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Abstract—This paper presents the optimization of a camera
placement for improved localization accuracy. It is the basis of
a localization system aiming for high localization accuracy. This
goal is achieved using several cameras with very redundant fieldof-views. The paper presents the calculation of the localization
accuracy — which depends on the camera model and the pixel
quantizing error — at one specific point. A method is introduced
for handling areas in a probabilistic sense instead of examining
only one point. The accuracy can be improved by adding a new
camera to the system. The calculation of the optimal position of
the new camera at compliance to some restrictions is demonstrated. The Smart Mobile Eyes for Localization (SMEyeL)
project is open-source: the source code, all measurement input
data and documentation are public available.

I. I NTRODUCTION
Motion tracking with multiple camera systems has many
applications nowadays. Some examples are robotic swarm applications, human or wildlife tracking in surveillance systems
etc. Regarding the field of view of the cameras, there are
two main application directions: the ones with relative few
overlapping, and the ones with high redundancy in fields of
view. A typical application for the first is video surveillance
where the coverage of the system has to be maximized.
The second category consists of applications requiring 3D
reconstruction, or high accuracy in positioning or timing. The
proposed calculations aim this category.
A widely known field of computer vision is the P nP problem which stands for Perspective-n-Point problem meaning the
estimation of the pose of a calibrated camera from n 3D-to2D point correspondences. There are several papers about the
solution of the P 3P , P 4P or the generalized P nP problem.
Some of them are originating the P nP problem in the simpler
ones. There are given for this estimation iterative [1] and noniterative [2] [3] methods as well. In applications using feature
point-based camera tracking [4] [5] dealing with hundreds of
noisy feature points is required. Detailed summary about the
P nP can be found in [6]. All of these generalized methods
can be improved if the nature of the noise is known. Thus
our first goal is to determine the localization accuracy. The
calculated localization accuracy can be used to validate the
measured localization accuracy in [7].
Another popular topic is the object tracking. Assume that
we have an object tracking system with fixed and moving
cameras. If the movable cameras are precisely controlled by
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the system, their position and orientation can be determined
to improve the localization accuracy. Thus our second goal is
to calculate the optimal position of a newly added camera for
accuracy improvement. The movable camera can be handled
as it would newly added to the system containing the fixed
cameras. Of course there are limitations for the placement
of these cameras and these restrictions has to be applied
to the model. Using the motion prediction of the tracked
object during the camera movement can cause more accuracy
increase. Since the prediction is every time given in the form of
a density function, the calculation of the optimal position has
to deal with such an inaccurate position where the localization
has to be done. Thus our calculation of the optimal placement
is prepared for that.
In this paper we present the calculation of the localization
accuracy using several cameras. The localization error is
caused by the pixel quantizing error and that one camera
alone can not provide depth information. The determination
of the optimal position of a newly added camera is presented.
The usage of the density function is introduced. With this the
problem can be handled in probabilistic sense and operate with
an area instead of only one observed point.
Please note that the presented Smart Mobile Eyes for
Localization (SMEyeL) system is open-source. It is written
in C++ using the popular OpenCV [8] computer vison library.
Its source code, documentation and all the input data for the
presented measurements are available for download from our
homepage [9]. The remaining part of the paper is organized as
follows: section II introduces the calculation of the localization
accuracy caused by the pixel quantizing error. In this section
the following cases are presented: the localization accuracy
of one camera at one specific point, using several cameras
for one observed point, and examining an area with a density
function instead of only one point. Section III demonstrates the
calculation of the optimal position of the newly added camera.
Section IV contains the experimental results regarding localization accuracy and optimal position, and finally, section V
concludes the paper.
II. C ALCULATION OF THE POSITION ACCURACY
Assume that we have an object at location x. An estimation
of x has to be determined. For every x in the space the
accuracy of the localization can be calculated.
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At first we will have some definitions. After that the
accuracy will be calculated in case of using only one camera in
2D. This can be easily generalized to 3D. Next the accuracy
will be calculated in case of using a camera configuration
which contains several cameras for localization.
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A. Definitions
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Let one camera have the R rotation matrix and t translation
vector. This means, that
"
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T = T
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where T is the matrix of extrinsic parameters. A given x
point can be mapped from the world coordinate system into
the camera coordinate system:
x(c,h) = T · x(w,h) ,
(w,h)

x

f

(2)

(c,h)

where x
and x
are the representations of the x
point in homogeneous coordinates in the world and in the
camera coordinate system respectively. It can be noticed that
homogeneous coordinates are used only here, the upcoming
calculations do not need this form of representation. To avoid
further definition let the x point be represented in the world
coordinate system as x(w) and in the camera coordinate system
as x(c) .
The origo centered 2D rotation with angle ϑ is represented
with Rϑ :


cosϑ sinϑ
Rϑ =
.
(3)
−sinϑ cosϑ
B. Calculation in 2D for one camera
First we calculate in 2D and after that it can be easily
generalized to 3D.
(w)
Let one camera have the xc position and α orientation in
the world coordinate system. In this case the rotation matrix
and translation vector can be calculated:
R = RTα ,
t = −R x(w)
c .

(4)

Assume, that the pixel quantizing error has a known Gaussian distribution with standard deviation e on the image plane.
The error of the position detection of an object located at point
x can be derived from e. The calculation can be followed on
Fig. 1.
Assume that the x axis of the camera coordinate system is
fitted to the camera facing direction. The distance of the object
and the camera center is:
d = x(c) .

(5)

The object is seen by the camera at an angle
(c)

ϕ = tan−1

xy

(c)

,

(6)

Fig. 1. The component of the localization error perpendicular to the facing
direction can be calculated for one camera. The empty circle is the camera
center and the filled circle is the observed point. The axes are the dotted
arrows. The x axis is fitted to the facing direction of the camera. The solid
vertical line is the image plane on which the pixel quantizing error e occurs.
The observed point is detected at the angle ϕ. f is the focal length. The
component of e perpendicular to the facing direction is e⊥ , and σ⊥ is the
perpendicular component of the localization error.

The component of e perpendicular to the facing direction is
e⊥ ≈ e · cosϕ.

(c)
xx

where
and
are the y and x coordinates of the x(c)
(c)
point respectively. x
can be easily calculated from x(w)
using (2).

(7)

Fig. 1 is distorted for the sake of illustration, but in real the
focal length is much larger than the pixel quantizing error. This
means that the assumption in (7) is a good approximation. This
error has to be scaled up to the object location:
d · cosϕ
e
· e⊥ ≈ d · cos2 ϕ · ,
(8)
f
f
where f is the focal length of the camera and σ⊥ is the
perpendicular component of the localization error. This means
that the perpendicular component of the standard deviation
is proportional with the square of the cosine of the detection
angle. Thus the more the camera detects the object at the edge
of the image, the smaller the positioning error derived from
the pixel quantizing error is. It can be a little strange, but if
we have calibrated cameras we can accept that this is true. A
calibrated camera represents a model, where the distorsions
are identified and the pinhole camera model is approximated
during the mapping. Detailed information about the camera
model and the calibration process can be found in [10].
The parallel component of the localization error is symbolized with σk . One camera alone can not provide distance
information parallel to the facing direction:
σ⊥ =

σk → ∞.

xx
(c)
xy

e

(9)

The discussion of this fact is presented later in this paper.
For a point in the real world the covariance matrix can
be constructed using (1) – (9). This matrix is diagonal in
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the coordinate system fitted to the facing direction of the
camera and it can be easily transformed (rotated) into the
world coordinate system:
 2

σ
0
T
Σ = RTα Rϕ k
(10)
2 Rϕ Rα .
0 σ⊥
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The diagonal part depends only on the distance (d) and the
detection angle (ϕ), since the focal length and the pixel quantizing error is considered to be constant. α is the orientation
of the camera. Rα and Rϕ are the rotation matrices in 2D
with angle α and ϕ respectively, as it is defined in (3).
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C. Generalization from 2D to 3D
The previously presented calculations can be easily generalized to 3D. All the positions (x, t) have three coordinates
instead of two. The orientation of the camera is given by
three angles rather than one (α), thus the rotation matrix is
the combination of three rotations. There are two different
pixel quantizing errors (e), two detection angles (ϕ) and two
perpendicular components (e⊥ , σ⊥ ) as well. But there is only
one parallel error component (σk ). Thus the covariance matrix
becomes a 3-by-3 matrix rather than a 2-by-2 one.
D. Accuracy using more cameras
As we can see we can calculate the covariance matrix in
every point of the world for one camera. If one single point
is observed by more cameras, the resulting covariance matrix
can be calculated incrementally using the product of gaussian
densities:

−1 −1
Σc = Σ−1
,
(11)
1 + Σ2

−1
−1
µc = Σc · Σ1 µ1 + Σ2 µ2 ,
(12)
where the two original densities are N (µ1 , Σ1 ) and
N (µ2 , Σ2 ), while the combined density is N (µc , Σc ).
In Fig. 2 a camera configuration and the covariance ellipses
can be seen in case of observing only one point. The filled
circles are the camera centers and the little line segments
symbolize the facing directions. Both of the cameras have the
same parameters (pixel quantizing error and focal length), so
the emplacement of the ellipses is symmetric. The covariance
ellipses are drawn at a confidence level of 95 %. The two
larger ones are the covariance ellipses of the localization error
of the two cameras separately. In the figure, these ellipses are
distorted, because the length of their major axes go to ∞. The
length of the major axes in the figure are chosen so that not
only two pairs of parallel lines could be seen. The resulting
covariance ellipse is not distorted. It can be noticed, that the
large localization error of one single camera disappeared as
the resulting covariance ellipse is smaller.
A covariance matrix derived from one camera contains one
eigenvalue which goes to ∞. Although its inverse can be
calculated and it contains only finite elements. According to
(11) the inverse of the final resulting covariance matrix is:
Σ−1
r =

n
X
i=1

Σ−1
i ,

(13)
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Fig. 2. The derivation of the resulting covariance ellipse. Two cameras are
observing one point. The two larger ellipses are the covariance ellipses of the
localization error of the two cameras separately. For better visualization, the
length of the major axes of them are chosen so that not only two pairs of
parallel lines could be seen.

where n is the number of the cameras used for localization
and Σ−1
is the inverse of the covariance matrix of the ith
i
camera. Since (13) contains only the inverse of the covariance
matrices the inverse of the resulting covariance matrix can be
calculated and it contains only finite elements. The determinant
of this matrix is zero if and only if there is a direction in
space in which the localization has a variance which goes to
∞. This can occure if the observed point and the centers and
the facing directions of all the cameras in the configuration
fit on the same line. If the determinant of this matrix is nonzero the resulting covariance matrix can be calculated and the
localization has a finite variance in any specific direction.
In Fig. 3 a camera configuration and the covariance ellipses
can be seen. The notation is similar as in Fig. 2. All the
cameras have the same parameters, so the emplacement of the
ellipses is symmetric. It can be noticed that the errors near
the cameras are smaller and they have a larger variance in the
direction y, while the distant ones have this larger variance in
the direction x.
The accuracy of the localization can be defined in various
ways. It can be identified by the smallest eigenvalue or by the
determinant of Σ−1
r .
q = Σ−1
,
r

(14)

where q stands for quality like accuracy. In this paper we
use the determinant because it has a perceptible physical
meaning and it can be easily handled in analytic calculations.
In Fig. 4 the accuracy is presented in case of the previous
camera configuration. It can be noticed that the more closer
the observed point is, the larger the accuracy becomes. This
occures because the accuracy is proportional with the inverse
of the distance (d−1 ). Of course an object can not be placed
any close to one of the cameras because a camera has spatial
sizes and minimal focal distance.
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where Ω represents the whole space and f (x) is the density
function.

60

III. A DD ONE CAMERA TO THE SYSTEM
40

There is given a set of cameras and a point in space where
the object localization is performed using these cameras. We
would like to add a camera to the system to increase the
accuracy. In the following sections we present a solution for
this problem built from the most simple one to the generalized
one.
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A. Definitions
The ith camera is symbolized with Ci . The set of some
cameras is the camera configuration:
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Fig. 3. The resulting covariance matrices of the localization in 2D using a
specific camera configuration.

i = 1..n.

(16)

If the camera with index n + 1 is added to the system the new
configuration is:
Cn+1 = Cn ∪ {Cn+1 } .

(17)

The position of the new camera is xc,n+1 and the point where
the localization is performed is x. The orientation of the new
camera is αc,n+1 . This is a scalar value in 2D, but a three
dimensional vector in 3D.
The general problem is:
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Cn+1 = arg max Ex (q (x, Cn+1 , Cn )) ,
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Fig. 4. The accuracy in 2D using a the same camera configuration as in
Fig. 3. The accuracy is defined in (14).

In addition at this point the Field of View (FoV) is not taken
into account. This can be easily added. If there is a camera with
Fields of View which does not contain the observed point, then
this camera has a localization accuracy equal to zero in every
direction at the observed point. This means that the inverse of
its covariance matrix is filled with zeros and in (11) does not
count.
E. Density function
If we would like to handle the accuracy of the localization
not only at one observed point then a density function can
be used. It tells for a specific x point in space what is the
probability that the localization has to be done at that point. In
this case the expected value of the accuracy can be calculated:
Z
Ex (q (x)) =
q (x) f (x) dx,
(15)
Ω

(18)

where Cn+1 contains the position and orientation of the new
camera and q is the accuracy defined in (14). The expectation
is defined in (15). In 3D this means that an optimal solution
in the six dimensional parameter space has to be found. This
problem can be simplified for the first step by calculating in
2D for one observed point with some restrictions.
The position and orientation of the new camera can be
choosen in compliance to some restrictions. One of the restrictions is the spatial one which means that the camera position
can be placed only within a specified area. This can prevent
placing the new camera into the observed point or very close
to it, although the accuracy in case of such a placement would
be very high, but this placement is not feasible.
Another restriction can be the fixed or limited orientation.
The fixed orientation means, that the orientation is not a
variable, it is a function of the observed point and the position
of the new camera. It can be a good choice to define the
orientation so that the observed point is located in the center
of the image. This can prevent placing the observed point on
the edge of the image, although the accuracy would be higher
according to (8). With the limited version the orientation is
optimized taking some restrictions into account.
B. Fixed orientation
In this case the orientation is defined such that the observed
point is mapped onto the center of the image. A simple analytic
calculation can be performed for the accuracy. Assume that the
localization at point x can be performed by the Cn camera
set with a covariance matrix Σ1 , and by the Cn+1 camera
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2
2
with a covariance matrix Σ2 . The eigenvalues are σ1,1
, σ1,2
2
2
and σ2,1 , σ2,2 respectively. Assume that the eigenvalues are
arranged in descending order.
According to (11) the combination of the two gaussian
densities can be calculated. The accuracy is defined in (14)
and it becomes the following simple form:
 −2

−2
−2
−2
q = sin2 β· σ1,1
− σ1,2
σ2,1 − σ2,2
 −2

(19)
−2
−2
−2
+ σ1,1
+ σ2,1
σ1,2 + σ2,2
,

40

30

20
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y

-10

where β is the tilt angle of the eigenvectors belonging to the
2
2
first, largest eigenvalues (σ1,1
, σ2,1
).
Since Σ1 is known but β and Σ2 is a function of xc,n+1 , it
is a good idea to place a coordinate system with axes aligned
on the eigenvectors of Σ1 and centered on the observed point
(x). According to (8) and (9):
σ2,1 ∼ d
σ2,2 → ∞.

(20)

Using (8) the accuracy becomes in the fitted coordinate
system:
1
y2
(21)
q = c4 A + 2 B + C,
d
d
where d2 = x2c +yc2 is the square of the distance of the camera
and the observed point. xc and yc are the coordinates of the
new camera in the fitted coordinate system. A, B and C are
constant values, they are a function of σ1,1 , σ1,2 and the pixel
quantizing error (e) and the focal length (f ) of the new camera:
 −2

e
−2
−2
A = σ1,2
− σ1,1
·
f
 −2
(22)
e
−2
B = σ1,1 ·
f
−2
−2
C = σ1,1
· σ1,2
It can be noticed that (21) is asymmetric in the variables xc and
yc as well as (22) is asymmetric in σ1,1 and σ1,2 . It is caused
by the fitted coordinate system placement and the descending
order of the eigenvalues.
The extremal points of q can be easily calculated using its
partial derivatives based on (21):
xc,max = 0
( q
± A−B
A+B · x
yc,max =
0

(23)
if A ≥ B

(24)

if A < B

Since B is always greater than zero yc,max in (24) is always
real.
In Fig. 5 the contours of the accuracy are presented in case
of A > B and σ1,1 = 3 · σ1,2 . The curves are “iso-accuracy”
curves which are centrally symmetric about the origin as we
can see in (21). We can see that for a specific ys there is
only one curve which touches the y = ys line at one point as
specified in (23). Similarly for a specific xs there is only one
curve which touches at two points the x = xs line as specified
in (24). If there was a figure in case of A < B for a specific
xs there was only one curve which touches at one point the
x = xs line as specified in (24).
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Fig. 5. The contours of the accuracy in case of adding a new camera to the
system. There is given a camera configuration which localization accuracy is
known at the origin. We would like to add a new camera to the system. The
accuracy remains the same along the curve. The closer the new camera to the
origin is, the higher the accuracy becomes.

IV. E XPERIMENTAL RESULT
Our experiments are performed in 2D with the fixed orientation restriction. It can be generalized to 3D by increasing the
parameter space. The fixed orientation restriction can also be
avoided by optimizing the orientation like the position. This
increases the dimension of the parameter space as well. The
spatial restriction is also applied which prevents placing the
new camera too close to the observed area. The usage of the
density function makes it possible to handle the problem in
probabilistic sense and operate with an area instead of only
one observed point. The orientation restrictions can be also
applied in this case. Fixed orientation means that the camera
is facing to the direction of the expectation of the random
variable x given with the density function f (x).
Our main result is that using the previously mentioned
calculations, methods and restrictions we can determine the
best position for the new camera added to the system. The
best position means where it maximizes the expected value of
the accuracy.
In Fig. 6 and Fig. 7 the base camera configuration is the
same as in Fig. 3. Here a new camera is added to the system.
The density function is a uniform distribution on the area
symbolized with a rectangle between the ellipses. The new
camera is forced facing to the expected value of the position
which is the center of the rectangle. The new camera position
can be chosen in the rectangle above the ellipses.
In Fig. 6 the new camera is placed at the optimal position,
while in Fig. 7 at some other position. The expected value
of the localization accuracy is 2.5 times higher in case of the
optimal placement and in both cases the accuracy is improved
at all the points in space. The difference between Fig. 3 and
Fig. 6 is clearly visible.
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handle the problem in probabilistic sense and operate with an
area instead of only one observed point. After that the addition
of a new camera to the system was examined. The calculation
of the improved accuracy achieved with the new camera was
presented. At last the experimental results were introduced
where the optimal placement is identified in compliance to
some restrictions.
As subject of further research, the system will be enhanced
to optimize the position and orientation of more than one new
cameras. The Field of View (FoV) can be easily applied to the
calculation of the accuracy but we would like to use it in the
optimization phase as well.
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Fig. 6. The new camera placed at the optimal position. The rectangle above
the ellipses symbolizes the position restriction of the new camera. The density
function is a uniform distribution on the area symbolized with a rectangle
between the ellipses.
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Fig. 7. The new camera placed at some position not at the optimal one. All
the circumstances are similar as in Fig. 6.

V. C ONCLUSION AND FUTURE WORK
This paper presented the optimization of a camera placement for localization accuracy. The theorethical background
of localization accuracy was discussed. The calculation of the
accuracy for one camera at one observed point in 2D was
introduced. It is easily generalizable to 3D. The calculation of
the accuracy for more cameras was demonstrated. The use of
the density function was presented which makes it possible to
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