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Autocon guration of a Dynamic
Nonoverlapping Camera Network

Imran N. Junejo,
Hassan Foroosh,

Abstract Inorder to monitor suf ciently large areas of interest
for surveillance or any event detection, we need to look beyond
stationary cameras and employ an automatically con gurable
network of nonoverlapping cameras. These cameras need not
have an overlapping eld of view and should be allowed to move
freely in space. Moreover, features like zooming in/out, readily
available in security cameras these days, should be exploited in
order to focus on any particular area of interest if needed. In
this paper, a practical framework is proposed to self-calibrate
dynamically moving and zooming cameras and determine their
absolute and relative orientations, assuming that their relative
position is known. A global linear solution is presented for self-
calibrating each zooming/focusing camera in the network. After
self-calibration, it is shown that only one automatically computed
vanishing point and a line lying on any plane orthogonal to the
vertical direction is suf cient to infer the dynamic network con g-
uration. Our method generalizes previous work which considers
restricted camera motions. Using minimal assumptions, we are
able to successfully demonstrate promising results on synthetic, as
well as on real data.

Index Terms Image of the absolute conic (IAC), nonoverlap-
ping camera network, self-calibration, vanishing line.

l. INTRODUCTION

HE MAIN motivation for deploying networked cameras

is that a single camera, even if allowed to rotate or
translate, is not suf cient to cover a large area. Fig. 1 shows
an active example of a con guration where two xed cameras
are monitoring one particular area. A more general case with
a wide range of applications is when the deployed disjoint
eld-of-view (FoV) cameras may be allowed to move freely in
3-D space, e.g., on roaming security vehicles. By employing
multiple cameras with nonoverlapping or disjoint FoV, we
would like to maximize the monitoring area in addition to
inferring the network con guration. By network con guration,
we mean the absolute and the relative orientations of cameras in
the network assuming that their relative location is determined
by either GPS or surveyed points in the 3-D world. We propose
a framework for autocon guration of such a dynamic network,
thereby obtaining the dynamic geometry of the network along
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Fig. 1.

Two cameras in a network several blocks apart from each other.

with self-calibrating each camera in the network. By con g-
uring such a camera network, we can: 1) direct cameras to
follow a particular object [1]; 2) calibrate cameras so that the
observations are more coordinated and perform measurements
(with known scale), and possibly construct a 3-D world model
[2], [3]; 3) solve the camera hand over problem, i.e., establish
correspondence between tracked objects in different cameras;
4) generate image/video scene mosaic; 5) infer network topol-
ogy [4]; and 6) build terrain model [5] or do spatial learning for
navigation [6], [7].

A brief summary of related work is presented in the next
section.

For a general con guration, each camera in the network
needs to be self-calibrated. The rst self-calibration method,
originally introduced in computer vision by Faugeras [8]
involves the use of the Kruppa equations. The Kruppa equations
are two-view constraints that involve only the fundamental
matrix and the dual of the absolute conic. Based on these
equations, Mendon a [9] introduced a built-in method for the
detection of critical motions for each pair of images in the
sequence. An alternative direct method for self-calibration was
introduced by Triggs [10], which estimates the absolute dual
quadric over many views. Pollefeys [11] developed a
practical method for self-calibration of multiple cameras with
varying intrinsic parameters. Special motions can also be used
for self-calibration. Agapito [12], and Seo and Hong [13]
solved the self-calibration of a rotating and zooming camera
using the in nite homography constraint. Before their work,
Hartley [14] solved the special case where the camera s internal
parameters remain constant throughout the sequence. Frahm
and Koch [15] showed it was also possible to solve the problem
of generally moving camera with varying intrinsics but known
rotation information.

Recently, tracking across multiple nonoverlapping cameras,
for video surveillance, as well as topology inference, has
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attracted considerable amount of attention. Makris [16]
estimate camera topology from observations by assuming
Gaussian transition distribution. Departures and arrivals within
a chosen time window are assumed to be corresponding.
Recently, Tieu [17] generalized the work in [16] to
a multimodal transition distributions, and handled correspon-
dences explicitly. Camera connectivity is formulated in terms
of statistical dependence, and uncertain correspondences are
removed in a Bayesian manner. Javed [18] demonstrate
that the brightness transfer functions from a given camerato an-
other camera lie in a low dimensional subspace. Their method
learns this subspace of mappings for each pair of cameras from
the training data. Using the subspace of brightness transfer
functions, the authors attempt to solve the camera hand over
problem. Kang [19] use an af ne transform between
each consecutive pair of images to stabilize moving camera
sequences. A planar homography computed by point corre-
spondences is used to register stationary and moving cameras.
Zhao [20] formulate tracking in a uni ed mixture model
framework. Ground-based space-time cues are used to match
trajectories of objects moving from one camera to another. It is
well known that due to perspective projection the measurements
made from the images do not represent metric data. Thus, the
obtained object trajectories and consequently the associated
probabilities, used in most of the work cited above, represent
projectively distorted data, unless we have a calibrated camera.
For example, a person moving slowly but close to a camera
induces large image motion compared to person walking at a
distance with a quicker pace. Also, appearance-based features
exhibit undesirable results under varying lighting conditions.
On the other hand, intercamera relationships cannot be cor-
rectly established unless dynamic positions and orientations
between cameras are known at any point in time.

The most related work is that of Jaynes [21]. Assuming a
common ground plane for all cameras, relative rotation of each
camera to the ground plane is computed independently. The
motion trajectories of objects tracked in each camera are then
reprojected on to a plane in front of the camera frame in order
to compute corresponding unwarped trajectories. Camera-to-
ground-plane rotation and plane-to-plane transform computed
from the matched trajectories is then used to compute relative
transform between a pair of cameras. This method assumes
that all cameras are calibrated, requires motion trajectories on
objects, and each camera is considered to be stationary looking
at a common ground plane.

We present a more general solution for registering a network
of disjoint cameras. We do not assume any special camera
motion or known camera rotation matrix, as used by [11] [15].
The problem is solved in two steps. First, for each camera as a
unit in the network, we present a global linear solution for deter-
mining its variable intrinsic parameters. Thus, instead of relying
only on the color features for performing video surveillance or
inferring network con guration, computed metric information
from the calibrated cameras can be used to determine correct
correspondences. This is referred to as the camera hand over
problem (Section VI-D). Second, we present a novel technique
to con gure the network as a whole. The target is that each
calibrated camera should be able to communicate its intrinsic

and extrinsic parameters with other cameras in the network. We
demonstrate that the vertical vanishing point and the knowledge
of a line in a plane orthogonal to the vertical direction are
suf cient to perform this task of determining the extrinsic
parameters, except for relative translation.

Our key contribution includes a linear solution for self-
calibrating cameras undergoing general motion, a method to
compute the relative orientation between nonoverlapping cam-
eras using only vertical vanishing point, and a novel approach
to calculate the in nite homography between a pair of cameras
in the network. As an application, we apply our method to
con gure a mixed-reality (MR) environment and to solve the
camera hand over problem.

A brief introduction to the concepts related to a pinhole
camera is presented in Section Il. Each camera in the network is

rst self-calibrated (Section I11) by estimating the fundamental
matrix between different views captured from the same camera.
The method to determine the orientations of the cameras in
the network is presented in Section IV. Singularities associated
with the proposed method are discussed in Section V. Experi-
mental results for camera self-calibration and network con gu-
ration, as well as applications are presented in Section VI before
concluding.

Il. SOME PRELIMINARIES

This section presents basic notations and de nitions used in
this paper.
The projection of a 3-D scene point X
T onto a point in the image plane x T, for
a perspective camera can be modeled by the central projection
equation

X KR RC X
—
K (1)
where indicates equality up to a nonzero scale factor and C
T represents camera center. Here, R R R R
r{ ro rz is the rotation matrix and RC is the relative

translation between the world origin and the camera center.
The upper triangular 3 3 matrix K encodes the ve intrinsic
camera parameters: focal length , aspect ratio , skew , and
the principal point at . Nonlinearities arising from lens
distortions may be handled in many ways [22], [23].
! * # $ The aim of
camera calibration is to determine the calibration matrix K.
Instead of directly determining K, it is common practice (e.g.,
[12]) to compute the symmetric matrix K TK * or its inverse.
In vision literature, the matrix K TK 1is referred to as
the Image of the Absolute Conic (IAC) and its inverse as
the dual 1AC, which can be decomposed uniquely using the
Cholesky decomposition to obtain K [24].
For a camera moving freely in 3-D space, the relation be-
tween any two views is described by the fundamental matrix
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Fig. 2. Illustration of two views from a camera. Two consecutive images from

a camera contain an overlapping area. This overlapping area can be used to

obtain the fundamental matrix Fj j, which relates a point in image j to a line

inimage ;. As the internal parameters change at each view, the absolute conic
also changes.

if the camera is translated between the views. The fundamental
matrix maps a point from camera to a line in camera and this
relation can be represented as

F e H 2

Thus, F , the fundamental matrix, is determined by the
cross product of the epipole e (left null space of F ) with
the homography H induced by a plane . The mapping of
points from camera to camera over the plane at in nity
is given by

H KR K1 3)

where R is the relative rotation between the cameras and
H is called the in nite homography.

I1l. CAMERA SELF-CALIBRATION

In this section, we present a novel linear solution to self-
calibrate each camera in the network. Therefore, this section
applies to any single camera, not the network as a whole. The
notation and represent any two consecutive frames from a
single camera.

Each camera in the network is allowed to vary its internal
parameters by zooming in/out. As argued by [11], [12], [25],
and [26], it is safe to assume zero skew, unit aspect ratio, and
principal point at the center of an image for currently avail-
able charged-coupled device (CCD) cameras. These general
assumptions are used to estimate the varying focal length.

Fig. 2 depicts an illustration of two images taken from a
camera. Generally, two consecutive images from a camera con-
tain some overlapping area. This overlapping area can be used
to obtain the fundamental matrix F , which relates a point
in image  to a line in image . As the internal parameters
change at each view, IAC  also changes. Thus, needs to be
computed for each image of the camera.

% & $ #7 % #

Consider an image sequence of  frames and let K be
the intrinsic parameters for a camera at th frame, then the
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calibration matrix is of the form

where .

For a freely moving camera, the fundamental matrix can be
easily obtained from successive frames and is thus frequently
used for self-calibration, as in the case of Kruppa equations [8].
In order to deal with noise in an image, many techniques exist
to robustly estimate the fundamental matrix [27], [28]. Once the
fundamental matrix is computed between two different views
and of a camera, we have (see [8] and [9])

F FT e e (4)
where and represent the dual 1AC for two different
views, and , respectively. If the intrinsic parameters remain

constant over different views then
expressed as F F e e .

Equation (4) amounts to three linearly independent equations
with an unknown scale, allowing for the symmetry and rank
de ciency. Equation (4) is not in a form that can be easily
applied and traditional methods cross multiply to eliminate
the unknown scale [9], [29]. Instead of taking this approach,
we directly solve for the unknown scale involved in the three
equations obtained from (4).

For a camera with unknown focal length,
is given as

and (4) can be

for the thframe

®)

where 2. The unknown scale, i.e., , is different for
every image pair. For | the left-hand side of (4), the unknown
scale is normalized to 1. Hence, for a pair of images the three
unknownsare , ,and

For any K, (4) gives us only three equations to solve for
the three unknowns, owing to rank de ciency and symmetry.
We formulate the problem as

AY B where Y T ()

and A isa3
,and ;and B

the solution vector Y

can be obtained as

3 matrix containing the coef cients of
contains the known F and e . From
, the intrinsic parameters for each view

Y @ Y @ Y [©)
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Fig. 3. Typical con guration. (a) Dynamic epipolar geometry. The gure demonstrates a dynamic camera network where each camera is moving with respect to
itself and with respect to all the cameras in the network thereby inducing a different epipolar geometry at each time instance. For a camera at any time instance

, its center is labeled as

t . The camera can be looking at a planar, as well as nonplanar scene while translating and rotating. Each camera has an associated FoV
and all the cameras in the network have disjoint FoVs. The relative orientation between cameras is denoted by Rt

and the translation by T} ;. (b) Shows an

instance of the dynamic epipolar geometry. The gure contains two cameras having disjoint FoVs with some rotatlon and translation between each camera.

A global solution for computing intrinsic parameters for a
varying focal length camera over frames is given by cascading
the above equation into

A Y B
Al w1 Y 41 +1 B+
AL & Y + &+ B+ +

O

Equation (7) computes a linear solution for an entire image
sequence, which is fairly ef cient and easy to implement. If the
intrinsic parameters do not vary, (7) can be reformulated so that
it becomes an overdetermined system. This system of equations
can then be solved using least squares method for the entire
image sequence. Degenerate con gurations for self-calibration
methods are numerous and it is out of the scope of the current
work to elaborate on various such con gurations. See [29] and
[30] for detailed discussion on critical motion sequences that
result in degenerate conditions.

(&$ #° % # ) o+

In the previous section, we assumed that the aspect ratio
is unity. Practically, remains unchanged for any single camera
through its life span. Equation (4) can be extended to solve for
an unknown by selecting a reference frame . Three images,
i.e., two instances of (4) are suf cient to solve for six unknowns.
Equation (4) for an image with respect to the reference frame
can be expressed as

®)

Thus, the rst pair introduces four unknowns
and every subsequent frame introduces only two un-
knowns (unknown scale and new focal length). Once is
determined nonlinearly, it is substituted into (4) for improving

the estimated focal length. Equation (4) cannot be used to solve
for any more unknown intrinsics parameters (see [29]).

An obvious advantage of the above linear solution is its
simplicity and computational ef ciency, making it suitable for
many real time applications.

IV. CONFIGURATION OF NETWORKED CAMERAS

In Section 111, we addressed the problem of self-calibrating
each camera in the network. Our goal in this section is to
demonstrate that one can establish a common world refer-
ence frame to recover absolute camera orientations even with
nonoverlapping FoVs. The key to establishing a common refer-
ence frame is the fact that all cameras share the same plane
at in nity and, in our case, also the same vertical vanishing
point. In addition, we require a line to be visible in each image
in order to completely determine the orientation between the
cameras with disjoint FoV. The lines in each image need not to
be parallel in the world; orthogonal lines can be used as well
(explanation follows in the next section).

Assuming that each camera as a unit has been calibrated
in the network using the method described in Section IlI,
we would like the entire camera network to recover its own
con guration. That is, each camera should learn its relative
orientation with respect to every other camera.

Fig. 3(a) shows a typical con guration of a camera network.
Cameras are moving freely in space, inducing a unique epipolar
geometry at each time instance. For any camera at time
instance , its center is labeled as . Fig. 4 shows a broader
picture of the camera network. Each camera is mounted on a
moving or a stationary platform while varying its intrinsic and
extrinsic parameters. Each camera has an associated FoV and
all the cameras in the network have disjoint FoVs. The relative
orientation between cameras at any time instance is denoted
by R and the relative translation by T . We assume that
the relative translations T can be computed either by a set of
surveyed points in the scene, or given by GPS. From here on,
we omit the superscript to keep the notation simple.

¥ ) #& 4,

Vertical vanishing point [31] can be readily obtained
from most naturally occurring or man-made scenes, e.g., scenes
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Fig. 4. Network of cameras. The gure shows a general view of the network
where each camera may be mounted on a moving platform while detecting/
tracking objects.

containing buildings or other structures. Similarly, people or
objects in the FoV of each camera can be used to determine
Several researchers [32], [33], and recently we [34], have pre-
sented a method, where motion of a tracked pedestrian is used
to obtain the vertical vanishing point. For a camera at any time
instance, given a vertical vanishing point , the vanishing line
can be determined by using the pole-polar relationship [29]

©)

intersects the 1AC at two complex points called the
circular points.

In addition, we require that a line be visible in each image.
This line can lie on any plane that is orthogonal to the vertical
direction, and may be speci ed either by the user, extracted
by registering to architectural plans or maps, or determined by
other vision-based methods [35], [36]. For example, checkered
tiles on the oor, or brick lining on the wall, or other lines
abundant in indoor and outdoor setting, can be used to serve
our purpose. Two situations, simpli ed to two-image cases, can
occur with such a con guration, as shown in Fig. 5.

1) When the visible lines are parallel to each other in world:

In this case, intersection of the imaged line, , with the
yields a vanishing point orthogonal to

(10)

where , without loss of generality, is taken as the
vanishing point along the  axis for an image .

2) When the visible lines are perpendicular to each other
in world: The intersection of the imaged line with the
line at in nity yields vanishing point in each image that
represent mutually orthogonal directions in the world. In
addition to (10), for the second image  , we get

(11)

As an example for case 1) (cf., Fig. 5), note that (i.e.,
green line) is visible in the left image and  (i.e., green line)
is visible in the right image only (since we are dealing with
nonoverlapping FoV). But since and  are parallel in the
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Fig. 5. Views from two nonoverlapping cameras. A pair of parallel lines

intersect  atavanishing point I inthe leftimageand % in the right image,
respectively. Above, the vanishing line for each view is drawn in black while
the parallel lines, an example of case 1, are drawn in green. The green line in
each view intersect the vanishing line at a point. This point is the corresponding
vanishing point between the two views. As an example for case 2, the blue line
in right image is orthogonal to the green line in the left image. Red color is
selected to denote lines used for estimating the vertical vanishing point.

world, they intersect at and , respectively. These two
points are the corresponding vanishing points in the two views.
As an example for case 2), the blue line in right image is
orthogonal to the green line () in the left image, hence the
vanishing point is orthogonal to the vanishing point
Absolute rotation with respect to the world reference
frame: Given two vanishing points  and  from each view
of a single camera, the rotation of camera with respect to a
common world coordinate system can be computed as

K 1

3 K 1

K 1

1 K 1
, 3 1 (12)

3 1

where 1, 2, and 3 represent three columns of the rotation
matrix. The sign ambiguity can be resolved by the cheirality
constraint [29] or by known world information, like the maxi-
mum rotation possible for the camera.

Relative orientation is obtained from the obtained absolute
orientation for each camera view. Care must be taken in using
(10) and (11). Based on the obtained vanishing points (
or ), appropriate equations from (12) must be selected for
determining the absolute orientations.

( + ) #
L

An alternate solution is to use the in nite homography. A
rotating and/or a zooming camera induces an in nite homogra-
phy H | which relates two cameras and via the plane at
in nity . For such a case, in nite homography may be
calculated directly from point or line correspondences using
(3) using the method described in [12] (see [37] and [38]
for more on pose estimation). But for a camera undergoing
a general motion, the correspondences cannot be obtained as
the FoV is disjoint. However, by determining points or lines
lying on , it is possible to estimate H  from such ideal
point/line correspondences. The idea is as follows. Equation (3)
should be simpli ed so that instead of solving for H , we only
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solve for the relative rotation matrix R between two cameras
and
Any point, e.g., , lying on
orthogonality constraint
vanishing point orthogonal to

, for a camera satis es the
. Thus, is chosen as a
. Any such point in camera is

transformed via toapoint  onanother camera as

H (13)
and similarly

H (14)
where H is the in nite homography between camera and

; and is obtained from the method described in the last
section.

We need more constraints if we are to solve for a general H
as it contains eight unknowns (nine minus the scale). However,
we only need to compute the relative orientation R between
each camera since the calibration matrix for each camera is

already computed. Therefore, (14) can be simpli ed to

KR K'*
or R ry3 r; (15)
where r; K1 K 1! with . The third

column of the rotation matrix thus computed can provide two
unknown angles for each camera as follows:

1

r
1 3@

30

Equation (13) is also simpli ed to

R K1t K1 (16)
where K and K are the computed calibration matrices for
camera and , respectively.

The third angle,  for each camera need not be computed
explicitly in order to get the relative rotation between cameras.

The relative rotation matrix is simpli ed to

R R,R,R,RTR'R"

TpT
or R R,R,R,R'.R" 17
where R R R, represents rotation around axis, axis,
and axis, respectively, for a camera .
Replacing sine and cosine with unknown and , respec-
tively, we solve (17) linearly with respect to and . Scale

ambiguity is removed by taking the cross ratio of the left-
and right-hand side of (17) while substituting R ;, R ,, RTj
and RT with the angles calculated above. Singular value
decomposition (SVD) is applied to obtain the unknown relative
angle ;. Knowing all the angles allows us to recover relative
orientation between each pair of cameras in the network.

The two methods described above require same information,
ie., and , and provide similar results. The methods are

indeed alternate: In rst method, the relative camera orienta-
tions is obtained from absolute camera orientation whereas in
the second method, we directly solve for the relative rotation
matrix R . For experimental validation, the method described
in Section IV-A is chosen due to its simplicity.

V. SINGULARITIES

The camera or network calibration algorithms, like any other
algorithms, have singularities. This is also often referred to as
degenerate con gurations by some researchers. It is important
to be aware of such situations in order to get an insight into the
problem and obtain reliable results.

By degenerate con gurations, we mean situations where a
particular camera motion does not result in any constraint on
the camera intrinsics. For example, [39] shows that it is possible
to obtain a closed-form solution for the only unknown  for
a frontoparallel or panning con guration of a rotating camera.
But it is not possible to obtain a closed-form solution for  when

are unknown parameters for a panning camera. Note that
for rotating xed cameras or freely moving cameras it is always
favorable to have large rotations. If there is no rotation between
views then the Kruppa equations do not provide any constraint
on asforsuchcase F e and the equation is reduced to
e e e e

It is beyond the scope of the current work to expound on
all degenerate con gurations for self-calibration. Therefore,
we only focus on critical con guration for one or two
parameters estimations. Zisserman [30] exam-
ine ambiguities arising from motions with single direction of
the rotation axis when all the parameters are unknown but
constant. When the axis of rotation is perpendicular to the
image plane, speci ed skew, principal point, and aspect ratio
are not suf cient to remove the ambiguity. For variable focal
length cameras, [40] derives conditions under which it is not
possible to calculate the value of . He shows that critical
con guration arises when: optical centers of stereo cameras are
collinear, optical centers lie on ellipse/hyperbola pair, or when
the optical axes are parallel. Kahl [41] generalize [40]
to include cases when other parameters vary as well and show
that criticality is independent of the values of the intrinsic
camera parameters. For methods based on Kruppa s equations,
when only is unknown, motions are critical iff the optical axes
of the two cameras intersect or when the optical axes planes are
orthogonal.

We now consider critical con guration for the method de-
scribed in Section V. We showed that it is possible to determine
absolute/relative rotations for cameras comprising a network
and that only one vanishing point is required. Critical con gura-
tion occurs only when we are unable to determine the vanishing
point for image sequences. Projection of the vertical vanishing
point is given as

(18)

[}

or 3 6 o (19)
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Fig. 6. Performance of the self-calibration method versus noise level in pixels. (a) The relative error of the xed focal length when the noise is increased up to
2.5 pixels is plotted in blue, while the relative error when the focal length randomly changes between views is plotted in green. (b) Depicts the relative error of the

aspect ratio relative to the focal length when
the lesser the error rate.

assuming known aspect ratio
occurs in the following conditions.

1) o This happens when either

. Degenerate con guration

and . This is the case when our

camera viewing direction is perpendicular to the vertical
direction

2) Tie, and : This situation

occurs when camera is located on the vertical axis with
viewing direction perpendicular to the plane. In this
case, coincides with the principal point [since our
principal point is at (0, 0)].

3) : The camera becomes an instance of af ne
camera. In such a con guration, it is not possible to mea-
sure any vanishing points as parallel lines are invariant
under af ne transformations. An example would be that
of distant aerial imagery.

Although of signi cant theoretical importance, the above
cases do not commonly occur in general settings.

VI. APPLICATIONS AND RESULTS

In this section, we present some experimental results on
synthetic as well as on real data.

$ / In order to validate the robustness of
the proposed self-calibration method, a point cloud of 1000
points [12] was generated inside a unit cube to determine
point correspondences. The synthetic camera parameters were
chosen as: , , . Gaussian noise
with zero mean and standard deviation of was added
to the data points used for computing the fundamental matrix.
Rotation and translation between views was chosen subjectively
to avoid degenerate con gurations. As argued by [25] and [42],
the relative difference with respect to the focal length rather
than the absolute error is a more geometrically meaningful error
measure. Therefore, we measure the relative error of estimated
with respect to true  while varying the noise level from
to 3 pixels. For each noise level, we performed 1000
independent trials and the results are shown in Fig. 6.

remains xed. (c) Relative error in

estimation when the used number of views increase. The more views we use,

TABLE |
COMPUTED FOCAL LENGTH FROM OUR METHOD COMPARED WITH
VANISHING POINTS-BASED CALIBRATION TECHNIQUE

View Our Method | Compared Method
Figure 12(a) (left) 3048.77 3290.36
Figure 12(b) (left) 1590.24 1766.74
Figure 12(b) (right) 3000.35 3350.17
Figure 12(a) (right) 2598.47 2482.24

The relative error in  increases almost linearly with respect
to the noise level, as shown in Fig. 6(a). For a maximum noise
of 3 pixels, we found that the error was under 9%. The blue
curve in the gure depicts the relative error when  was kept
constant. We also test the proposed method for the case when
is varying randomly between the views, depicted by the green
curve in Fig. 6(a). For aspect ratio  , we measure the relative
error with respect to itself [cf., Fig. 6(b)], which is less than
0.25%. Relative error in estimating  (when the noise is xed
to 1.5 pixels) compared to the number of views used for the
estimation is plotted in Fig. 6(c). The relative error reduces as
the number of the views increase.

/ Using the method described in Section I11-A,
we tested the proposed camera calibration algorithm on a
number of sequences. In the rst data set, two cameras, labeled
and , are located on the second and third oor of a building
monitoring a lobby entrance. The cameras are zooming in/out
while translating and rotating at the same time. The height
and motion of each camera is subjectively selected to allow
observation of the speci ed area. We compared our method to
the standard three-parameter estimation technique using three
orthogonal vanishing points [29]. Results obtained from the
two methods are compared in Table | and the images used are
shown in Fig. 12. The results obtained from the two methods
are comparable to each other.

The second data set consists of a zooming in/out video taken
from a driving car while looking at some houses. Fig. 7 depicts
four such instances from the sequences taken from a camera
different from the one used in above data set. The focal length
for each instance is shown below each image of Fig. 7. Another
set of test data is shown in Fig. 8. The camera in this situation
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f=1146.01

f= 845.92 f=1184.21 Sf=1723.93

Fig. 7. Four instances from a video sequence taken from a road while looking
at some houses.

Fig. 8. Two of the many images taken from a camera inside a lab,
with lines used for computing the vertical vanishing points superimposed.
(@) = 2067 1957; (b) = 2074 483.

has xed focal length. The gure shows only two images from
the dataset with computed focal lengths.

#/% o> 1 $

$ / We rigorously test the proposed method
for estimating the relative angles between different cameras.
Hundred vertical lines of random length and random location
are generated to approximate the vertical vanishing points. Sim-
ilarly, we chose hundred points (arbitrary number) to represent
the line which is visible in image (see Section 1V). We
gradually add a Gaussian noise with and to the
data points making up the vertical lines. Vertical vanishing
point is obtained using SVD on the vertical lines. Similarly,
SVD is applied to the points making up  to obtain the
point of intersection of and . Translation and rotation are
selected subjectively to avoid degenerate con gurations. While
varying the noise from 0.1 to 3 pixel level, we perform 1000
independent trials for each noise level, the results are shown in
Fig. 9. The absolute error is found to be less than 1.2 for the
maximum noise of 3 pixel in our tests using both the methods
described in Sections IV-A and IV-B as shown in Fig. 9.

/ D) # , 23 24 5,34 -
1 3 In order to obtain ground truth for relative cam-
era rotations, we employ a SONY SNC-RZ30N PTZ cameras.
The purpose of this demonstration is to verify the accuracy and
applicability of the proposed method. The outline of the test
sequence is shown in Fig. 10. Two PTZ cameras are used for
this demonstration. The cameras are represented by , where
is a camera label and is a frame number.

Some of the images from the test sequence are shown in
Fig. 11. The top row of gure depicts images from camera 1,
while the bottom from camera 2. The ground truth rotation for
the shown images is known by controlling the PTZ cameras.
Self-calibration is performed on the sequence and the results
are shown below the images in Fig. 11. The fundamental
matrix is computed between consecutive frames obtained from
each single camera to determine the calibration matrix. The

computed fundamental matrix is decomposed to obtain the rel-
ative translation and relative rotation between the two frames.
The technique presented by [43] automatically detects scene
features that can be used to robustly compute the fundamen-
tal matrix. If the scene contains moving objects, the vertical
vanishing point can be obtained automatically, as demonstrated
by [33], [34], and Lv [32]. As reported by Zhang [25],
the mean of the estimated focal length is taken as the ground
truth and the standard deviation as a measure of uncertainty in
the results. Thus, with a low standard deviation , s
determined to be 1139.50.

As is evident from Section 1V, the most dif cult angle to
obtain is the relative  (we omit superscripts ), as it cannot be
obtained from  alone. Therefore, we setup the experiment to
vary . Initially, the two cameras are separated by an angle of

(pan angle), i.e., for I versus 2 (see Fig. 10). While
translating, the cameras are rotated by some known angle. The
images shown in Fig. 11 are selected such that the rotation angle
between different instances/frames is (an arbitrary
angle). For example, the difference between the orientation
of Yand }is . After self-calibration, the method
described in Section IV-A is used to obtain the relative camera
orientation. The obtained results are presented in Table II.

Table 1l compares the obtained with the ground truth

. Each column of the table represents an instance from
camera 1, while each row represents an instance from camera
two. For example, intersection of row 3 and column 3 rep-
resented the orientation between third frame/instance of each
camera 3 and 2. Since the relative rotation between two
cameras is symmetric, we denote the lower left triangle of the
table by . The mean error in estimated angle and the standard
deviation is found to be 3.53 and 2.5 , respectively, which is
very low.

Errors can be attributed to many factors. Main source of error
in a PTZ camera is the radial distortion, as visible in the test
images. Another important factor is the inherent error present
in localizing pixels for determining vanishing points.

6 / + # For further experimental
validation, two sequences of real data were obtained from two
pairs of moving cameras tted with GPS receivers. GPS data
are required to pinpoint exact camera location allowing us
to compute the translation between each camera. Unlike the
results demonstrated in the previous section, the ground-truth
is not available for this experimentation and visual inspection is
the only goodness of measure.

The data were collected over a long period of time and two
instance from the rst sequence are shown in Fig. 12. We
use the same camera setup as described in Section IV (cf.,
Fig. 4). The left camera is denoted by its center  and the
right camera is denoted by , omitting the superscript used
to indicate different time instances. Using computed vanishing
points, intercamera rotation matrix R is computed, which is
then used to compute the H . The resulting angles obtained
are presented in Table Il (row 1 and 2). Fig. 12(c) and (d)
renders the recovered network geometry, which is intended
to help visualize the obtained results; and the rendered scene
images are only texture maps and do not depict the actual image
registration.
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Fig. 9. Performance of network con guration method versus noise level in pixels. (Left) Absolute error in angles obtained by using the method described in
Section 1V-B. (Right) Absolute error in errors obtained from the method described in Section IV-A. Notice that while the curve for  is somewhat different, the
curve for the other two angles is exactly the same. This is due to the fact that we are using the same vertical vanishing point to estimate x and  for both the

methods.

Fig. 10. Outline map of the test sequence setup. Two cameras, initially with
orthogonal FoV, are translated and rotated. A camera is represented by Cik,
where is a camera label and is a frame or an instance number. See text for
more details.

The second data sequence contains cameras looking in oppo-
site directions in a hallway. Instances of this data sequence are
shown in Fig. 13(a) and (c). The cameras are in continuous mo-
tion at every time instance; the network geometry is rendered
in Fig. 13(b) and (d). Generally, scenes containing abundant
architectural structures are well desirable if we are to compute
the vanishing points.

The rotation angles calculated from the second data sets are
presented in rows 3 and 4 of Table Ill. Since the cameras are
looking in opposite direction, s close to

The errors could be attributed to several sources. Besides
noise, nonlinear distortion and imprecision of the extracted
features, one source is the causal experimental setup using
minimal information, which is deliberately targeted for a wide
spectrum of applications. Despite all these factors, our ex-
periments indicate that the proposed algorithm provides good
results.

SPECIAL CASE PURE ROTATION: As described in
Section I11, the proposed self-calibration method is based on the
Kruppa equations. However, these equations rely on accurate
estimation of the fundamental matrix. For a special case when
no translation occurs, the fundamental matrix degenerates and
our self-calibration technique would not be applicable.

In order to self-calibrate a pure rotating camera, without
loss of generality, the projection matrix for the rst view can
be formulated as P K R, where the translation t

R C . The projection of any scene point X onto an image
plane is expressedasx K R X.

For a scene point projected onto two different images, a
2-D projective transformation H  relates the corresponding
points as x H x, where H K R K ! This 2-D
projective transformation maybe calculated directly from point
or line correspondences between images.

Using the property R R T, the de nitionof H leads to
some constraints on the 1AC

KK' H KKTHT (20)

where K KT ! and K KT 1 Linear con-

straints on the unknowns of  are obtained by further assuming
zero skew and unit aspect ratio. See [12] and [44] for further
details and discussions about calibrating rotating and zooming
cameras.

Some tests were performed for this special case of camera
motion. Four of the test cases are shown in Fig. 14. The ground-
truth relative rotation angles are compared to the obtained
relative rotation angles. Two PTZ cameras are used for this
sequence. The lines which are parallel in the world are drawn
in green, while the lines used for the vertical vanishing point
are drawn in red. After self-calibrating each rotating camera,
as described above, the angles are estimated as described in
Section V. The estimated rotation angles are shown below the

gure. Another set of a test sequence captured with a PTZ
camera is shown in Fig. 15. Here, pedestrians are walking in
the FoV of each camera. Different frames are superimposed on
one image as shown in the gure. The method proposed by
Lv [32] is used to extract the vertical vanishing point.
The results obtained are very encouraging and close to the
ground truth.

Effect of Principal Point on Camera Parameters: The
proposed method assumes the principal point is located at
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