overlapping observations of
some scene. Each node might be interested in a particular
part or object in the scene that needs to be enhanced, e.g., in
terms of resolution or removal of occlusions. We will assume
that more than one node will be interested in every object /
region of interest. For simplicity, we will also assume that the
observed scene can be well approximated by a planar scene
(e.g., the captured scene is far from the cameras) and that ev-
ery node is only interested in one object or region. Under this
setting, nodes would like to label the objects / regions of in-
terest in order to identify common interests among them. For
such a task, each node extracts a window patch that contains
the object of interest and computes a descriptor of it. Using
these descriptors (or feature vectors), we then seek to reach a
global labelling scheme by only local interaction between the
nodes. More formally, let J be the number of nodes in the
network and let d; € R? denote the d-dimensional descriptor
extracted at the jth node with class label C; € {1,..., K}.
Let ¢; = F(d;) be the predicted class of feature vector d;,
where F' : R? v {1,...,K},F € F is some prediction
function within the family of functions /. Then our goal is to
solve the following optimization problem
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where 1(-) is the indicator function defined as
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1 otherwise,

which penalizes wrong class assignments. In order to solve
the labelling problem in (1) in a distributed fashion, we will
rely on K-Means and K-Medians based clustering schemes.

3. PROPOSED ROBUST DIFFUSION-BASED IMAGE
LABELLING METHODOLOGY

3.1. Feature Extraction

For the purpose of unsupervised labelling of the detected re-
gions of interest across the network, we will consider in this
paper the extraction of two different descriptors namely, his-
tograms of gradients [14] and color histograms. These two
types of features will be used later in the labelling stage in
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Image plane

Fig. 1. Example of a camera network observing a common
planar scene.

order to identify common interests among the nodes. It is
important to mention that for a consistent representation, all
extracted regions of interest are scaled into a patch of size
24 x 24 pixels prior to the feature extraction process. For re-
sizing the patches we used bicubic interpolation preceded by
an anti-aliasing filter when shrinking the patches.

For the color histogram, the image patch (region of in-
terest) is subdivided into three concentric rings and a 10-bin
histogram per color channel is computed for every region in
a cumulative manner (i.e., adding the previous region). The
concatenation of these three histograms gives us the descrip-
tor of each color channel. The resulting feature vector for the
color is the concatenation of the three color channels resulting
in a vector of dimension 90. For the extraction of the HOG
descriptor [14] we used the MATLAB implementation with
default parameters which results in a 144-dimensional feature
vector. In the simulations part, we will consider both descrip-
tors separately as well as their concatenation which yields a
234-dimensional feature vector.

3.2. Diffusion K-Medians Algorithm

The diffusion K-Medians is a recently proposed hybrid clas-
sification method which contains a local clustering phase and
a real time distributed classification/labelling phase [12]. In
the local clustering phase, each node j collects N, feature
vectors and exchanges these feature vectors within its neigh-
borhood B;. The own and received feature vectors are stored
in the matrix S;(n). At this point, each node j has a total of
Np = (14 |B;|)N; feature vectors. Then, K-Medians is per-
formed to minimize the ¢;-distance between S;(n) and the
randomly initialized cluster centroids:

K Ng

eSS IS0 —wal O

k=1n=1



Each feature vector is assigned to class Cj, based on the min-
imal ¢;-distance. The labelled feature vectors are stored in
an initial matrix VﬂC Based on the elements of Cp,, the initial

cluster centroids '(p;)k are estimated as follows:

%, = median (V}3,) 4)
The order of the initial centroid estimates is random at dif-
ferent nodes. A synchronization is therefore necessary when
exchanging the data and the re-sorting is performed by com-
puting the Euclidean distance relative to an arbitrary reference

node € B;.
The distributed labelling phase is performed for every in-
coming feature vector dj(n), n = Ny + 1,...,N; and is

summarised as follows:

1. Exchange Step: Each node j broadcasts an update of
Vx(n) within the neighborhood 5;.

2. Adaptation step: Each node j estimates preliminary cen-
troids 1)1 (n) based on the updated Vjj(n) by solving (4).

3. Exchange step: Each node j broadcasts the preliminary
centroid estimates 1) (n) within the neighborhood B;.

4. Combination step: Each node j adapts its cluster centroids
using:

win(n) = a-Pir(n) + (L—a)- > ap(n) - gur(n) (5)

beB;/{5}

Here, a denotes the tradeoff between the weight given to the
own and the neighborhood estimates. For this work, uniform
combination weights are used which are given by

abk(n) = 1/|BJ| (6)

The Euclidean distance is next used to calculate the distance
between the incomming feature vector d;(n) and the esti-
mated cluster centroid W, (n) as follows:

druat (dy(n), wiK(n)) = [|dj(n) —wji |2 M

Then, d;(n) is assigned to class Cx, k = 1,..., K with min-
imum Euclidean distance. Based on the new cluster mem-
bership of the feature vectors, the final estimate of the cluster
centroids is calculated using Vj(n) in (4).

4. RESULTS

4.1. Performance Measure

In this section, a comparison of the average labelling rate of
the diffusion K-Medians and K-Means algorithms is evalu-
ated as a function of different parameters. The labelling rate
is calculated as follows:

Number of correctly labelled samples
N; — N,

Labelling rate = ®)

The average labelling rate is a network-wide performance
measure that is obtained by averaging over all nodes.

4.2. Simulation Setup

Fig. 2. The planar scene that was used in the simulations.
The yellow rectangles contain the three different regions of
interest.

Fig. 3. Identical region of interest for two different nodes.

For the simulations, we have considered a planar scene
containing K = 3 different regions of interest for the nodes,
as depicted in Figure 2. From this scene, we have randomly
generated a total of J = 20 different views (each one cor-
responding to a different node) which are related by affine
transformations. That is, if we consider our original scene
as a two-dimensional function f : R? —+ R we generate the
different views according to

f](:E)If(AjilZ-i-tj),jIl,,J, (9)

where A; € R?*? is non-singular and ¢; € R? is some trans-
lation vector. It is important to realize that, due to the affine
warping, the extracted patches between nodes will be differ-
ent, even when they are interested in the same region of the
object. This effect is illustrated in Figure 3, where two nodes
are interested in the clock of the building, however the re-
gions that contain this object are different, since they observe



the scene from different viewpoints. This means that, even in
the noiseless case, feature vectors corresponding to the same
region / object of interest will be different for different nodes.
For this reason, to some extent, the chosen feature vectors
should provide a representation that is robust against scene
transformations (affine in this case).

Unless otherwise stated, the simulation results are gen-
erated using the concatenation of both the HOG and color
histogram feature vectors. Noise samples drawn from a zero
mean Gaussian distribution are added to the feature vectors
to make a first step at simulating real time streaming data.
Each node j has a total of N; = 80 feature vectors and the
first N; = 20 feature vectors are used for the local clustering
phase, unless mentioned otherwise. The remaining N; — NV,
feature vectors are used for real time labelling. As standard
neighborhood size, |Bj\ = 5 is used, and the standard value
for a = 0.1, see Eq. (5). The dimension of the data used for
simulation is 234 x N;. All simulation results are an average
of 1000 Monte Carlo experiments and for each experiment a
different random topology of the network is considered. As
a benchmark, we compare our results to a centralized imple-
mentation, where all nodes forward their feature vectors to a
fusion center. The fusion center computes the K-Medians/K-
Means based labelling, having available the data of the entire
camera network.

4.3. Simulation Results

Fig. 4 displays the average labelling rate as a function of the
weight given to the own estimates () by each node for the
diffusion K-Medians and K-Means algorithms. Clearly, coop-
eration improves the results, and best performance is achieved
when a high weight is given to the neighborhoods estimates
(a=0.1).
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Fig. 4. Average labelling rate as a function of the weight given
to the own estimates («v) by each node.

The average labelling rate versus the number of neighbors
per node |B;| is shown in Fig. 5. In general, an increase of
the neighborhood size leads to a higher labelling accuracy, at
the cost of an increase in communication cost.
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Fig. 5. Average labelling rate as a function of the number of
neighbors per node.

Fig. 6 depicts the average labelling rate as a function of
the number of clustering samples per node (V). This simu-
lation shows that only a small number of clustering samples
are required, which makes the method suitable for real time
applications.

lf e e e s —rrPrrrrrprrsasrssss

a A
v
w M/‘o),f » 7

Average labelling rate
-
Q
f.
o h
hd

0.9 ]

—&— K-Medians distributed
= @ = K-Medians centralized
= K-Means distributed

= = = K-Means centralized

0.85 - .
5

10 15 20 25 30
Number of clustering samples per node (N‘)

Fig. 6. Average labelling rate as a function of the number of
clustering samples per node.

The average labelling rate as a function of the noise vari-
ance is shown in Fig. 7. Note that the noise is added to the
feature vectors whose elements take values between O and 1.
As expected, for a variance > 0.1, there is a gradual decrease



in performance. The lower performance for a variance equal
to zero can be contributed to the fact that the algorithms are
designed for real time streaming data and not for a static pic-
ture.
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Fig. 7. Average labelling rate as a function of noise variance.

Fig. 8 depicts the average labelling rate as a function of
the percentage of outliers. For this simulation, additive out-
liers at random positions were generated from a zero mean
Gaussian distribution with a variance that is five times that
of the nominal noise. The expressions “K-medians Both” and
“K-Means Both” in the figure represent the usage of HOG and
color features for the simulation. “HOG”and “color”, on the
other hand refer to the usage of a single feature. The figure
clearly shows the superiority of the diffusion K-Medians over
the diffusion K-Means in the presence of outliers. Further-
more, using both feature vectors is beneficial, especially for
low amounts of outlier contamination. In general, the color
outperforms the HOG descriptor, and the distributed solutions
aproach the performance of the centralized ones.

5. CONCLUSION

Robust distributed labelling strategies in the context of cam-
era networks were proposed. The distributed methods achieve
high labelling rates and the loss compared to a centralized so-
lution is small. In future work we will adapt our labelling
method to real time streaming data and more complex scenes
and extend our method by integrating robust distance mea-
sures.
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