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Abstract—Consensus-based target tracking in camera net-
works faces three major problems: non-linearity in the mea-
surement model, temporary lack of measurements (naivety) due
to the limited field of view (FOV) and redundancy in the
iterative exchange of information. In this paper we propose two
consensus-based distributed algorithms for non-linear systems
using the Extended Information Filter as underlying filter to
handle the non-linearity in the camera measurement model. The
first algorithm is an Extended Information Consensus Filter
(EICF) that overcomes the effect of naivety and non-linearity
without requiring knowledge of other nodes in the network.
The second algorithm is an Extended Information Weighted
Consensus Filter (EIWCF) that overcomes all the three major
problems (naivety, redundancy and non-linearity) but requires
knowledge of the number of cameras (Nc) in the network. The
basic principle of these algorithms is weighting node estimates
based on their covariance information. When Nc is not available,
EICF can be used at the cost of not handling the redundancy
problem. Simulations with highly maneuvering targets show
that the two proposed distributed non-linear consensus filters
outperform the related state of the art by achieving higher
accuracy and faster convergence to the centralised estimates
computed by simultaneously considering the information from
all the nodes.

I. INTRODUCTION

Distributed algorithms aim to achieve scalability and com-
parable performance to centralised algorithms, where global
communications are assumed [1]. Recently, distributed state
estimation problems have attracted interest for wireless camera
networks applications such as target tracking [2] and action
recognition [3]. Consensus-based approaches are distributed
estimators where nodes communicate only with neighbours
and exchange data locally [4]. The nodes do not require
prior knowledge of the network and produce the same state
estimations in all nodes of the network. The advantage of
consensus approaches is that the global decision is available
at every node so each one can take decisions independently.
Fully connected networks can perform consensus in one single
iteration, being equivalent to centralised approaches. However,
in general networks are partially connected and consensus
requires a number of iterations to converge.

The performance of distributed trackers depends on the
shared data and the type of filter employed. The Kalman
Consensus Filter (KCF) [3] and Information Consensus Fil-
ter (ICF) [5] are widely used average consensus filters for
distributed tracking. KCF and ICF are based on the Kalman
Filter (KF) [6] and Information Filter (IF), respectively.

There exist three main problems in achieving consensus for
target tracking: non-linearity, naivety and redundancy. The tar-
get state dynamics (e.g. location on a reference plane) and the
corresponding target measurements provided by the cameras
(e.g. target coordinates in the image plane of each camera)
are non-linearly related to each other [7]. Hence, the tracking
algorithms that depend on linear filters, such as KF and IF,
can not be applied to camera networks. Other filters such as
the Extended Kalman Filter (EKF) [8] or Extended Informa-
tion Filter (EIF) [9] address this non-linearity. Although the
Extended Kalman Consensus Filter (EKCF) [10] handles non-
linearities, it does not address naivety and redundancy. Due to
the limited field of view of the cameras, there are naive nodes
that do not provide target measurements. In average consensus,
such naive nodes decrease the accuracy of the generated
estimates such as in KCF and EKCF, where the local averaging
does not consider the accuracy or reliability of the infor-
mation. Such homogeneous weighting of local contributions
leads to sub-optimal results. Finally, iterative data exchange
in consensus approaches causes redundancy of information
in the network, correlates the node estimates and thereby
delays the convergence to the optimal result. The Information
Weighted Consensus Filter (IWCF) [11] handles both naivety
and redundancy, but works only for linear systems. The ideal
distributed approach should handle non-linearity and naivety
while avoiding communication redundancy.

This paper proposes two new consensus-based distributed
tracking algorithms for non-linear systems such as camera
networks namely, the Extended Information Consensus Filter
(EICF) and the Extended Information Weighted Consensus
Filter (EIWCF). The EICF weights the estimates of each node
based on its accuracy and solves the problem of naivety. Nodes
viewing the target get higher weights as their error covariance
is lower than that of non-viewing nodes. This concept is called
weighted averaging [12], [13] and is used in the ICF [5]. The
concept of weighted averaging is applied to EIF to handle
naivety along with non-linearity. The EIWCF is developed
based on the EIF and the IWCF [11], which also performs
weighted averaging. In addition to this, the IWCF weights
the prior information less than the obtained measurement
information. IWCF solves both the redundancy and naivety
problems and speeds up the convergence to the centralised
result. The software of the proposed methods is available
at http://www.eecs.qmul.ac.uk/~andrea/software.htm.



EICF solves the problems of non-linearity and naivety
without requiring the knowledge of the number of nodes in
the network. When the number of nodes is available, EIWCF
can be used to solve the redundancy problem along with
non-linearity and naivety at almost the same communication
and computation cost as EICF. Both algorithms use EIF as
the underlying filter to deal with non-linearity and employ
consensus as the fusion scheme to support the limited com-
munication range of wireless cameras. EICF and EIWCF
weight the prior and measurement information about the target
differently. Experimental results show that the two proposed
approaches outperform the accuracy of EKCF, which also
handles non-linearity, at the expense of higher communication
and computational costs, especially when more consensus
iterations are used.

The paper is organised as follows. Section II describes the
state of the art in distributed tracking in camera networks.
Section III presents the EIF and its centralised version. Sec-
tion IV describes the proposed EICF and EIWCF algorithms.
Comparisons of the proposed algorithms with the centralised
result and EKCF are discussed in Section V. Finally, Sec-
tion VI concludes the paper.

II. STATE OF THE ART

This section discusses consensus-based distributed target
tracking in camera networks, focusing on the problems of non-
linearity, naivety and redundancy.

In the case of camera-based target tracking, the mea-
surement model of a camera can be represented as a non-
linear homography function that converts coordinates from the
ground plane to the image plane of the camera [14]. As this
measurement model is non-linear, KF or IF-based approaches
such as KCF, ICF and IWCF that work only for linear systems
are not suitable.

Medeiros et al. [14] proposed a dynamic clustering tech-
nique to create multiple single-hop clusters of viewing nodes.
As the target moves, the clusters modify their members so
that only viewing nodes are members of a cluster. EKF is
used as the underlying filter for estimating the target state
to handle non-linearity in the measurement model. Here,
inter cluster data fusion is not supported. Each cluster head
sends the fused estimates to a base station where the final
fusion step is performed. The formation and maintenance of
clusters adds communication and computation overhead in the
network. Nastasi and Cavallaro [15] applied the particle-filter-
based token passing approach proposed by Hlinka et al. [16]
to camera networks. The authors assumed that all nodes in
the network can communicate with each other via single-hop
or multi-hop links (routing tables are provided). Both [14]
and [15] need information about neighbouring nodes.

The KCF algorithm proposed by Saber et al. [17] can
be applied for camera networks [2], [3], [1], [10] in which
nodes do not require FOV information of other cameras.
The authors assumed that overlapping cameras are connected
(directly or via multiple hops) so each camera can receive
knowledge of the target before it enters their FOV. Simonetto

et al. [13] proposed a weighted average consensus where local
estimates are weighted based on their error covariance values.
Nodes not viewing the target get lower weights than viewing
nodes. A similar concept is applied to the consensus-based
information filter [5]. Weighted average consensus algorithms
such as Generalized Kalman Consensus Filter (GKCF) [18]
and weighted information consensus [13], [5] produce more
accurate tracking performance than KCF in the presence of
naive nodes.

The cross-covariance resulted from iterative information
exchange among nodes is handled by IWCF by weighting
prior and measurement information [11]. As the redundancy
is present only in the prior information (i.e. the result of
consensus in the previous step), the prior term is given less
weight than the measurement information. IWCF handles both
naivety and cross-correlation among nodes’ estimates and it
outperforms KCF and GKCF. Similarly to ICF [5], GKCF
and IWCF allow multiple consensus iterations between time
steps to improve performance. All these consensus filters do
not require any hand-off protocols or the knowledge of the
FOVs. However, IWCF requires knowledge of the number of
nodes present in the network. EKF can be used for distributed
target tracking for handling non-linear systems [19], [10].
However, limited target observability and cross-covariance of
error among nodes are not handled.

Table I compares the main distributed tracking algorithms
for wireless camera networks. These algorithms cannot simul-
taneously handle the three problems (non-linearity, naivety and
redundancy).

III. EXTENDED INFORMATION FILTER

Consider a target whose motion model is given by xk =
f(xk−1,wk−1), where xk is the target state at time k and
wk−1 is a non-additive Gaussian noise with zero mean and
covariance Q. The measurement model of camera ci is defined
as zik = hi(xk) + vi

k where, zik is the measurement corre-
sponding to the target state and vik is an additive Gaussian
noise with zero mean and covariance R. In the presence of
non-linearity in f(·) or hi(·), EKF [8] can be used. EKF
assumes linearity at the best available state using the Taylor
series approximation. EKF handles mild non-linearities where
first-order approximations of Jacobians are available. The
IF [5] is an alternative form of KF that uses the Fisher
information matrix (the inverse of the covariance, P, of the
state estimate error). In IF, the local estimates of the nodes
are represented as an information matrix Yi

k|k = Pi
k|k
−1

and

an information vector yi
k|k = Pi

k|k
−1xi

k|k where xik|k and
Pi
k|k are, respectively, the estimated state and associated error

covariance of camera ci for time step k. The concept of IF
can be applied to EKF, resulting in EIF [9].

According to [9], the prediction step of EIF is:

Yi
k|k−1 = Mk −Mk[Mk + W−Tf,k Q−1W−1f,k]

−1
Mk

yik|k−1 = Yi
k|k−1f(Yi

k|k−1
−1yik−1|k−1),

(1)



TABLE I: Algorithms for distributed tracking in wireless camera networks

Acronym Algorithm Reference Filtering scheme Fusion scheme Challenges
Non-linearity Naivety Redundancy

DC-EKF Dynamic Clustering based Extended Kalman Filter [14] Extended Kalman Filter dynamic clustering X
KCF Kalman Consensus Filter [3] Kalman Filter consensus

TP-PF Token Passing based Particle Filtering [15] Particle Filter token passing X
EKCF Extended Kalman Consensus Filter [10] Extended Kalman Filter consensus X
GKCF Generalized Kalman Consensus Filter [18] Kalman Filter consensus X
IWCF Information Weighted Consensus Filter [11] Kalman Filter consensus X X

EICF Extended Information Consensus Filter [This paper] Extended Information Filter consensus X X
EIWCF Extended Information Weighted Consensus Filter [This paper] Extended Information Filter consensus X X X

where Mk = J−Tf,k Yi
k−1|k−1J−1f,k and Jf,k is the Jacobian of

f(·) with respect to xk and Wf,k is the Jacobian of f(·)
with respect to wk. The prediction in KF is computationally
less complex than in IF. The prediction operation can be done
with EKF equations and the results can be converted to the
information form [9] as follows:

xi
k|k−1 = f(xik−1|k−1)

Pi
k|k−1 = Jf,kPiJT

f,k + Wf,kQWT
f,k.

(2)

The results of prediction can be converted to the IF form as:

Yi
k|k−1 = Pi

k|k−1
−1

yi
k|k−1 = Yi

k|k−1xik|k−1.
(3)

The update step in EIF [9] is:

Yi
k|k = Yi

k|k−1 + Iik
yik|k = yik|k−1 + iik,

(4)

where, iik and Iik are the information contribution terms defined
as:

iik = JT
h R−1[zik − hi(xik|k−1) + Jhxi

k|k−1]

Iik = JT
h R−1Jh.

(5)

Here, Jh is the Jacobian of hi(·) with respect to xk (in our
case hi(·) is given by the first term of the R.H.S of Eq. 23).

The use of IF is advantageous compared to KF because
the computation of the update step is less complex in IF.
Especially in the case of multi-sensor fusion, the update step
at the fusion centre is a simple addition of the information
contribution terms from all Nc nodes in the network as:

Yg
k|k = Yg

k|k−1 +

Nc∑
i=1

Iik

yg
k|k = ygk|k−1 +

Nc∑
i=1

iik

(6)

Hence, IF is usually preferred. The global state estimate and
corresponding error covariance can be recovered using:

Pg
k|k = Yg

k|k
−1

xgk|k = Yg
k|k
−1ygk|k.

(7)

Eq. 6 represents the centralised version of EIF. The next
section will introduce the corresponding distributed version.

IV. DISTRIBUTED STATE ESTIMATION USING THE
EXTENDED INFORMATION FILTER

We aim to compute global estimates ygk|k and Yg
k|k (Eq. 6)

through local network communications. Achieving average
consensus means computing the average of all nodes’ informa-
tion and simultaneously making the result (xk|k) available at
all nodes in the network. The average consensus on a random
variable a can be computed as [4]:

ai
l = ail−1 + ε

∑
j∈Cn

i

(ajl−1 − ail−1), (8)

where l is the index for the consensus iteration, Cn
i is the

neighbourhood of node ci, and ε ∈ (0, 1/∆max) guarantees
the convergence of the estimates of the nodes of the network

to the average estimate of all nodes, i.e. â =
1

Nc

Nc∑
i=1

ai.

∆max represents the maximum degree of the network. EKCF
achieves the average consensus on the local estimates (xk|k)
computed by EKF [10].

To overcome the naivety problem, weighted averaging can
be applied [12], [13], [5] considering the associated covariance
of the state estimate. Such weighted averaging of the target
state can be achieved by average consensus on the information
terms:

x̂k|k =

Nc∑
i=1

Pi
k|k
−1xi

k|k

Nc∑
i=1

Pi
k|k
−1

=

Nc∑
i=1

yik|k
Nc∑
i=1

Yi
k|k

=

(
Nc∑
i=1

yik|k

)
/Nc(

Nc∑
i=1

Yi
k|k

)
/Nc

, (9)

where Nc is the total number of nodes in the network and x̂
is the global estimate.

A. Extended information consensus filter

We apply weighted averaging to EIF and propose two dis-
tributed filters for tracking targets in wireless camera networks,
EICF1 and EICF2, which compute the local information, yik|k
and Yi

k|k, differently.
EICF1 runs at each node ci and computes the local infor-

mation values, yik|k and Yi
k|k, based on their own respective

measurement information, iik and Iik:

Yi
k|k = Yi

k|k−1 + Iik
yi
k|k = yik|k−1 + iik,

(10)

and then exchange the values yi
k|k and Yi

k|k with neighbours
to achieve average consensus.



EICF2 computes local information values, yi
k|k and Yi

k|k,
based on its own measurement information and also that of
neighbouring nodes:

Yi
k|k = Yi

k|k−1 +
∑

j∈{ci∪Cn
i }

Ijk

yik|k = yi
k|k−1 +

∑
j∈{ci∪Cn

i }
ijk.

(11)

EICF2 reaches convergence faster than EICF1, at the cost of
additional communication to send the measurement informa-
tion terms. Hence, EICF2 is recommended when sufficient
communication resources are available.

The iterative information exchange between neighbours re-
sults in redundancy which causes correlation among the nodes’
estimates. Hence, the EICF results are sub-optimal because of
such correlation among the individual node estimates. In the
update step (see Eq. 4) of a filter, the two terms involved
are the priors, yik|k−1 and Yi

k|k−1, and the measurement
information about the target, iik and Iik. The prior information
is the result of the prediction on previous estimates, yik|k
and Yi

k|k, which are computed after consensus. Hence, the
redundancy always lies in the prior information terms, yik|k−1
and Yi

k|k−1.

B. Extended information weighted consensus filter

Via proper weighting of prior and measurement information,
IWCF mitigates the problem of redundancy [11]. By apply-
ing the concept of IWCF to EIF, we propose a non-linear
distributed filter called the Extended Information Weighted
Consensus Filter (EIWCF). Here the prior information is
weighted by 1/Nc and the consensus proposals are prepared
as:

vik|k =
1

Nc
yi
k|k−1 + iik

Vi
k|k =

1

Nc
Yi

k|k−1 + Iik.
(12)

After achieving consensus on the v and V terms, the results
are multiplied by Nc:

yik|k = Ncvik|k
Yi

k|k = NcVi
k|k.

(13)

These estimates are not affected by non-linearity, naivety
and redundancy. However, EIWCF requires the knowledge of
the number of nodes in the network (see Eqs. 12 and 13).
Thus, EIWCF cannot be applied when such knowledge is not
available whereas EICF1 or EICF2 can be used. If sufficient
communication resources to receive neighbours’ measurement
information, ijk and Ijk, is available, EICF2 achieves faster
convergence than EICF1. Hence the choice depends on the
available communication resources.

Algorithm 1 summarises the three filters (EICF1, EICF2 and
EIWCF) using a switch operator.

Algorithm 1 Distributed Extended Information Filters running
at camera node ci

Input: Cn
i : neighbourhood of ci

k, k − 1 : time steps
yi
k−1|k−1 : posterior information state vector from k − 1

Yi
k−1|k−1 : posterior information matrix from k − 1

Nc : number of nodes in the network
ε : consensus parameter ε ∈ (0, 1/∆max)
∆max : maximum degree of the network

Compute prior information terms, yik|k−1 and Yi
k|k−1,

through prediction (see Eq. 3)
Collect measurement zik
Compute (iik, I

i
k) using Eq. 5

If no target detected, set iik = 0 and Iik = 0
Switch( Algorithm )

Case EICF1 :
N = 1
Prepare consensus terms

vi0 = yik|k−1 + iik
Vi

0 = Yi
k|k−1 + Iik

Case EICF2 :
Send message (iik, I

i
k) to Cn

i

Receive messages (ijk, I
j
k) from all j ∈ Cn

i
N = 1
Prepare consensus terms

vi0 = yik|k−1 +
∑

j∈{ci∪Cn
i }

ijk

Vi
0 = Yi

k|k−1 +
∑

j∈{ci∪Cn
i }

Ijk

Case EIWCF :
N = Nc
Prepare consensus terms

vi0 =
1

Nc
yi
k|k−1 + iik

Vi
0 =

1

Nc
Yi

k|k−1 + Iik

end Switch
Perform consensus step

for l = 1 to L do
Send message (vil−1,V

i
l−1) to Cn

i

Receive messages (vjl−1,V
j
l−1) from all j ∈ Cn

i
Update consensus terms

vil = vi
l−1 + ε

∑
j∈{ci ⋃Cn

i }
(vj

l−1 − vil−1)

Vi
l = Vi

l−1 + ε
∑

j∈{ci ⋃Cn
i }

(Vj
l−1 − Vi

l−1)

end for
Compute the posterior at k

Yi
k|k = NVi

L

yik|k = NviL

Output: yik|k and Yi
k|k



C. Computation cost

We measure the computational cost of EICF1, EICF2 and
EIWCF as the number of scalar operations performed [20].
The computational cost, S, of EKCF is:

SEKCF = 11n3 + 6n2 + 4n+ 17 + 3nm+ 2nm2

+mn2 + 2m+ d

(
n2

2
+

5n

2

)
+ Ln(2 + d),

(14)

where L and d represent the number of consensus iterations
involved and degree of the node, respectively; n is the size of
the state vector x and m is the size of the measurement vector
z. The computation cost of EICF1 is:

SEICF1 =
25n3

3
+ 4n2 +

5n

3
+ 2nm2 +mn2 + 5nm

+m+ n+ 17 + L

(
d(n2 + 3n) +

3n2

2
+
n

2

)
.

(15)

The computation cost of EICF2 is:

SEICF2 =
25n3

3
+ 4n2 +

5n

3
+ 2nm2 +mn2 + 5nm+m

+ n+ 17 + L

(
d(n2 + 3n) +

3n2

2
+
n

2

)
+ d

(
3n

2
+
n2

2

)
.

(16)
Similarly, the computation cost of EIWCF is:

SEIWCF =
25n3

3
+ 6n2 +

11n

3
+ 2nm2 +mn2

+ 5nm+m+ n+ 17 + L

(
d(n2 + 3n) +

3n2

2
+
n

2

)
.

(17)
EICF2 has d · (n + n2/2 + n/2) more computations than

EICF1 because of the
∑

i and
∑

I operations (see Eq. 11).
EIWCF has 2(n+n2) more operations than EICF1 because of
the additional multiplications with N and 1/N (y/N , Y/N ,
Nv and NV operations) as shown in Eq. 12 and Eq. 13.

Figure 1 presents the number of computations for each
filter with respect to the number of consensus iterations for
a state vector of size 5 and degree 2. EKCF has a higher
computation cost at lower number of consensus iterations
because of its more complex update step. By increasing the
number of consensus iterations, the computations required for
handling the covariance information of new information filters
significantly increase and surpass the cost of EKCF.

D. Communication cost

The number of scalars transmitted by a node is taken as its
communication cost T . For EKCF, this cost is relatively low
because only the state vector is exchanged in each iteration. In
the first iteration of EKCF, each node sends the measurement
information terms, iik and Iik, and the prior state vector to its
neighbours. Hence the number of scalars, T , transmitted by
each node is:

TEKCF = n+
n(n+ 1)

2
+ Ln, (18)

where L is the number of consensus iterations considered.
EICF1 exchanges the local estimate, the information vector
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Fig. 1: Computation cost at a camera node ci vs. number of
consensus iterations. Comparison of the computation cost of
the Extended Kalman Consensus Filter (EKCF) [10], the Ex-
tended Information Consensus Filter1 (EICF1), the Extended
Information Consensus Filter2 (EICF2) and the Extended
Information Weighted Consensus Filter (EIWCF).

and the corresponding uncertainty matrix, the information
matrix, in each iteration. Hence the communication cost is:

TEICF1 = L

(
n+

n(n+ 1)

2

)
. (19)

EICF2 exchanges the same information as EICF1 but during
the first iteration the measurement information, iik and Iik, is
also sent to neighbours. Hence the communication cost is:

TEICF2 = n+
n(n+ 1)

2
+ L

(
n+

n(n+ 1)

2

)
. (20)

Because of the additional iik and (the upper triangle of)
Iik terms, it has an additional communication cost of n +
n(n + 1)/2 scalars. EIWCF exchanges the local estimate,
information vector, and the corresponding uncertainty matrix,
information matrix, in each iteration. Hence the communica-
tion cost is:

TEIWCF = L

(
n+

n(n+ 1)

2

)
. (21)

As the covariance matrices are symmetric only the upper
triangular matrix elements are transferred while sending in-
formation matrices I and Y , the cost is n(n+ 1)/2 instead of
n2.

Figure 2 presents the number of scalars needed to be
transmitted by each node for each filter with respect to the
number of consensus iterations considered.

V. EXPERIMENTS

We compare the new distributed non-linear filters EICF1,
EICF2 and EIWCF with the state of the art filter EKCF [10]
and the Centralised Extended Information Filter (CEIF) that
uses measurement information from all nodes and estimates
the target state according to Eq. 6. As a performance measure,
we use the mean error defined as the L2−norm between the
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Fig. 2: Communication cost at a camera node ci vs. number of
consensus iterations. Comparison of the computation cost of
the Extended Kalman Consensus Filter (EKCF) [10], the Ex-
tended Information Consensus Filter1 (EICF1), the Extended
Information Consensus Filter2 (EICF2) and the Extended
Information Weighted Consensus Filter (EIWCF).

true and estimated target position after a given number of
consensus iterations [11]. We analyse the faster convergence
to the CEIF results.

A simulated target moving in a 500m×500m area which
is under observation of 9 cameras with overlapping FOVs is
considered. The FOV of each camera is assumed to be a square
region of 200m×200m around the camera. The state vector of
the target is given by xk =

[
xk yk vx vy δk

]T
. The

motion model of the target is as follows [14]:

xk+1 =


xk + vx,kδk + ax

δ2k
2

yk + vy,kδk + ay
δ2k
2

vx,k + axδk
vy,k + ayδk
δk + e


, (22)

where (xk, yk) is the target position on the ground plane;
(vx,k, vy,k) is the target velocity and δk is the time step
between two consecutive measurements. The target acceler-
ation, (ax, ay), is modelled as Gaussian noise. To account
for synchronisation errors among cameras we consider a
time uncertainty e, which is also assumed to be a Gaus-
sian variable. We consider the vector w = (ax, ay, e) as
the Gaussian noise vector with zero mean and covariance
Q = diag(

[
1 1 0.001

]
).

The measurement model of the cameras is:

zik =

[
uik
vik

]
=


Hi

11xk +Hi
12yk +Hi

13

Hi
31xk +Hi

32yk +Hi
33

Hi
21xk +Hi

22yk +Hi
23

Hi
31xk +Hi

32yk +Hi
33

+ vk, (23)

where (uik, v
i
k) is the pixel coordinates of the target in the

image plane of camera ci at time k. The values Hi
11, ...H

i
33 are
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(a) Sparse connectivity
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(b) Dense connectivity

Fig. 3: Connectivity types considered in the experiments.
Cameras are located in a 500m×500m area and are represented
as c1, .., c9. Their FOVs are represented by 200m × 200m
square regions and, the connectivity among the nodes is shown
using the blue lines between nodes.

the elements of the homography matrix and vk is the measure-
ment noise, which is considered to be Gaussian with zero mean
and variance R = diag(

[
5 5

]
). The homography matrix

values of each camera are taken from one of the cameras of
the APIDIS dataset1 whose values are:

Hi =

 397.2508 95.2020 287280
51.7437 396.9189 139100
0.0927 0.1118 605.2481


.

We perform the experiments for two types of network
connectivity. For the first network, the nodes are sparsely
connected with a low average network degree equal to 2
(see Figure 3a). We assume a very limited communication
range for the nodes. The second network considers dense
connectivity where the degree is higher than the previous case
(see Figure 3b). The communication range is larger and each
node communicates with more than two nodes. This setup
assumes direct communication between overlapping cameras.
For each network, 20 target trajectories are generated (see
Figure 4a and 4b), where each track is estimated using 20
simulation runs. These two cases are necessary to analyse
accuracy or speed of convergence with a varying degree of
connectivity. The experiments are conducted assuming no

1http://www.apidis.org/Dataset/
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(b) For dense connectivity shown in figure 3b.

Fig. 4: Sample trajectories used in the experiments.

packet losses or link failures in the network.
Figure 5a presents the mean tracking error of the filters for

the network shown in Figure 3a. Figure 5b shows the same
results with focus on our new filters. Figure 6a presents the
mean tracking error of the filters with the setup shown in
Figure 3b. Figure 6b shows the same results with focus on
our new filters. By analysing the tracking error with different
filters (Figure 5a and Figure 6a), it can be observed that the
newly developed distributed filters perform better than EKCF.
EICF2 converges to the optimal centralised estimate faster
than EICF1 because EICF2 considers neighbours information
also. Both EICF1 and EICF2 outperform EKCF, but still the
performance of EIWCF is higher compared to EICF1 and
EICF2, which do not take the redundancy into account. Only
EIWCF converges to the optimal centralised estimate because
the prior information (which holds redundant data) and the
measurement information are weighted properly to avoid the
effect of redundancy. It can also be observed that, with the
increase in degree of connectivity, the speed of convergence
increases for all filters (see Figure 5a and Figure 6a).

VI. CONCLUSIONS AND FUTURE WORK

Three major problems in consensus-based distributed track-
ing for camera networks are non-linearity, naivety and redun-
dancy. Algorithms such as the Information Weighted Consen-
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Fig. 5: Comparison of accuracy for sparse connectivity shown
in Figure 3a. The compared filters are the Extended Kalman
Consensus Filter (EKCF) [10], the Extended Information
Consensus Filter1 (EICF1), the Extended Information Consen-
sus Filter2 (EICF2) and the Extended Information Weighted
Consensus Filter (EIWCF). Figure 5b is zoom of Figure 5a
with focus on the proposed filters EICF1, EICF2 and EIWCF.

sus Filter (IWCF) take into account the presence of naive
nodes and redundant information in the network by weighing
the prior and the measurement information of a target under
consideration and perform better than the Kalman Consensus
Filter (KCF). However, these algorithms are only suitable for
linear systems. As the measurement model of a camera is non-
linear, Kalman Filter-based algorithms cannot be used. Non-
linear filters such as the Extended Kalman Consensus Filter
(EKCF) do not address naivety and redundancy.

In this work, we firstly proposed the Extended Information
Consensus Filter (EICF) by combining the Extended Informa-
tion Filter (EIF) and Information Consensus Filter (ICF). The
proposed filter performs weighted averaging while addressing
the problem of naive nodes and non-linearity. To overcome
the redundancy problem, we also proposed the Extended
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Fig. 6: Comparison of accuracy for dense connectivity shown
in Figure 3b. The compared filters are the Extended Kalman
Consensus Filter (EKCF) [10], the Extended Information
Consensus Filter1 (EICF1), the Extended Information Consen-
sus Filter2 (EICF2) and the Extended Information Weighted
Consensus Filter (EIWCF). Figure 6b is zoom of Figure 6a
with focus on the proposed filters EICF1, EICF2 and EIWCF.

Information Weighted Consensus Filter (EIWCF) by combin-
ing the Extended Information Filter (EIF) and Information
Weighted Consensus Filter (IWCF). EIWCF handles naivety,
redundancy and non-linearity, and achieves faster convergence
by properly weighting prior and measurement information.
However, it requires the knowledge of the number of nodes in
the network. The performance of the EICF and the EIWCF is
analysed via simulated wireless camera networks. The results
show that the proposed approaches outperform the EKCF and,
with additional communication and computation cost, they
converge to the centralised result.

As future work, we will explore reducing the communi-
cation and the computation overhead required by the average
consensus. Handling dynamic link structure and asynchronous
networks are some other possible future works.
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