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Abstract
Omnidirectional cameras are a popular choice of visual
sensors in robotics because their large ﬁeld of view is well
suited for motion estimation and obstacle avoidance. However their practical use is often burdened by the calibration
phase that can be time consuming and require an experienced user. The contribution of this work is a simpliﬁcation of calibration phase by providing a direct approach to
the calibration of this kind of sensor. This approach tracks
a planar region in the scene to ﬁnd the camera’s intrinsic
parameters. The only requirement for the user is to select
a plane in the ﬁrst image of the sequence. The algorithm
needs no prior knowledge about extrinsic, camera, lens or
mirror parameters. In order to assess the performance of
the proposed method, we perform experiments with synthetic and real data.

1. Introduction
Since their introduction to the computer vision commmunity, omnidirectional cameras have been utilized in many
application areas where large visual ﬁeld coverage is needed
such as motion estimation and obstacle avoidance [15, 4].
However their practical use is often burdened by the calibration phase that can be time consuming and require an
experienced user. Accurate calibration of a vision system
is necessary for any computer vision task requiring extracting metric information of the environment from 2D images.
Whereas existing works can provide interesting results, they
suffer from several practical limitations (manual extraction,
inaccurate conic ﬁtting, calibration pattern, camera motion,
execution time, etc ...).
Many calibration methods for omnidirectional cameras
∗ This work is partially supported by the grants CONACYT and SEP,
México

have been presented in the past few years. Previous works
on omnidirectional camera calibration can be classiﬁed into
two different categories. The ﬁrst one includes methods
which exploit prior knowledge about the scene, such as the
presence of calibration patterns [6, 2] or plum lines [8] .
The second group covers techniques that do not use this
knowledge. This includes calibration methods from pure
rotation [2] or planar motion of the camera [9] and selfcalibration procedures, which are performed from point correspondences and epipolar constraint through minimizing
an objective function [10, 14].
All mentioned techniques differentiate themselves mainly
by: the type of mirror taken into account (e.g., hyperbolic
and parabolic) and the projection model (skewness, aligment, errors, . . . ). In [8, 10], the authors treat the case of a
parabolic mirror. In [8] it is shown that vanishing points
lie on a conic section which encodes the entire calibration information. Thus, projections of two sets of parallel
lines sufﬁce for intrinsic calibration. Howewer, this property does not apply to non-parabolic mirros. Therefore, the
proposed technique cannot be easily generalized to other
kinds of sensors. The methods described in [10, 14] fall in
the self-calibration category. These methods require no calibration pattern, nor a priori knowledge about the scene. The
only assumption is the capability to automatically ﬁnd point
correspondences in a set of panoramic images of the same
scene. Then, calibration is directly performed by epipolar
geometry by minimizing an objective function. In [10], this
is done by employing a parabolic mirror. However, besides
focusing on particular types, the mentioned self-calibration
techniques may suffer in case of tracking difﬁculties and of
a small number of reatures points [5].
Motivated by this observation, we propose a calibration that
stays valid for all central catadioptric systems. We use the
uniﬁed model of Barreto-Geyer [3, 7] to achieve this. The
proposed self-calibration method is based on previous work
[1]. Here, a planar region in the scene was tracked using
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an uncalibrated central catadioptric camera. It has been
shown that a nonlinear optimization problem can be solved
for small displacements between two images like those acquired at video rate by a camera mounted on a robot. Even
though our proposed approach is similar to [1], this work is
aimed at on-line self-calibration employing several views in
a tracked sequence. In [1] the aim was not recovering the
true intrinsic and extrinsic parameters but to align the image
regions along the sequence. The proposed self-calibration
algorithm needs no prior knowledge about extrinsic, camera, lens or mirror parameters. The only requirement for
the user is to select a plane in the ﬁrst image of a sequence.
Then, the target region is warped into the reference image
with respect to the sum of squared differences (SSD). In order to assess the performance of the proposed method, we
perform experiments with synthetic and real data.
The structure of the paper is the following. The warping
function which includes the projection model (intrinsic parameters) and the motion model (extrinsic parameters) is
described in Section 2. The proposed algorithm is presented
in Section 3. The results with synthetic and real data are
given in Section 4. Finally, in Section 5 we made some
conclusions of the work.
but to align the image regions along the sequence.

2. Warping Function
Warping is a function that allows to map the coordinates
of reference image points in the current image. We will
denote by w the warping function which depends on the
homography and the sensor parameters:
R2
w : SL(3) × R × R5 × R2 →

(H, ξ, K, p)
→ p = w (H, ξ, K, p)

p = (u , v , 1) measured in the image to the unit sphere
as follows :
The ﬁrst step is to apply the inverse projection induced
by K−1 to obtain a point on the normalized plane q =
k−1 (γ, p) = K−1 p. Matrix K is a generalised camera projection matrix (with [f1 , f2 ] the focal length and (u0 , v0 )
the principal point).
⎛

f1 η
K=⎝ 0
0

Let c−1 (ξ, K, p) be the transformation between the image
plane and the unit sphere :
c−1 : R × R5 × P2
(ξ, K, p)

⎞
u0
v0 ⎠
1

In this step, function ψ −1 (ξ, q) employs another calibration parameter, the mirror parameter ξ. This parameter
deﬁnes the shape of the used omnidirectional mirror sensor.
Table 1. Mirror parameter

ξ
1
>0 and <1
0
>1
<0

2.1.2

Mirror type
Parabolic
Hyperbolic, elliptic, conical or spherical
Planar
Fish eye
No mirror

The transformation between spheres

Let  (h, s) be the function that transforms the points between the spheres:
:

−→
S2
−1
−→ s = c (ξ, K, p)

The transformation between the image plane and the
unit sphere c−1 (ξ, K, p) = ψ −1 (ξ, k−1 (γ, p)) lifts a point

0
β2
0

The second step projects point q = (qu , qv , 1) ,
on the normalized
plane, using the inverse function
√
2 +q 2 )
−ξ− (1−ξ 2 )(qu
v
proposed by Barreto [3] to obtain
α=
2 +q 2 +1
qu
v
−1
a point s = ψ (ξ, q) = (αqu , αqv , α + ξ) on the unit
sphere. In this step, another calibration parameter is taking
into account, ξ. This parameter deﬁnes the shape of the
using mirror in the omnidirectional sensor.

The warping function include basically three transformations: First. The transformation between the image plane
and the unit sphere. Second. The transformation between
spheres. Finally The transformation between the unit sphere
and the image plane.
The transformation between the image plane and
the unit sphere

⎞ ⎛
u0
β1
v0 ⎠ = ⎝ 0
1
0

A generalized camera projection matrix indicates that
the sensor is no longer considered as a separate camera and
mirror but as a global device. This is particularly important
for calibration because it shows that f and η cannot be
estimated independently. We will denote βi = fi η. In
function k−1 (γ, p), γ = [β1 , β2 , u0 , v0 ] contains the
camera intrinsic parameters.

2.1. Steps of Warping and calibration parameters

2.1.1

0
f2 η
0

SL(3) × S2
(h, s)

−→
S2

−→ s =  (h, s)

The transformation between spheres  (h, s) is performed by an homography.
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Two points are related by an homography H as X =
HX. The standard planar homography matrix H is deﬁned
up to a scale factor: H ∼ R + tn∗
d , where R is the 3 × 3
rotation matrix of the camera and t its translation vector,
n∗d = n∗ /d∗ is the ratio between the normal vector to the
plane n∗ (a unit vector) and the distance d∗ of the plane
to the origin of the reference frame. So, the projection of

points s and s , belonging to a planar region of the scene,

on the sphere are related by ρ s = ρHs. This homography
has the representation of
⎞ ⎛
h
h1
1
⎠
⎝
h
=
H = ⎝ h
4
2
h
h
7
3
⎛

h2
h5
h8

⎞
h3
h6 ⎠
h9

In this transformation, when the homography H is applied to point s a 3D point in the world is obtained by
X3D = Hs. To remind this point X3D onto the unit sphere,

X3D
. Therefore, the
a normalization is computed, s = X
3D 


Hs
Hs .

transformation  (h, s) is equal to : s =  (h, s) =
The function (h, s) introduces the extrinsic parameters,
h = [h1 , h2 , h3 , h4 , h5 , h6 , h7 , h8 , h9 ] .

2.1.3

The transformation between the unit sphere and
the image plane

Let c(ξ, K, s) be the transformation between the sphere and
the image plane:
c : R × R5 × S2
(ξ, K, s)

−→
P2
−→ p = c(ξ, K, s)








This transformation lifts a point s = (Xs , Ys , Zs )
on the unit sphere to the image plane as follows : The ﬁrst

step is to change the point s to a new reference frame




centered in Cp = (0, 0, ξ) , sCp = (Xs , Ys , Zs + ξ) .
Then the point is projected to the normalised plane to
 



Xs
Ys

obtain q = ψ(ξ, s ) = Z  +ξ , Z  +ξ , 1 .
s

3. Algorithm
3.1. Self-calibration Problem
The self-calibration problem will essentially be considered as an image registration problem. It is directly related
to the grey-level brightness measurements in the catadioptric images. Let ξ, K, and H be the true intrinsic and extrinsic sensor parameters. The interest is to ﬁnd the set of
 and H
 , that ﬁts best with the true sensors
parameters ξ , K,
parameters such that current image will be aligned with the
reference template. Therefore, when Equation 2 is satisﬁed,
the calibration of the omnidirectional sensor is achieved.
 K,
 ξ,
 p
I  w H,

The proposed self-calibration method is based on previous work [1]. Therefore, an image reference of the plane
selected by the user is considered. This is the only requirement asked for the method to the user. No prior knowledge about extrinsic, camera, lens or mirror parameters are
needed.
Let I be the selected reference image by the user. A region of size R (rows × columns) of I corresponding to the
projection of a 3D planar region of the scene will be called
reference template. To track the reference template in the

current image I , we look for a set of parameters includ the camera intrinsic parameters
ing the mirror parameter ξ,
 and the transformation H
 such that current image will
K
be aligned with the reference template. Once we have an
 of the transformation H and an approxapproximation H
 of the intrinsic parameters ξ and γ, the
imation ξ and K
problem is to ﬁnd the incremental transformation of H, ξ,
and K, that minimize the sum of square differences over all
the pixels of the cost function:
1
2

I




 + K, pi
w HH,
ξ + ξ, K

− I(pi )2 (3)

p∈R

The homography and intrinsic parameters of the imaging
device are then updated as follows:

H
ξ

K

If expressions in sections 2.1.1, 2.1.2 and 2.1.3 are combined, the warping function can be written as:
p = w(H, ξ, K, p) = k(γ, ψ(ξ,  (h, ψ −1 (ξ, k−1 (γ, p)))))
(1)
This warping expression will be highly useful in the remainder of the paper.

(2)

3.2. Method

s

The ﬁnal projection involves the generalised camera
projection matrix K to obtain the point p = (u, v, 1)
in the image. This projection is performed as follows :
p = k(γ, q ) = Kq

= I(p)


←
HH

← ξ+ξ
 +K
← K

(4)

Similarly to [12] the incremental homography
H ∈ SL(3) and the intrinsic parameters updated are
parametrized with local coordinates of the Lie algebra
sl(3).
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3.3. Application of the Efﬁcient Second-order
Method (ESM)
Although the optimization problem can be solved using ﬁrst-order methods, we have chosen to use the efﬁcient
second-order minimization algorithm (ESM) [11] to solve
the optimization problem. In this case the least-squares solution of equation (3) is:
+

J(0) + J(x)
f (0)
(5)
x=−
2
where ’+’ indicates the matrix pseudo-inverse. Once the
increment x has been found, we update the estimated parameters as described in Equation (4). The current Jacobian
J(0) and the approximated reference Jacobian J(x) will be
detailed in the next section.

3.4. Computing the current Jacobian
Let x = (h, ξ, γ) be the state vector. The objective function is minimized by: ∇x fi (x)|x=ex = 0, where ∇x is the
gradient operator with respect to the unknown parameters
and there exists a stationary point x = x which is the global
minimum of the cost function. Hence, the computation of
the current Jacobian J(0) = ∇fi (x)|x=0 is quite straightforward and can be decomposed into modular parts:


 
(6)
J(0) = ∇h I ∇ξ I ∇γ I x=0
We use the chain rule to ﬁnd the four derivatives of equation (6), the three blocks can be written:
∇h I  |x=0
∇ξ I  |x=0


∇γ I |x=0

= JI  Jw Jwh JHh (0)
= JI  Jw Jξ (0)

(7)
(8)

=

(9)

JI  Jw Jγ (0)

3.5. Computing the reference Jacobian
For the reference Jacobian, it is necessary to ﬁnd the current image intensity with the estimated parameters.
Similarly to the current Jacobian, the reference Jacobian J(x̃) can be computed using the derivatives chain rule.
Therefore the reference Jacobian can also be written as:

(10)
J(x̃) = ∇h I  ∇ξ I  ∇γ I  x=x̃
The three blocks of this Jacobian can be written:
= JI Jw Jwh JH−1 H
b h (x̃)

(11)



∇ξ I |x=x̃

= JI Jw Jξ (x̃)

(12)



= JI Jw Jγ (x̃)

(13)

∇γ I |x=x̃

The second-order incremental update is given by equation (5). However J(x̃) depends explicitly on the unknown
optimal increment x̃. By using the left invariance property
J(x̃)x̃ = J(0)x̃, the computation of JH−1 H
b h (x̃), Jξb(x̃)

and Jγb (x̃) are avoided by assuming H ≈ H, ξ ≈ ξ and
 . The update x̃ of the solution can then be computed
γ≈γ
as follows:

x=

JI + JI 
2



+
Jw [JwH JHh (0) Jξ (0) Jγ (0)]

f (0)
(14)

4. Results
In order to validate the proposed self-calibration method
we performed experiments with synthetic data and real data.
The synthetic image sequence is composed of 100 images.
To create this sequence we transformed a real parabolic image. The synthetic images were created from this image
assuming constant intrinsic parameters such as: a catadioptric camera with a parabolic mirror ξ = 1, a generalized
focal length β1 = −250, β2 = −250 and an image center (u0 , v0 ) = (512, 384). The homography matrices are
differents for each image. The real image sequence is composed of 700 images of size 1024×768 combining a camera
with a parabolic mirror. To show that the proposed method
ﬁnds a good aproximation of the true intrinsic parameters,
calibration of the sensor was pursued according to [13]. Determined intrinsic parameters for the real data sequence are
ξ = 1, β1 = −295 , β2 = −294, u0 = 519 and v0 = 382.

4.1. Synthetic data

JI  represents the current image gradient.

∇h I  |x=x̃

3.6. Minimization procedure

In these Jacobians, JI represents the gradient of the reference image, therefore, only needs to be calculated once.

Since the objective is to validate the self-calibration approach, we considered unknown intrinsic parameters to start
the minimization. The initial guess for the intrinsic parameters was ξ = 0.8, β1 = −125, β2 = −125, u0 = 522
and v0 = 394 and for the homography parameters was
given by the identity 3 × 3 matrix. Figure 1 shows four
calibration images of the test sequence with the tracked image region marked in red. Figures 2-6 in this section show
the estimated parameters during the tracking sequence. In
the beginning of the estimation, the intrinsic parameters are
not compute because the homography is the identity. That
means that the camera has not moved, therefore, the intrinsic parameters may take any value. To avoid this, we skip
a few images to ensure the camera has moved and the intrinsic parameters will take reasonable values that allow a
correct convergence. As we can see the estimation is stabilized after 40 images and subsequent information does not
have strong inﬂuence. The small variance of the estimates is
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Intrinsic parameter (B )

due to the noisy that has been added by interpolation when
synthetic data has been created.

2

−120
−140

pixel

−160
−180
−200
−220
−240
−260
0

20

40

60
Images

80

100

120

Figure 4. Estimated parameters. The black line depicts the estimated parameter β2 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to β2 = −125.

Intrinsic parameter (u )
0

525

520

pixel

Figure 1. Calibration. Four calibration images of the test sequence with the tracked image region marked in red.

515

510
0

Mirror parameter (xi)
1.05

20

40

60
Images

80

100

120

Figure 5. Estimated parameters. The black line depicts the estimated parameter u0 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to u0 = 522.

1
0.95
0.9

Intrinsic parameter (v0)

0.85

394

0.8
0

20

40

60
Images

80

100

392

120

390

pixel

Figure 2. Estimated parameters. The black line depicts the estimated parameter ξ, whereas the blue line shows the ground truth
parameter. The initial guess has been set to ξ = 0.8.

388
386
384
382
0

Intrinsic parameter (B1)

20

40

60
Images

80

100

120

Figure 6. Estimated parameters. The black line depicts the estimated parameter v0 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to v0 = 394.
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Figure 3. Estimated parameters. The black line depicts the estimated parameter β1 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to β1 = −125.

4.2. Real data
The initial guess for the intrinsic parameters was ξ =
0.8, β1 = −100, β2 = −100, u0 = 512 and v0 = 384 and
for the homography parameters was given by the identity

3 × 3 matrix. Figure 7 shows four calibration images of the
test sequence with the tracked image region marked in red
for the proposed method in this paper. Figures 8-12 in this
section show the estimated parameters during the tracking
sequence. In the beginning of the estimation, the intrinsic
parameters are not compute because the homography is the
identity. That means that the camera has not moved, therefore, the intrinsic parameters may take any value. To avoid
this, we skip a few images to ensure the camera has moved
and the intrinsic parameters will take reasonable values that
allow a correct convergence. To smooth the noise due to
brightness and blurriness we applied Kalman ﬁltering to the
convergence curve. As we can see the estimates stabilize
2153

Authorized licensed use limited to: INRIA. Downloaded on February 27,2021 at 10:16:21 UTC from IEEE Xplore. Restrictions apply.

after 350 images and the subsequent information does not
have strong inﬂuence. The strong variance of parameters u0
and v0 is symptomatic of an unobservable parameter. It can
be due to illumination changes and blur affect. Future work
will focalise on consider illumination changes and blur affect to make more robust this method. The ﬁnal calibration
values are ξ = 1.07, β1 = 305.3, β2 = 304.2 , u0 = 514.7
and v0 = 377.8.

Intrinsic parameter (B1)
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−160
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−240
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100

200

300

400

500
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Figure 9. Estimated parameters. The red line depicts the estimated parameter β1 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to β1 = −100.
Intrinsic parameter (B2)
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Figure 10. Estimated parameters. The red line depicts the estimated parameter β2 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to β2 = −100.
Figure 7. Calibration. Four calibration images of the real data
with the tracked image region marked in red.

Intrinsic parameter (u0)
520

515

pixel

Mirror parameter (xi)
1.1

510

1.05
1
0.95

505
0

100

200

300

400

500

600

700

Images

0.9
0.85
0.8
0

100

200

300
400
Images

500

600

700

Figure 11. Estimated parameters. The red line depicts the estimated parameter u0 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to u0 = 512.

Figure 8. Estimated parameters. The red line depicts the estimated parameter ξ, whereas the blue line shows the ground truth
parameter. The initial guess has been set to ξ = 0.8.

Intrinsic parameter (v0)
384
383
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pixel
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380
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5. Conclusion
In this article, we have shown a direct approach to the
self-calibration of omnidirectional cameras. The proposed
self-calibration algorithm needs no prior knowledge about
extrinsic, camera, lens or mirror parameters. The only requirement for the user is to select a plane in the ﬁrst image of a sequence. Avoiding the awkward calibration steps
should facilitate the adoption of omnidirectional sensors in
robotics. Synthetic data have shown that under certainly
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Figure 12. Estimated parameters. The red line depicts the estimated parameter v0 , whereas the blue line shows the ground truth
parameter. The initial guess has been set to v0 = 384.
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conditions, no illumination changes and blur effect, the estimated parameters converges to the correct value after a
few images. On other hand, experiment with real data have
shown that the estimation of parameters can be unobservables because of noise. Therefore, future work will focus
on considering illumination changes and blur effect to provide a faster and more robust algorithm.
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