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Abstract—Several non-linear state estimation methods such
as extended Kalman filter, cubature Kalman filter, and unscented
Kalman filter are used to track objects in visual sensor networks.
These conventional non-linear state estimation methods require
the accurate knowledge of the object’s initial conditions, process
and measurement models, and corresponding noise characteris-
tics. Often, the object trackers used in a visual sensor networks
may not be provided with this knowledge. In this work, we
propose a square root cubature H., information Kalman filter
(SCHIF) based distributed object tracking algorithm. The H
method requires neither the exact knowledge of noise charac-
teristic nor accurate process model. The information filters can
be used without the knowledge of accurate initial conditions
and it also makes the measurement update step computationally
less complex in the distributed process. Finally, the square root
version makes the filter numerically stable. Furthermore, the
cameras in the network exchange their local estimates with other
cameras. In the last step, the cameras fuse the received local
estimates to obtain a global estimate of the object. Hence, the
proposed method constitutes a more robust and efficient solution
for the targeted application compared to the traditional methods.

I. INTRODUCTION AND MOTIVATION

Object state estimation is an extensively studied topic in
the field of object tracking in visual sensor networks (VSN).
A VSN is a camera network of spatially distributed smart
cameras with or without a central processing unit [1]. The in-
dividual cameras autonomously retrieve, process, and analyze
the data locally. In addition, the cameras can communicate with
each other and work cooperatively to achieve a decision within
the network, e.g. on the object’s state. The distributed tracking
approaches make use of the diversity of the observations
from different cameras in the network to improve the tracking
efficiency.

Several distributed tracking methods are presented in the
literature. In [2], the tracking is done locally at each camera
and the locally estimated states are then aggregated into a
joint state through a consensus algorithm. In [3], authors
integrated the consensus algorithm to a distributed Kalman
filtering approach, forming the Kalman consensus filter for
limited range camera networks. The extended Kalman filter
(EKF) based object tracking is presented in [4]. The authors
in [5] presented the information weighted consensus based
distributed object tracking. In [6], a distributed object tracking
based on the cubature Kalman filter (CKF) is presented.
There, it is shown that the CKF is an appealing choice for
object tracking compared to the EKF and unscented Kalman

filter (UKF). However, the state estimation methods used
in the above-mentioned tracking algorithms require accurate
knowledge of the object’s process model, initial conditions,
and noise characteristics. Any uncertainty leads to unstable
and inefficient state estimation, and subsequently, bad tracking
results.

Recently, researchers have developed intuitive and robust
extensions to the conventional state estimation methods in or-
der to encounter the above-mentioned problems. For example,
the H,, [7] method minimizes the estimation error in the
worst case noise conditions and initialization error. It requires
neither the exact noise characteristics nor the exact process
model. The information filters [7] propagate the information
vector and information matrix instead of the corresponding
state vector and error covariance. They can be used without
having the accurate knowledge of initial conditions and also
make the update step computationally less complex. Hence,
the information filters are preferable choice for distributed
implementations in multi-sensor networks such as VSN.

The authors in [8] presented the multi-sensor cubature H
information filter (CHIF). They have shown that this approach
improves the tracking efficiency compared to the extended H,
information filter (EIF) and unscented H., information filter
(UIF). However, this algorithm requires the preservation of
positive definitiveness and symmetry of the information matrix
in each iteration. The CHIF involves numerical operations such
as matrix inverse and square rooting which can destroy the
above-mentioned properties of the information matrix. In this
paper, we propose a square root version of the CHIF (SCHIF)
which improves the numerical stability of the algorithm by pre-
serving the fundamental properties of the information matrix.
Hence, the SCHIF provides not only better accuracy but also
the improved robustness compared to the traditional methods
such as the CKF.

The objective of this paper is to propose a distributed
SCHIF based object tracking approach in a VSN. The cameras
in the VSN have overlapping field of views (FOV). Each
camera can detect and track objects in its FOV. Since the
cameras are assumed to be calibrated, each camera is able to
measure the coordinates of the object’s position on the image
plane. The SCHIF runs locally on each camera to estimate
the ground plane position of the objects in its FOV. The local
SCHIF estimate the states and error covariance in the form of
information vector and information matrix, respectively. The
cameras exchange the locally estimated object’s information
contribution vectors and square root information contribution



matrices among themselves. In a final step, the participating
cameras aggregate the information contribution vectors and
subsequently, the object global states.

The remainder of this paper is organized as follows: Sec-
tion II describes the object’s motion model and measurement
model in a VSN. Section III presents abstract theoretical con-
cepts of the sequential Bayesian estimation including the CKF,
information filtering, and H, filter. Section IV presents the
SCHIF algorithm with necessary mathematical descriptions.
Section V and Section VI present the simulation results and
the conclusions, respectively.

II. SYSTEM MODEL

In this work, we consider a VSN consisting of a fixed set
of calibrated smart cameras c;, where ¢ = 1,2,--- ,C with
overlapping FOVs as illustrated in Fig. 1.

Visual sensor network.

Fig. 1.

The task of the object tracker in a VSN is to monitor the
given environment and to identify and track a specific object
0j, where j = 1,2---,0. This is achieved by a distributed
tracking algorithm performed by each of the cameras c; in the
network. As these cameras are calibrated, there exists a homog-
raphy to calculate the object’s position on the ground plane.
Re-identification and data association of the objects at any
camera are typical features of the distributed tracking. They
can be achieved with the help of the position on the ground
plane in case of overlapping FOVs, or with appearance features
calculated in the tracking process. Since the main goal of the
work is to present and evaluate the object tracking algorithm
in the state estimation perspective, we assume perfect object
re-identification and data association.

The state of an object o; comprises of its position and
the velocity on the ground plane. Thus, the state at time k is
described as x;’ = L;Jc;] vy &y vy } , where j and i represent
the identity of the object j and the camera %, respectively. The

state transition or motion model of the object o; at camera i
and time k£ + 1 is given as
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where 2 and § are the acceleration of the object in « and y
directions that are modeled by the independent and identically
distributed (IID) white Gaussian noise vector w;’ with covari-
ance Q}’. 4 is the time interval between the two measurements.

The state of the object is estimated from a set of measure-
ments taken at each time step k. The measurement equation
of the object o; at camera ¢ and time k is given as

2/ =hY (x}'j ) v, )

where sz is an IID measurement noise vector with covariance

R;’. The measurement function h;’ is the non-linear homog-
raphy function which converts the object’s coordinates from
the ground to the image plane. The motion model (1) and
measurement model (2) considered in this paper are taken from

[9].

III. NON-LINEAR STATE ESTIMATION

The Bayesian method estimates the state vector xj (The
superscript ¢j is avoided for the sake of simplicity) as the
expectation of the posterior probability density function (PDF)
P (Xk | 1) [10]. The sequential Bayesian estimation has two
primary steps at every time instance k:

e  State prediction:
Predict the state at k£ from the posterior PDF at k — 1.

P (X | Zp—1) = /p(kal | Ze—1) p (Xk | Xp—1) dX—1. (3)

e  Measurement update:
Upon receiving the measurement z;, correct the pre-
dicted state.

P (Xk | 2p—1) P (21 | Xp)
POk = T e T (o [ xy e @
Under the assumptions of linearity and additive Gaussian
noise, the integrals in (3) and (4) can be solved by using
the KF. Otherwise, these integrals are intractable. Often, the
non-linear state estimation methods such as the EKF, UKEF,
CKF and particle filters are used to approximate them. The
efficiency and complexity of these methods depend on the
corresponding approximation methodology used. In general,
the Monte Carlo approaches such as the PF are more accurate
and computationally complex than the EKF, CKF and UKF.
However, the CKF is an appealing option for object tracking
in a VSN in terms of tracking efficiency and complexity [6].
On the other hand, the CKF requires accurate knowledge of
the object such as initial conditions, noise characteristics, and
so on. The accurate knowledge of moving objects in a VSN

is not readily available in the real time application.

The cubature H, information filter (CHIF) has the ability
to deal with the above-mentioned problem. In general, cubature
filters are the derivative free non-linear filters. The information
version of CKF is not only easy to initialize but also preferred
in multi-sensor networks such as a VSN due to relatively
easy measurement update step compared to the conventional
filters. The H,, requires neither the knowledge of the noise
characteristics nor the accurate process model. It can deal with
uncertain noise conditions and modeling errors of an object’s
motion in a VSN. The remainder of this section briefly explains
the CKF, information filters, and H-infinity filters.




A. Cubature Kalman Filter (CKF)

The CKF is an approximation of the Bayesian filter. Under
the assumption that the process and the measurement noises
are additive Gaussian, the integrals in (3) and (4) become
multi-dimensional Gaussian-weighted integrals of the form

I(f)= /R f (x) exp (—x"x) dx. 6))

The third degree spherical radial cubature rule is used to ap-
proximate this type of integrals. This rule uses spherical-radial
transformation to change the variables from the Cartesian to
the Radial as: x = rz with zTz = 1, such that x'x = r2
for » € [0,00). Then, the integral (5) can be numerically
approximated by
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where n is the dimension of the vector x and &; is the l-th
cubature point located at the intersection of the surface of n-
dimensional unit sphere and its axes. This rule can be extended
to solve the prediction and posterior PDFs that are in the form
of standard Gaussian with mean X and variance P. Refer [11]
for the complete derivation of the CKF.
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B. Information Filters

The information filter is an alternative version of the KF.
In information filtering, the information vector and information
matrix are computed and propagated instead of the state vector
and error covariance. The information matrix and information
vector at each iteration k are given

Y, =P, ", (8
Vi = YiXy, 9

where X;, and P, are state vector estimate and error covari-
ance matrix, respectively. The information filters are easy to
initialize compared to conventional filters when the initial con-
ditions are not known. Moreover, the relatively low complex
measurement update makes them preferable for distributed
applications. The cubature information filter (CIF) is presented
in [12].

C. H, Filter

The H, filter is based on the game theory approach which
estimates a linear combination of the state variables

Iy = Lixg, (10)

where Lj is a user defined full rank matrix. If L becomes
identity matrix then, the state vector is estimated. The H,
filter is designed to minimize the state estimation error under
the worst case wy, Vi, and Xg in such a way that the cost
function J, is bounded by a error attenuation factor v > 0.
The cost function J, is given as
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where Si, Pal, Q,;l, and R,;l are user defined weighting
matrices based on the problem. The H, filter can deal with
unknown noise parameters and process model.

The above-mentioned three methods can be intuitively
combined to yield a more robust and efficient filter. The
authors in [8] presented the cubature H,, information filter
(CHIF). This algorithm requires the preservation of positive
definitiveness and symmetry of the information matrix in each
iteration. The CHIF involves numerical operations such as
matrix inverse and square rooting which can destroy the above-
mentioned properties of the information matrix. In this paper,
we propose a square root version of the CHIF (SCHIF) which
improves the numerical stability of the algorithm by preserving
the fundamental properties of the information matrix.

IV. SQUARE ROOT CUBATURE H., INFORMATION FILTER
(SCHIF)

Before presenting SCHIF, we briefly introduce some math-
ematical relations and notations. Let Y be the information
matrix

Y=P =8,/ (12)

where P and S, are error covariance and square root of the
information matrix, respectively. Let S be the square root of
the error covariance
P =Ss”. (13)
From (12) and (13), we yield
S=S,"=y=Yx=P 'x=5""S"x. (14)
From (12), (13), and (14) the error covariance and information

matrix can be replaced with their corresponding square roots.
The SCHIF algorithm has two steps at each time instant &£+ 1.

A. Time Update

Assume that the estimated information vector Yy, and
square root of the information matrix S, j; from the pre-
vious iteration k are known. Compute the square root error
covariance as

Skik = S;f‘k. 15)
Calculate the state estimate at time k
Xelk = SkikSkipYe k- (16)

Compute the cubature points [ = (1,2, ...,2n) using X)), and
Sk\k as
Cklk = Skikét + Xkks (17)

where n is the length of the state vector. & represent the [-
th intersection point of the surface of the n-dimensional unit
sphere and its axes. These cubature points are propagated
through the process model as

X pr1pe = fr (Core) - (18)

Calculate the predicted state as

1 2n
§k+1\k =5, szk-i-l\k' (19)
=1

Calculate the square root of the predicted error covariance as

Skt1k = Tria [My1 Sqkr+1], (20)



where Sq 11 is the square root of the process noise covariance
Qg 1. The function Tria is a triangularization algorithm such
as QR decomposition (for details refer to [11]). The predicted
weighted centered matrix My is given as

1., R . R
M1 = Ton X1kt — Xkt 1lk X5 pr1jk — Xkt1[k
. _
X gk — Xkt1gk) (2D

Compute the square root of the predicted information matrix
and predicted information vector

-7
Sy,k-l—l\k = Ok+1]k (22)
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Y1)k = Syk+116Sy k1|6 Xk+1]k- (23)

B. Measurement Update

Upon receiving the measurement z 1, the cubature points
are calculated using the predicted state §k+1| r and the square
root of the predicted error covariance Sy, as

itk = Sk 1(k€l + X 1]k- (24)

Propagate the cubature points through the measurement func-
tion

2y e = Mt (et r+1lk) - (25)

The predicted measurement is calculated as

2n
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The cross covariance is calculated as

2n
1
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The square root factor of the information contribution matrix
is calculated as

Sl = Sy,kJrl\kS£k+1|kPrz,k+1\kS}_{?]—;+1a (28)

where Sg 111 is the square root of the measurement noise co-
variance matrix. Compute the information contribution vector

ivi 1 = SIk+1S§£+1 (Zk+1 */Z\k-&-l\k)
+ SL 1 ST Xy (29)

The updated information vector is
Vit 1jb41 = Y1)k T Vit1. (30)
Compute the square root of the updated information vector
1
Syrsipp = Tria [Sype Sl (-2 1], G

where ~ is error attenuation factor and I is the n-dimensional
unity matrix.

C. Distributed Measurement Update

Let the VSN has C' cameras. Each camera ¢; has a local in-
formation contribution vector and square root information con-
tribution matrix (iv; x+1,SL; k41), where ¢ = {1,2,--- ,C} as
shown in (29) and (28), respectively. The global information
vector and square root information matrix at each camera c;
are calculated as

c
Yihtilh1 = Yikt1k T Zivi,k+la (32)
i=1
Siyktijk+1 = TriafS;y pr1k Shigsr (33)
1
Slegp C(—y72)2 1. (34)

The pseudo algorithm of the object tracking based on the
distributed SCHIF is given in Algorithm 1

Algorithm 1 SCHIF Pseudo Algorithm

Initialize the filter at each camera c; with (?i,0|07 Siyy0|0),
where i € c={1,2,--- ,C}

At each time step k + 1 and each camera c; the posterior
information vector and information matrix (3’\1 |l Siy k|k
from time k£ are known

fori=1to C do

Perform time update > refer to IV-A

[§i7k+1|kasiy,k+1|k} =TU {yi,mmsiy,k\k

Upon receiving the measurement z; 311, perform measure-
ment update > refer to IV-B

[ivi k+1,SL g41] =MU yi,k+1|k»Siy,k+1\kazi,k+l}

Send [iv; +1,SL; k+1] to all the other cameras ¢ in the
network, where ¢ € ¢ and £ # i

Receive [ivy j+1,SIp ,+1], from the other cameras ¢ in the
network, where ¢ € ¢ and ¢ # i

Fuse the received information > refer to IV-C
[yi,k+1|k+1vsiy,k+1|k-+1] = DMU[ivi.c k41, Shi.c k1)
Find the global state
X; =S, sk y;
k41 k+1 = Oiy k+1|k+1iy k+1|k+1Y4 k+1|k+1

end for




V. SIMULATION RESULTS

In this section, we discuss the efficiency of the SCHIF
based distributed object tracking in comparison with the square
root cubature information filter (SCIF), square root unscented
information filter (SUIF) and square root CKF (SCKF) based
distributed object tracking. The simulation considers a VSN
with five cameras having overlapping FOVs as shown in Fig. 2.
All of the cameras can partially observe zy-plane, where
x € [0,500] and y € [0,500]. The motion of the objects
is modeled by a constant velocity with Gaussian distributed
acceleration as given in (1). The ground truth of the position
of the object is simulated by assuming the process noise
covariance Q;’ and measurement noise covariance R;’ are
diag (10,10) and diag (1, 1), respectively. Each camera ¢; has
its own homography function h’. Since we assume the fixed
cameras, the homography of a camera does not change with
time k£ and object j.
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Fig. 2. Comparison of the tracking accuracy of the distributed object tracking
methods based on the SCHIF SCIF, and SUIF.

In first scenario, the efficiency of the distributed object
tracking methods based on the SCHIF, SCIF and SUIF is
compared. Fig. 2 illustrates the estimated position of the object
using all the three methods by the camera located at [300, 380]
compared to the ground truth. The accurate knowledge of the
process noise Q;’ and measurement noise R}’ is considered to
be unknown to the filters. Hence, in the estimation process, the
filters at all the cameras assume the process noise covariance
Q;’ and measurement noise covariance R}’ to be diag (20, 20)
and diag(2,2), respectively. The number of cameras that
can observe the object at each time step k varies as shown
in Fig. 3(a). Each camera that can observe the object at
time k, performs the local estimation. The locally estimated
information contribution vectors and square root information
contribution matrices are exchanged among all the cameras
in the network. Then, Each camera performs the data fusion
as described in the Section IV to achieve the global state of
the object. The VSN is also assumed to be fully connected
with perfect communication links. Under these conditions, the
simulation result in Fig. 2 show that the SCHIF based object
tracking features a significant improvement over the SCIF and
SUIF based methods. Since, the SCIF is a special case of SUIF,
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(a) Number of cameras that can observe the object at each time k.
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(b) Average network RMSE of the estimated position of the object using the
methods based on the SCHIF, SCIF, and SUIF.

Fig. 3. Efficiency of the distributed object estimation methods based on the
SCHIF, SCIF, and SUIF in the considered VSN.

their tracking results are comparable.

Fig. 3(b) shows the average root mean square error (RMSE)
of overall network for all three distributed object state estima-
tion methods. The network RMSE is calculated by averaging
the individual RMSE of all the cameras in the network. To
achieve the statistical reliability, the average RMSE averaged
over a thousand simulation runs. Each simulation run con-
siders the same trajectory as shown in Fig. 2 with different
initializations. Hence, the number of cameras that can observe
the object in each simulation run does not change and it is
shown in Fig. 3(a). From Fig. 3, we can infer that the SCHIF
based object tracking outperforms the SCIF and SUIF based
methods. Moreover, the tracking efficiency of all the three
methods improves with increasing number of cameras. The
average network RMSE of the three methods is given in Table I

In second scenario, the efficiency of the the distributed
object tracking based on the cubature filters such as the SCHIF,
SCIF and SCKF is compared. The CKF based distributed



TABLE 1. AVERAGE NETWORK RMSE OF THE ESTIMATED POSITION
AND VELOCITY USING THE DISTRIBUTED OBJECT TRACKING METHODS
BASED ON THE SCHIF, SCIF, SUIF AND SCKF.

Method ARMSE (position) ARMSE (velocity)
SCHIF 12.7023 6.1814
SCIF 16.5198 7.8411
SUIF 17.1534 7.9823
SCKF 21.892 8.6678

object tracking is presented in [6]. The simulation considers
the same conditions as in the first scenario. Fig. 4 illustrates
average RMSE of the estimated position of the object using
the distributed cubature filters for different number of cameras.
The figure illustrates that the SCHIF based method clearly
outperforms the SCKF and SCIF based methods. At the same
time, all the cubature filters fundamentally have the same
efficiency when the accurate information about the system is
known.
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Fig. 4. Comparison of the tracking accuracy of the distributed object tracking
algorithms based on the SCHIF, SCIF and SCKF.

VI. CONCLUSION

In this paper, a distributed square root cubature H.,
information filter (SCHIF) based object tracking is proposed.
In a visual sensor network with calibrated smart cameras,
each camera tracks objects in its field of view using the local
SCHIF. Then, all the cameras in the network exchange the
locally estimated information contribution vectors and square
root information contribution matrices among themselves. The
global state at each camera is calculated by fusing the infor-
mation contribution vectors from all the cameras. In addition,
we also compared the efficiency of the this approach with
cubature Kalman filter, square root cubature information filter
and square root unscented information filter based tracking
methods using a simulation based analysis. Our results show
that the SCHIF based method outperforms the all the above-
mentioned methods in terms of the efficiency and robustness.
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