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Abstract Though image processing algorithms are sophisticated and provided as software libraries, it is still diﬃcult to assure that complicated programs can work in various situations. In this paper, we propose a novel global
pose estimation method for network cameras to actualize auto-calibration.
This method uses native information from images. The sets of partial information are integrated with particle ﬁlters. Though some kinds of limitation
still exist in the method, we can verify that the particle ﬁlters can deal with
the nonlinearity of estimation with the experiment.

1 Introduction
Systems that contain many cameras have been utilized in various situations
for decades. In recent years, especially, such a multiple camera system becomes close-to-home by appearance of network cameras, which can be connected to IP-based networks. In this paper, we propose a novel method that
estimates relative poses of some monitoring cameras that are installed in a
room environment. The diﬃculty of this problem is that the cameras are
not always rigidly ﬁxed in an environment. In the case of two cameras that
are ﬁxed for stereophonic vision, the method for calibration is established.
Data association problems can be easily solved by cutting-edge methods in
OpenCV [1], and the positions of corresponding points in the images bring
internal and external parameters of the cameras [2, 3].
In the case of distributed cameras, however, its diﬃcult to distinguish
whether images from two cameras contain a common part. It is diﬃcult to
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set a threshold for this judgement and errors always happen. The risk of
occlusion enhances. Resultingly, their poses can be measured robustly only
from simple information. Moreover, each relative pose of every pair of cameras should be calculated without contradiction. Though we can think that
internal parameters of network cameras are calibrated by their vendor, it
will be not precise. Therefore, we need a method that roughly and robustly
estimates external parameters of each camera. After rough estimations, the
precise calibration method can be done by data association.
The proposed method deals with these problems by utilization of particle ﬁlters. This method integrates partial information into poses of cameras
gradually through observations of a moving robot. Particle ﬁlters can handle
nonlinearity of this problem with straightforward algorithms. The proposed
method also provides a modiﬁcation procedure for contradictions between
estimation results.

2 Pose Estimation of Multiple Cameras
A camera system is mathematically deﬁned in this section. As shown in Fig.1,
we assume an environment that has cameras {Cami |i = 1, 2, . . . , n}. Since
the elements of the proposed method can be explained with three cameras,
only three cameras: Cam1 , Cam2 , Cam3 are considered in this paper for simplicity. A Cartesian coordinate system Σi is related to each Cami (i = 1, 2, 3).
Though there is no requirement, the z-axis of each coordinate system is identical with the optical axis of each camera.
We assume that every pair of the cameras have an intersectional part
in their ﬁelds of view. There is an object that can be observed from the
cameras continually in the environment. The 3-dimensional (3D) position
of this object is represented as i pobj in the coordinate system Σi . When
Cami is observing the object, measurements of the position are obtained
continually. A measurement by the computer that obtains an image from

Fig. 1 Assumed Camera System

Fig. 2 Flow of Whole Algorithm
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Cami is represented as i ζ = (i mx i my i mz )T in Σi . The diﬀerence |i pobj −i ζ|
means a measurement error.
We assume that all of the three values: i mx ,i my and i mz can be measured
with some extent of errors. If the object is a point, only two variables can
be known in general. In the case where the size of the object is known, or
in the case where the object moves in a ﬂat ﬂoor, three variables can be
measured. However, this assumption is too strong and it should be removed
in the next version. In this paper, the robustness of the proposed against i mz
is discussed.
We want to solve the poses of all cameras. In this paper, relative poses
between Cam1 , Cam2 , Cam3 are estimated.
The relation between two camera coordinate systems Σi , Σj (∀i, ∀j) is
represented by the following homogeneous transform matrix:
i

Rj i pj
i
Tj =
,
0 1
where i Rj and i pj denote a 3 × 3 rotation matrix and a translation vector
from Σj to Σi respectively. Positions of the object in Σi and Σj fulﬁll
j


i
pobj
pobj
i
= Tj
.
(1)
1
1

3 Estimation with Particle Filters
In this section, we propose a novel method that estimates the homogeneous
transform matrices robustly. We show beforehand the ﬂow of the proposed
method in Fig.2. This method receives a pair of measurements from two
cameras in sequence. The measurements are used for the pose estimation in
the following procedures: sampling on measurement and filtering on measurement. In the ﬂow, we can see the geometric sampling procedure, which is one
of the most important features in this method.

3.1 Particles
A particle in a particle ﬁlter is composed of a point estimate and its weight.
When a particle ﬁlter estimates a homogeneous transform matrix from Camj
to Cami , particles in the particle ﬁlter can be deﬁned as
tij = (i Tj , wij ) (n = 1, 2, . . . , N ),
[n]

[n]

[n]
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Fig. 4 Sampling based on Measurements by Two Cameras

Fig. 3 Relations used by the
Proposed Method

where the homogeneous transform matrix i Tj

[n]

is the point estimate in six

[n]

dimensional parameter space and wij is the weight respectively. The set of
the particles is represented as Tij in this paper. Tij can be changed to Tji
when every particle in Tij is transformed as
j

[n]

Ti


=

i

[n]

Tj

−1

[n]

[n]

, wji = wij .

Since a homogeneous transform matrix is represented by six parameters, we
can assume a six-dimensional space where particles distribute. This space is
frequently called the 6D space hereafter.

3.2 Information for Estimation
In Fig.3, some links are written between the object and cameras, which are
also shown in Fig.1. Two cycles can be also seen in the ﬁgure. Two kinds of
information for estimation can be obtained from them.
The cycle 1 indicates that information can be obtained by simultaneous
measurements of the object from two cameras for estimating a homogeneous
transform matrix. This information is based on the following equation:
i

ζ =i Tjj ζ

(i = 1, 2, 3; j = 1, 2, 3; i = j)

(2)

if the measurements are accurate. Since this information is partial, some
measurements of the object in diﬀerent points are required for solving i Tj .
The cycle 2 implies the following geometric constraint:
I =1 T22 T33 T1 .

(3)

This relation can be used when the number of cameras are more than two.
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3.3 Algorithms
A: Sampling on Measurements. Here we consider the case where two
cameras: Cami and Camj measure the position of the object simultaneously.
The measurements are i ζ and j ζ respectively.
The ﬁrst step of the proposed method is to sample possible matrices
i [n]
Tj (n = 1, 2, . . . , N ) in the 6D space by using the measurements. In the
sampling, measurement errors in i ζ and j ζ is considered. The matrices must
be sampled fairly from a possible set of matrices that fulﬁll Eq.(2). Figure
4(a) illustrates errors on measurements. As shown in this ﬁgure, the object
is usually observed with errors.
We put the error model into a probability distribution p(i ζ|i pobj ) (i =
1, 2, 3). In many cases, this distribution can be decomposed into a distribution
of the measurement error on the position of an image plane and that of the
distance. When the optical axis of Cami is identical to z-axis of Σi , this
decomposition can be represented as
i
 


mx i my  i x i y
i m2 +i m2 +i m2  i x2 +i y 2 +i z 2 .
p(i ζ|i pobj ) = p i
,
,i
p
i i
x
y
z
mz mz z z
(4)
The two distributions in Eq.(4) are assumed as Gaussians in this paper. On the image plane (xy-plane), we assume that the distance between
(i x/i z,i y/i z) and (i mx /i mz ,i my /i mz ) is distributed with a standard deviation σimage . The distribution of distance errors is represented by σdist .
The ﬁrst step of sampling is to obtain random values from the measurement model: Eq.(4). When i ζ and j ζ are obtained, a pair of procedures:
i [n]

p

∼ p(i pobj |i ζ) and

j [n]

p

∼ p(j pobj |j ζ)

are executed, where ∼ denotes a sampling based on the distribution of the
right side. p(j pobj |j ζ) has the identical form with p(j ζ|j pobj ). We assume
that sampled positions: i p[n] and jp[n] fulﬁll Eq.(1) as
i


j [n]   [n] [n]  j [n] 
i
p[n]
p
p
Rj i pj
[n]
=i Tj
=
.
1
1
1
0
1

This equation contains the following important relation:
|i p[n] −i pj | = |j p[n] |.
[n]

From the above equation, a translation vector i pj can be sampled randomly.
[n]

i [n]
pj

possibly denotes the position of Camj in Σi . Figure 4(b) illustrates this
sampling intuitively.
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Fig. 5 Geometric Sampling

Next we must choose a rotation matrix i Rj . This matrix possibly denotes
the direction of Camj in Σi . The procedure for this sampling is as follows.
This procedure is composed of tens of geometric calculations.
[n]

1. A coordinate system Σtmp is considered for convenience. The origin of
[n]
Σtmp is at i pj in Σi . And its z-axis points i p as shown in Fig.4(b).
2. z-axis of Σtmp is rotated randomly.
3. The directions of x-axis and y-axis are adjusted as the measurement result
from Camj becomes j p[n] .
The above procedure is iterated N times, i Tj

[n]

(n = 1, 2, . . . , N ) are sam[n]

pled. We can then obtain a set of particles: Tij = {tij |n = 1, 2, . . . , N }. The
[n]
tij

weight
of every particle is set to 1/N if there is no other information.
B: Filtering on Measurement. For further estimation, the proposed
method utilizes a ﬁltering based on Bayes rule for further estimation.
We consider a case where i ζ and jζ are obtained again. The ﬁltering process
changes the weight of every particle in Tij with the following equation:
wij = ηp(i ζ,j ζ| i Tj ),
[n]

[n]

where η is a value for normalization. This probability can be interpreted as
wij = ηp(i ζ| i Tj
[n]

[n] j

ζ) or wij = ηp(i Tj
[n]

[n] j

ζ|i ζ)

with the measurement model p(i ζ|i pobj ). We use the right side of the above
equations in the implementation.
Each particle ﬁlter eludes a bias of weight by using a resampling algorithm
after ﬁltering [4]. Moreover, we add an algorithm that slightly perturbs matrices of a part of particles. This algorithm relaxes concentrations of particles
after every resampling process.
C: Geometric Sampling. We add another sampling procedure to the
proposed method though estimation of a homogeneous transform matrix between two cameras is possible by the above procedures. The additional procedure can remedy a problem pertaining to particle ﬁlters. The problem is
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that particles frequently converge at a wrong place in the space of estimation.
This problem has been discussed in the context of mobile robot localization
[5, 6].
Fortunately, the cycle 2 in Fig.3 becomes a key for this problem. In the
geometric sampling, which is proposed here, some particles are replaced based
on this cycle. The procedure of geometric sampling is illustrated in Fig.5. At
ﬁrst, two particles are chosen randomly from each set of particles: Tik and
[n ]
[n ]
Tkj . Secondly, the particles: tik and tkj are used for a choice of a particle
[n]

tij whose homogeneous transform matrix is
i

[n]

Tj

[n ] k

= i Tk

[n ]

Tj

.

This equation is based on Eq.(3). Finally, a particle in Tij is chosen randomly
and replaced by this particle.

4 Evaluation with Simulated Measurements
We investigate robustness of the proposed method with noisy measurements
that are generated by a simulator. The conditions of simulation are as follows.
• There are three pan/tilt cameras in a room shown in Fig.6. When a coordinate system Σ in Fig.6 is considered, positions of the base of the cameras
are explained by the (x, y, z) coordinates shown in the ﬁgure.
• Each camera observes a moving robot. Its position i ζ can be measured
from Cami . The distance from the robot to a camera can be stochastically
calculated with the width of the robot in an image. The position of the
robot is changed randomly every time step. A pair of cameras observes
the robot simultaneously. The cameras are chosen randomly.
We consider three particle sets: T12 , T23 , T31 . Each of them includes 10000
particles. After a ﬁltering on measurement, 1[%] of the particles in each set are
slightly perturbed. The position and orientation is moved at most 0.05[m] and
5[deg] respectively. In the geometric sampling, 1[%] particles are resampled.
We variously change the value of σdist and σimage , which are the parameters
of noises. In this simulation, these standard deviations are used for adding
to noise to simulated measurements, and also used as the parameters of each
particle ﬁlter.
[n]
When Σi is ﬁxed, coordinate systems: Σj (n = 1, 2, . . . , 10000) can be
[n]

written from each particles in Tij . Estimations Σj and the actual Σj are
compared for evaluation of the estimation. To evaluate the error, we use the
following values: 1) the distance between the origin of Σj and the average
[n]
position of origins of Σj and 2) the average diﬀerence of angle between the
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Fig. 7 Roomba Red made by iRobot
and Its Recognition

Fig. 6 Simulation Environment

Table 1 Estimation Errors after 1000[step]
σdist [m] 0.1 0.1 0.1 0.2
σimage 0.05 0.1 0.2 0.05
positional error [mm] 55 119 444 164
rotational error [deg] 0.9 2.8 7.3 3.1

0.2
0.1
164
2.6

0.2
0.2
256
6.6

0.4
0.05
635
14.7

0.4
0.1
522
10.4

0.4 1.0 1.0 1.0
0.2 0.05 0.1 0.2
329 3153 2444 1915
6.6 69.6 50.3 43.6

[n]

z-axis of Σj and that of each Σj . They represent the transition error and
the rotational error respectively.
The accuracy and robustness of the particle ﬁlters are evaluated here with
various extents of noise. The estimation results after 1000 steps are compared
in Table 1. Values in this table are average results of three particle ﬁlters.
As shown in this table, relation between error of distance and estimation
error is remarkable. This problem is a well-known problem on calibration
of external parameters. We need an additional algorithm in the proposed
method to solve this problem in this stage.

5 Evaluation with Actual Measurements
In the experiment, a red Roomba shown in Fig.7(a) is measured from
three cameras. We have used three pan/tilt cameras (SNC-RZ50N made by
Sony) ﬁxed on the ceiling of a room. We deﬁne camera coordinate systems
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Fig. 8 Positions of Roomba Observed in 10
Minute Trials
Fig. 9 Averaged Progression of Estimation

Σi (i = 1, 2, 3), whose z-axes are perpendicular and directed to the ﬂoor. The
locations of Σ2 and Σ3 in Σ1 are shown in Fig.8.
We take 12 trials. In a trial, the Roomba runs the environment for 10[min].
Figure 8 shows two examples of the path observed from cameras. Every camera tracks the Roomba and measures its position. When a pair of the cameras
can measure the Roomba simultaneously, the values of the measurements are
recorded. 1, 400 pairs of measurements are obtained per one trial.
Figure 7(b) shows a recognition result of the Roomba from one of the cameras. In the image processing for this paper, diﬀerently from the simulation,
the height of the room is used for calculating the position of the Roomba.
The value of z of every measurement is ﬁxed to 2.44[m].
The root-mean-square (r.m.s.) error of all position measurements in the
12 trials is 70[mm]. We use looser values for the measurement model for
rough but robust estimation. The values are σdist = 0.2[m] and σimage = 0.05.
Though z values of the measurements are ﬁxed, we never use this information.
In each trial, statistics of T12 , T23 , T31 are recorded at every input of a
measurement set. In Fig.9, we show the total result of 12 trials, which contain
36 estimations. Each point and the vertical bar indicate r.m.s. error and the
one sigma range of the errors in 36 estimations respectively. On the average,
the estimations are improved monotonically in the ﬁrst few minutes.
Figure 10 shows the process of estimation errors in a trial. Since the diﬀerence of height between each camera and the robot is known, particles converge
near actual parameters only one minute after the robot starts moving. When
the geometric sampling is not used, however, we cannot obtain meaningful
result as shown in Fig.11.

10

Ryuichi Ueda, Stefanos Nikolaidis, Akinobu Hayashi, and Tamio Arai

0.5

0.5

0.4

0.4

0.3

0.3

0.2

0.2

0.1

0.1

0.0

0.0

8

8

6

6

4

4

2

2

0

0

Fig. 10 Progression of Estimation on a
Trial

Fig. 11 Progression of Estimation without
the Geometry Sampling

6 Conclusion
We have proposed a novel method for estimating the poses of three or more
numbers of cameras. Each camera observes only one object, and measures
the position of the object. The measurements are reﬂected to the particle
ﬁlters, which estimate relative poses of pairs of cameras. The distributions
of particle ﬁlters are amended through the geometric sampling. Through this
sampling algorithm, robust convergence can be realized.
We have evaluated the proposed methods with the measurements of an
object in a simulation and in the actual world. In the 12 trials, the relative
poses of each pair of cameras are estimated with 0.18[m] and 2.1[deg] error.
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