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Abstract—In this work we propose two methodologies to
estimate the calibration of a network of cameras, possibly with
non-overlapping fields of view. The calibration comprises both
the intrinsic and extrinsic parameters of the cameras and is based
on a mobile robot with the capability of estimating its pose in a
global frame. The robot is equipped with one calibrated camera
which we assume that can be oriented in a manner to observe
world points also seen by the network of cameras.
Our methodology is based on matched scale invariant features
(SIFT) reconstructed to 3D points using e.g. SLAM, and focus on
the problem of transporting the robot coordinate system to the
fixed cameras. The reconstructed 3D points and their images on
the fixed cameras are proposed as a solution for the calibration
problem. In order to test the validity of our methodology we
constructed a VRML scenario, thus having low noise images and
ground truth information. Results show the successful calibration
of fixed cameras in different environment, using a mobile camera
that acquired images.

I. I NTRODUCTION
The increasing need of surveillance of public spaces and the
recent technological advances on embedded video compression and communications made camera networks ubiquitous.
Typical environments include single rooms, complete buildings, streets, highways, tunnels, etc. While the technological
advances already allowed such a wide installation of camera
networks, the automatic understanding and processing of the
video streams is still an active research area.
One of the crucial problems in camera networks is to obtain
a correct calibration of each camera in terms of a unique
reference frames. This condition is a fundamental feature
required for further higher level processing (i.e. people/car
tracking, event detection, metrology) and nowadays one of the
most complex problems in Computer Vision. The problematics
generally arise from the lack of overlapping field of views
(FOV) of the camera which does not allow the estimation of
a common reference frame for each camera. In such scenario,
exactly geolocating each sensor is extremely complex without
the aid of special equipment (moving calibration patterns or
GPS) or a priori reference images such as a panorama of the
given environment.
Previous approaches are mainly focused in detecting enough
common features between images in order to link each
cameras to the reference coordinate systems. This can be
achieved using a set of panorama images which links the nonoverlapping field of views or by a mobile platform which set
the reference by navigating into each camera field of view. The
first case is usually followed by a pre-generation of a panorama
using a standard Pan-Tilt-Zoom (PTZ) cameras [14] which is

then followed by pairwise and global alignment of the set of
cameras using standard bundle adjustment [16]. In the case
of a mobile platform, the reference is always given by the
mobile platform which carries a calibration pattern or takes
snapshots of the scene thus obtaining an overlapping FOV.
In [15], [1] a set of images taken from a mobile platform
are registered to a wide set of omnidirectional cameras which
allows a consistent overlaps in the given scene. Differently in
[13] a robotic platform carries a pattern represented by a set of
markers. Calibration is given by registering the pattern to each
view given the reference of the robot. This solution however
requires each camera seeing the mobile robot.
In our methodologies we use of the robot in a different
manner of other works [12], [15], [1], [13]: instead of building
large calibration patterns to transport with the robot, and
imposing the constraint that the fixed cameras can effectively
see the robot, the robot equipped with the camera just has to
see scene points also observed by the fixed cameras. This is
simpler, considering that the camera on-board can even be a
versatile PTZ camera.
In order to calibrate the camera network we follow two different methodologies. One methodology requires knowledge
of the intrinsics, and provides the extrinsic parameters based
on of the factorization of the essential matrix [7]. The other
methodology is based on reconstructing some points of the
scenario, or more precisely doing Simultaneous Localization
and Map Building (SLAM) [2]. These points are expressed in
a global (world) coordinate frame provided by self-localization
information assumed to exist in the mobile robot. Given the
reconstructed 3D-points of the environment and their images
we can calibrate the network of cameras using standard
computer vision methodologies [7].
The reconstruction of 3D points comprises two main steps,
namely matching image points and computing their locations.
We do the matching based on SIFT features, state of the
art features well known to provide a very robust matching
procedure [10], and the computation of the 3D locations is
based on vSLAM [5], [8].
In order to test the accuracy of the methodology we followed
the approach of creating one simulated environment based on
VRML. VRML allows creating different types of scenarios,
rendered as images with low levels of noise1 , on which we can
test feature detection and matching. The ground truth allows
also to evaluate the quality of both the reconstruction of points
1 Mainly quantization noise associated to the rendering methods of VRML
browsers.

and camera poses.
II. N ETWORKED C AMERAS
In our work a camera network is defined as a set of
static cameras placed arbitrarily in the scenario (see Fig.1).
In general we will not assume any kind of overlapping of
the fields of view [4]. The main objective is than to estimate
the calibration of the cameras, more precisely their intrinsic
and extrinsic (localization and orientation) parameters. The
extrinsic parameters are to be estimated in a global reference
frame.

matrix linking two cameras, and another methodology based
on reconstructed image points.
In the reconstruction based methodology, the points to
reconstruct are first selected from image points, using e.g.
SIFT features [10], which are seen both by the static, Fi
and the mobile, Ci cameras (see Fig.1). We assume that the
mobile camera is calibrated and can be placed (oriented) to
see sub-sets of scene points visible by the fixed cameras.
The robot itself does not need to be seen by the fixed
cameras. However, we assume that the robot has its own global
coordinate system and can estimate its localization while it
moves. The localization method of the robot can be based on
e.g. odometry, differential GPS, SLAM / vSLAM [5], [8], or
any other method. In this work we focus on the aspect of
transporting the localization information from the robot to the
networked (fixed) cameras.
This calibration methodology comprises in essence two
steps: (i) estimation of the essential matrices relating fixed
cameras with the camera mounted on the robot, or estimating
the projection matrices representing the cameras, Fi in a
global reference frame;(ii) obtaining the intrinsic and extrinsic
parameters by factorization. These steps are detailed in Sec.??.
III. C ALIBRATION

Fig. 1. Camera network formed by three static cameras. The mobile camera
transported by the robot is used to calibrate the network.

The N cameras of the camera network are assumed to be
perspective (pinhole):
network = {Fi : i = 1 . . . N }
i.e. Fi are projection matrices, which we generically denoted
as P in the following. In more detail, the projection of a 3D
world point, M = [X Y Z 1]T to an image point, m =
[λu λv λ]T , in a camera, P , is represented as [?]:
m = P M,

P = K[R t] = [P1:3,1:3 P1:3,4 ]

(1)

where P can be decomposed in the intrinsic parameters matrix
K, a rotation R and a translation t, and the subscripts Pa:b,c:d
denote selection of lines (a to b) or columns (c to d). The
intrinsics parameters matrix, K is assumed to have an upper
triangular form:


αx s x0
(2)
K =  0 αy y0 
0
0
1
where (αx , αy ) represent scalings from meters to pixel coordinates, s is the skew coefficient, and (x0 , y0 )T represent
the coordinates of the principal point. Finally, the rotation
matrix R is unitary and thus combined with K implies that
kP3,1:3 k = 1.
In this work, we propose two calibration methodologies.
One based on the conventional factorization of the essential

In this section we propose two different methodologies for
estimating the pose of a fixed (networked) camera:
• Pair of images - the robot computes its own location and
uses its pose to estimate the pose of a fixed camera given
its imaging of the scene and the image acquired by the
fixed camera;
• One image and vSLAM - the robot computes its location
and reconstructs characteristic points of the world using
e.g. vSLAM methods, and then estimates the poses of
the fixed cameras by matching reconstructed 3D points
(seen in its own imaging) and 2D image points seen by
the fixed cameras.
We assume in both methodologies that the robot can compute
its own pose and can be placed to acquire images similar to
the ones acquired by the fixed camera. The two methodologies
are detailed in the next sections.
A. Calibration Based on One Pair of Images
In this methodology we use the factorization of the essential
matrix to estimate the pose of a fixed camera. The epipolar
geometry of two cameras is firstly described by the fundamental matrix, but can also be described by the essential matrix
provided one has the intrinsic parameters of both cameras.
1) Fundamental and Essential Matrices: The epipolar geometry is the intrinsic projective geometry between two views.
It is independent of scene structure, and only depends on
the cameras internal parameters and relative pose [?]. The
fundamental matrix F encapsulates this intrinsic geometry.
It is a (3 × 3) matrix of rank 2. If a point in 3D space p is
imaged as x1 in the first view, and x2 in the second, then the
image points satisfy the relation:
xT2 F x1 = 0

(3)

The epipolar geometry between two views is essentially the
geometry of the intersection of the image planes with a point
having the baseline as axis (the baseline is the line joining
the camera centers), Fig.2. This geometry is usually motivated
by considering the search for corresponding points in stereo
matching.

Fig. 2. Two views x1 ,x2 of 3D-point p. Euclidean transformation between
two images given by (R, T ). Epipoles e1 ,e2 are the points intersection of the
line (o1 , o2 ) with each image. The interception of the plane (o1 , o2 , p) with
the two images planes are the epipolar lines l1 , l2 .

To calibrate the network cameras it is used the essential
matrix which is the specialization of the fundamental matrix
to the case of normalized image coordinates. Historically, the
essential matrix was introduced (by Longuet-Higgins) before
the fundamental matrix, and the fundamental matrix may be
thought as the generalization of the essential matrix in which
the (inessential) assumption of calibrated cameras is removed.
So to have the calibration of the networks cameras we need
the camera extrinsic parameters rotation and translation present
on the essential matrix, E = [R, t].
The essential matrix is related to fundamental matrix by
E = K2T F K1 where K is the intrinsic parameters. So E is
equally defined with
x̂T2 E x̂1 = 0

(4)

From all the point matches, we obtain a set of linear
equations of the form Ae = 0 where e is a nine-vector
containing the entries of the matrix E, and A is the equation
matrix. The essential matrix E is a reshape of the solution
vector e and e is defined only up to an unknown scale. For
this reason, and to avoid the trivial solution e, we make
the additional constraint ||e|| = 1, resulting in the following
system:

n
 min P (xT Ex )2
1j
E
2j
(6)
j=1

kEkE = 1

The essential matrix E = [R, t] has only five degrees of
freedom: both the rotation matrix R and the translation t
have three degrees of freedom, but there is an overall scale
ambiguity − like the fundamental matrix, the essential matrix
is a homogeneous quantity.
The essential matrix is also a (3 × 3) matrix but with two
of its singular values has to be equal and the third zero. This
is deduced from the decomposition of E = RS, where S is
skew-symmetric.
2) Factorization: To reconstruct the path of the camera
is necessary to factorize E to find the rotation R and the
translations t. Using




0 1 0
0 −1 0
W =  −1 0 0  , Z =  1 0 0 
(7)
0 0 1
0 0 0
(notice that W is orthogonal and Z is skew-symmetric) and
a SVD decomposition of E, the paramaters R and t can be
computed as follows:
E = U DV T where D = diag(1, 1, 0)
R = UWV T
and


or

R = UWT V T

S = V ZV T

0
S =  tz
−ty

−tz
0
tx


ty
−tx 
0

(8)
(9)
(10)

(11)
where the points x are normalized to remove the intrinsic
parameters on the coordinates x̂i = Ki xi .
Given a pair of images, to each point x1 in one image, there
t = (tx , ty , tz ) or t = U (:, 3)
(12)
exists a corresponding epipolar line l2 in the other image. Any
A last check is necessary to have the essential matrix
point x2 in the second image matching the point x1 must lie
estimated:
the R and t have norm=1, so a correspondent point
on the epipolar line l1 .
is
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An×9 = x1 x2 x1 y2 x1 y1 x2 y1 y2 y1 x2 y2 1 n makes matrix A more balanced and noise robust and therefor
(5) making a better estimation of matrix E

B. Calibration Based on One Image and vSLAM
In order to estimate the calibration of a fixed camera we will
be using 3D points reconstructed by the camera mounted on
the mobile robot. Those 3D points are assumed to be visible,
and matched, in both the mobile and the fixed cameras. The
2D images on the fixed cameras and the 3D knowledge of
those points allows estimating the camera calibration, or in
other words, its projection matrix.
The projection of a 3D world point, M to an image point,
m is given by:
m̃ = P M̃
(13)
where P represents the projection matrix and the tilde denotes
homogeneous coordinates. Re-arranging the projection equation of one point M̃ = [M ; 1] = [X Y Z 1]T , imaged as
m̃ = λ[u v 1]T , considering P = [pT1 p14 ; pT2 p24 ; pT3 p34 ],
where pT1 , pT2 , pT3 are 1 × 3 vectors, pi4 are scalars, and
assuming p34 = 1, one obtains a pair of equations on eleven
variables [7]:

M T .p1 + 1.p14 + 0.p2 + 0p24 − u.M T .p3 = u
. (14)
0.p1 + 0.p14 + M T .p2 + 1p24 − v.M T .p3 = v
Thus, using n points we have 2n equations on 11 variables,
which we can re-write in the following linear form:
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(15)
which can be solved using least squares. Re-arranging the
solution vector [p1 ; p14 ; p2 p24 ; p3 ; 1] as a 3 × 4 matrix one
obtains finally the projection matrix P .
1) Pose Estimation: Given the projection matrix, P representing a general perspective camera, Eq.13, and estimated
using the method detailed in the previous section, we want
to find explicitly the camera’s position, t and orientation, R.
This implies removing the intrinsic parameters information, K
from P .
In other words, we want to decompose the projection
matrix in its intrinsic and extrinsic parameters. In [7], there
is proposed a direct factorization method of P using Givens
matrices, however we follow an approach closer to the one
in [6] which is based on (i) QR factorization of P , (ii)
transformation from the QR to the RQ factorization, and (iii)
sign correction of K.
2) QR based on Gram-Schmidt orthonormalization: As
noted in [6], many numerical packages provide the RQ factorization. Nevertheless, in case there is a need to write code from
scratch, there are several methods to do the QR factorization.
Most common methods are based on Householder matrices,
Givens matrices or simply on the Gram-Schmidt orthonormalization. In this work we use the Gram-Schmidt process which

proposes as the unity matrix just the orthonormal vectors found
from the matrix being factorized:



 r11 r12 r13
P1:3,1:3 = Q·R = q1 q2 q3  0 r22 r23  (16)
0
0 r33
where qi denote the orthonormalized vectors of P1:3,1:3 , for
instance q1 = P1:3,1 / kP1:3,1 k, and ri,j are weighting factors
found in the orthonormalization process2 .
3) Converting QR to RQ: The QR decomposition factorizes P1:3,1:3 as a unique product of an orthonormal (unity)
matrix and an upper-triangular matrix, provided that the uppertriangular has the main diagonal entries all positive. Note
that we want the reverse, i.e. an upper-triangular times an
orthonormal, as in the projection equation Eq.13. We will see
next that the QR factorization can be easily transformed to
RQ.
Defining a matrix S as:


0 0 1
S= 0 1 0 
1 0 0
S has the property that left (right) multiplying a 3 × 3 matrix
swaps its lines (columns). In addition S T = S and S · S = I
T
· S,
(i.e. S −1 = S). Then applying QR factorization to P1:3,1:3
T
P1:3,1:3
·S =Q·U

and doing some algebraic operations starting with a transpose
and then using the properties of S, one has P1:3,1:3 =
S.U T .QT = S.U T .S.S.QT = (SU T S) · (SQ) = K · R.
Note that this is already a RQ factorization as K = S.U T .S
comprises the necessary line and column swapping to change
the lower-left-triangular U T to upper-triangular, and the R =
S.QT is still unity as the transpose and the operation of S do
not affect the unity property.
4) Correcting the diagonal of K: In general the QR and RQ
factorizations can leave a sign ambiguity, which is removed
by requiring that K has positive diagonal entries [7]. Defining
a diagonal matrix, D having the signs of the main diagonal
of K,
D = diag{sign(K1,1 ), sign(K2,2 ), sign(K3,3 )}
one can correct the signs of K, and consequently update all
the terms of the factorization with:
K ← K.D, R ← D.R, t = K −1 .P1:3,4 .
The algorithm of decomposing a projection matrix,
symplified by using Matlab’s QR factorization, is the
following:
function [K, R, t]= proj_decomp(P)
% RQ from QR factorization
%
S= [0 0 1; 0 1 0; 1 0 0];
2 See
for
example
Gram-Schmidt.pdf.

http://www.tomzap.com/notes/MatricesM340L/

[Q,U]= qr(P(1:3,1:3)’*S); K=S*U’*S; R=S*Q’; ahead. Its first position is 3.5 meters from the left wall and it
moves 3 meters more to the right. It captures one image every
% Correcting signs and computing t
0.1 meters. Fig. 4(d,e,f) shows the first, the second and the
%
last images captured by the mobile camera.
After acquiring the static and the mobile images, we proD= diag(sign(diag(K)));
ceeded to detect and match SIFT features among all pairs
K= K*D; R= D*R; t= inv(K)*P(:,4);
of images, using the demonstration software [9]. The points
identified by the SIFT are represented in the figures by yellow
IV. R ESULTS
circles in Fig. 4(a,b,c,d,e,f).
In order to test our methodologies, we built a simulated
Given the positions of the features in the images acquired
setup, comprising one mobile camera and three fixed cameras.
by the mobile camera, we use the SLAM demonstration
The mobile camera moves in a way that its FOV has a large
software[11] to estimate the 3D-position of the points in the
overlapping with the FOV of the fixed (networked) camera.
world. The estimated 3D-positions of the points are repreThe cameras placed in the simulated setup have been calibrated
sented in Fig. 4(g) by the green points. The purple points repas described in Sec.A.
resent ground-truth data (reconstructed and ground-truth points
are connected by blue lines). The ground-truth positions have
A. Calibration based on a pair of images
been estimated by back-projecting the image points toward the
Our first calibration methodology relies on the factorization known facets composing the VRML world. The alignment of
of the essential matrix, computed from point correspondences the SLAM reconstruction and the VRML coordinate systems
between two cameras. The intrinsic parameters of the cameras is done using a simple Procrustes procedure.
Finally, the reconstructed 3D points and their images in
are assumed to be known. Only the poses are estimated.
In this experiment we move a camera over a sphere surface, the fixed cameras are used to calibrate the fixed cameras.
while holding a base camera at a constant location. The Fig. 4(g) shows the estimated positions and the orientations
moving camera represents the variety of camera poses that one of the mobile camera (red), and of the static cameras (blue).
finds in a large network of cameras, while the base camera Fig. 4(h) zooms the poses of the cameras. Ground-truth poses
represents the mobile robot that stopped at one location to of the mobile and the static cameras, were again computed
from the VRML, and are represented by cyan-lines (z axis)
allow estimate the location of the networked camera.
In order to better evaluate the robustness of the methodol- and black-dots (camera centers). The average error in the
ogy, we have contaminated the images with Gaussian noise. estimation position of cameras in each axis is less than 0.05
More precisely, we have defined a scenario composed by a meters.
number of known 3D points, which are projected to the cameras (see Fig. 3). The image projections are than contaminated
with Gaussian noise, with variance σ = 0.0, 0.1 or 0.5 pix.
Figure 3 shows the calibration results, i.e. the pose estimation, and show that one can only have very moderate noise
levels as otherwise the pose estimates become notoriously
incorrect. This result is interpreted as being due to the amount
of information used: in this case we use just two images, for
which we have a detection noise which is process dependent,
and thus not tunable in general. In the next experiment,
despite asking also for intrinsic parameters data, we add more
information as vSLAM aggregates the information collected
by several images.

V. C ONCLUSION
In this work we proposed two methodologies for calibrating
a network of cameras with non overlapping fields of view.
The camera network is linked together by a mobile robot
equipped with a camera. The calibration based on a pair of
images is a fast method, but also sensitive to noise. Regarding
the robustness to noise, the second methodology is more
promising as it gathers more data. Still, the accuracy of
the estimated structure information of the scene is a key to
our calibration procedure. Our experiments show that robot
motions parallel to the baselines of the fixed cameras, with
lengths on the order of magnitude of those of the baselines,
provide good accuracy.

B. Calibration based on one image and vSLAM
In this section we describe the estimation of the pose of
three fixed cameras, given the images acquired by a (calibrated) mobile camera. The pose estimation is based on the
calibration of fixed cameras as described in Sec.??.
The three static cameras are placed in a line 0.1 meters in
front to the back wall, 2 meters above the floor. The cameras
are separated by 2 meters. The middle camera is exactly in
the center of the two most distant walls (i.e. 5 meters to the
left and right walls). Fig. 4(a,b,c) shows the images acquired
by the static cameras.
The camera on the robot moves on a line parallel to the
baseline of the static cameras, 0.5 meters down and 0.4 meters

A PPENDIX
A. Simulated Setup
In this section we describe the VRML world built for our
experiments. The VRML world is composed by one room with
an exposition of Picasso paintings. The room is 10 meters long,
5 meters wide and 3 meters high. The paintings are located
on the walls and spread in the middle of the room. See Fig. 5.
In our calibration methodology we use reconstructed 3D
points, obtained in these experiments from a SLAM process
using a demonstration toolbox[11]. In order to run the SLAM
process, one needs the intrinsic parameters of the mobile
camera.

(a) zero noise

(b) 0.1 pix noise

(c) 0.5 pix noise

Fig. 3. Calibration experiment using the factorization of the essential matrix. A collection of 3D points (blue dots) is projected to a base camera and to a
camera placed at various locations over a sphere. These pairs of points are corrupted with Gaussian noise with variances 0.0, 0.1 and 0.5 pix (a, b and c).
The plots show the estimated camera poses (red) superimposed on the ground truth (black). The two rows of plots show two different views.

B. Ground Truth
In order to assess the precision and accuracy of vSLAM
based reconstruction one needs ground truth. This ground truth
can be obtained simply by the back-projection to the 3D scene
of the image points selected by the SIFT .
The back-projection assigns to each point in the image an
infinite set of points. This set of points will constitute a ray in
the space which starts in the center of the camera and passes
through the point of interest in the image. This image is located
at a focal distance of the center of the camera. See in Fig.6.

Fig. 5. Simulated setup: VRML room with an exposition of Picasso paintings
(top; removed ceiling and one wall), and an image acquired inside the room
(bottom).

The rendering of VRML depends significantly on the
browser. One aspect that usually varies significantly is the
size of the browsing window, which implies that the intrinsic
parameters of the virtual camera also vary significantly.
In order to overcome this variability, we perform a calibration procedure as usual with a normal camera. More precisely,
we placed a calibration pattern in the scene and moved it in
the field of view of the camera, allowing then to use Bouguet’s
calibration toolbox [3].
The results of the calibration toolbox allow estimating the
intrinsics matrix K with the structure shown in Eq.2. The intrinsics matrix allows then to realize euclidean reconstructions
of image points matched or tracked in two or more images,
and to calibrate the camera network.

Fig. 6. Example of a back-projection of one point of image camera(Pimg).
The point C identify the center of the camera.

To define the line we know two points of the optical ray,
namely the camera center C, defined as PC=0, and the point
P + x, where P + is the pseudo-inverse of P. The pseudo-inverse
of P is the matrix P + = P T (P P T )−1 , for which P P T =
I. Point P + x lies on the ray because it projects to x, since
P (P + x) = Ix = x. Then the ray is formed by the join of
these two points
X(λ) = P + x + λC

(17)

In this case, we have finite cameras and the expression can
be developed. Writing P = [M |P4 ], the camera center is given
by C̃ = −M −1 p4 . An image point x back-projects to a ray in−
tersecting the plane at infinity at the point D = ((M 1 x)T , 0),

(a) Static image 1

(b) Static image 2

(c) Static image 3

(d) First mobile image

(e) Second mobile image

(f) 30th mobile image

(g) Ground truth and calibration results

(h) Detail of the positions of the cameras

Fig. 4. Calibration experiment. Images acquired by the three static cameras of the camera network (a,b,c), and three sample images acquired by the mobile
camera (d,e,f). The yellow circles with black dots represent SIFT features used for calibration. Sub-figure (g) shows ground-truth 3D points (purple) and
mobile / fixed camera locations (represented by a cyan line and a black point), and reconstructed 3D points (green) and mobile / fixed camera locations (red
/ blue pyramid, black centers), these position of the cameras are projected in the floor (red/blue squares), superimposed on a wireframe representation of the
scenario. Zoom of the locations of the ground-truth and reconstructed cameras (h).

and D provides a second point on the line. Again writing the
ray as the join of two points
 

 
M −1 (µx − p4 )
M −1 p4
=
−
1
1
(18)
We consider the distance a point lies in front of or behind the
principal plane of the camera. Consider a camera matrix P =
[M |p4 ], projecting a point X = (X, Y, Z, 1)T = (X̃ T , 1)T
in 3-space to the image point x = w(x, y, 1)T = P X. Let
C = (C̃, 1)T be the camera center. Then w = P 3T X =
P 3T (X̃ − C̃) where m3 is the principal ray direction, so w =
m3T (X̃ − C̃) can be interpreted as the dot product of the ray
from the camera center to the point X, with the principal ray
direction.
If X = (X, Y, Z, T )T is a 3D point and P = [M |p4 ] is a
camera matrix for a finite camera. Suppose P (X, Y, Z, T )T =
w(x, y, 1)T , then
X (µ) = µ



M −1 x
0

depth (X : P ) =

sign(det M )w
T km3 k

is the depth of the point X in front of the principal plane

of the camera.
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