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Abstract _
View cone

We present a theory and algorithms for plane-based cal-

ibration and pose recovery of general radially distorted Calibration plane
cameras. By this we understand cameras that have a distor- T
tion center and an optical axis such that the projection rays Distortion circle

of pixels lying on a circle centered on the distortion center
form a right cone centered on the optical axis. The camera
is said to have a singular viewpoint (SVP) if all such view
cones have the same vertex (the optical center), otherwise
we speak of non-SVP, and each view cone may have its own
optical center on the optical axis. This model encompasses
the classical radial distortion model, sheyes, most cahtr

or non-central catadioptric cameras, but also cameras with
radially symmetric caustics.

Calibration consists in the estimation of the distortiomee

ter, the opening angles of all view cones and their optical
center. We present two approaches of computing a full cal- Camera image Plane image

ibration from dense correspondences of a single or multi-

ple planes with known euclidean structure. The rst one is Figure 1: Our camera model (see text for explanations). The
based on a geometric constraint linking view cones and as-inlayed illustrations show the distortion center (in blaey
sociated ellipses in the calibration plane; calibrationtbe a distortion circle for a true image taken with a sheye, and
view cones can be solved by determining the closest pointhe corresponding calibration ellipse overlaid on a patter
to a set of hyperbolas. The second approach uses existshown on the calibration plane.

ing plane-based calibration methods to directly calibrate

individual view cones. A simple distortion correction al-

gorithm for calibrated SVP images is given. Preliminary an opposite point of view, by adopting a very generic imag-

experiments show convincing results. ing model that incorporates most commonly used cameras
[9, 5, 17, 10, 15]. In the most general case, cameras are
1. Introduction modeled by attributing an individual projection ray to each

individual pixel. Such a model is highly expressive, busit i
In the last few years, we have seen an increasing interesyif cult to obtain a stable calibration of cameras with it.
in non-conventional cameras and projection mo_dels, going | this paper, we propose a simple camera model (and as-
beyond af ne or perspective projection. There exists adarg gqciated calibration methods) that hopefully offers a good
diversity of camera models; many of them speci ¢ to cer- compromise: it is suf ciently general to model many com-
tain types of projections [1, 13] or families of cameras such 5 camera types, but has much fewer parameters than the
as central catadioptric systems [2, 8, 3, 6]. All these mod- 5,46 generic model, thus making calibration much easier

els are described by a few intrinsic parameters, much like 304 more stable. We model cameras using the notions of a
the classical pinhole model, possibly enhanced with radial yisiortion center in the image and apptical axis in 3D.

orldecentering distortion coef cients. Calibration medbo For cameras withadially symmetric distortion , the pro-
exist for all these models, and they are usually ta|Ior-madejeCﬁOn rays associated with pixels lying on a same circle

for them, i.e. can not be used for any other projection centered on the distortion center, lie on a rigietving cone
model. Several works address the calibration problem from .qniered on the optical axis (cf. g. 1). This encompasses

tardifj@iro.umontreal.ca many common camera models, §uch as pinhqle (mo.dulo' as-
Y peter.sturm@inrialpes.fr pect ratio and skew), the classical polynomial radial dis-




tortion model, sheyes, or any catadioptric system whose plane is the plang = 0, and that the calibration ellipse
mirror is a surface of revolution, and for which the optical is given by the matrix dia@; b; 1), withb a > 0, i.e.

axis of the perspective (or af ne) camera looking at it is theX -axis is the ellipse's major axis. Our aim is to provide
aligned with the mirror's revolution axis. Our model com- constraints on the position of the optical center, as well as
prisescentral cameras (SVP), where all viewing cones have on the orientation of the optical axis, from this ellipse.

the same vertex (theptical center), but alsonon-central Let us rst state a well-known result. Consider a right cone
ones (NSVP), for which the viewing cones' vertices lie any- (whose vertex is a point with real coordinates) and its inter
where on the optical axis. In the latter case, we may speaksection with a plane. For now, we only consider the case
of one optical center per viewing cone. where the intersection is an ellipse (the case of the hyper-
Problem statement.We want to calibrate cameras based on bola will be discussed later). It is easy to prove that the
the above model, from one or several images of a calibrationorthogonal projection of the cone's vertex onto the plane,
plane in unknown positions. The input to the calibration lies on the ellipse's major axis (cf. g. 2a and 85). This
algorithms is a dense matching between the plane(s) and thémplies that the cone's vertex lies in the plane that is or-
camera image, and the euclidean structure of the plane(s)thogonal to the ellipse's supporting plane and that costain
From this, we compute, for all viewing cones, their focal its major axis.

length (equivalent to the opening angle). Our algorithms For our problem, this means that the optical center must lie
assume a known position of the distortion center, but we in the planey = 0 (since the ellipse lies in plari& = 0 and
also show how to estimate it, using repeated calibrationshas theX -axis as major axis). We may further constrain its
for different candidates. Calibration also comprises @&pos positionC = ( X; 0;Z; 1)T, as follows [4]. The cone with
estimation problem: estimating the orientation of theagiti ~ C as vertex and that contains the calibration ellipse, isgive
axis (relative to a calibration plane) and the location @lea by (/ represents equality up to scale):
viewing cone's vertex on it. 0 )

Organization. A geometric study of our model is presented az 0 ) axz 0

in 82, together with our rst calibration approach. The sec- / % 0 bz S 0 §
ond approach, based on the standard plane-based calibra- axz 0 aX 1 2 )
tion method, is described in 83. In 84, we give an algorithm 0 0 Z Z
for performing perspective image recti cation based on cal
ibration results. Several practical issues and experiahent
results are presented in 85 and 86, respectively.

1

For this cone to be a right one, its upper [&ft 3 matrix
must have a double eigenvalue. The three eigenvalues are:

q
, axXx2+az? 1 4az?+( ax? az2+1)’
2. Geometry bZ"; 5

2.1. One Distortion Circle The second and third eigenvalues can not be equal for real
Let us consider one distortion circle in the image plane. We values ofX andZ (besides in the trivial cas¢ = Z = 0).
suppose that we have determined the ellipse on the calibraThe rst eigenvalue is equal to the third onezif= 0 and to

tion plane that is mapped to that circle via the camera's the second one if:

projection function (see 85). If we knew the position of 2 2 o

the camera’s optical center relative to the calibratiompla abX®+ba bz°+(a b=0: @)
:hen we (;ould ((:jotrrr:ptute t:]e_' cotr;]e thbat has f.hbe ?_pt'calu_cen'This equation tells us that the optical center lies on a conic
eras veriex and that contains e above calibration €4ps ., 4, planeY = 0, given by the following matrix:

That cone has several interesting properties: its axises th

, . ; o : : . 0 1
camera's optical axis and it is a right cone, i.e. rotatitnal ab
symmetric with respect to its axis. From the cone, the focal = @ bla b A -
length of the considered distortion circle can be easily-com a b

puted (the cone's opening angle equals the eld of view).

In practice, we do not know the optical center's position rel  This is & hyperbola, sincea b < 0. Furthermore, its
ative to the calibration plane. In the following, we show ge- asymptotes correspond to the direction of the two cylinders
ometrical relations between the calibration ellipse, thg-o  that contain the calibration ellipse.

cal center and the optical axis of the camera. When talking Let us now consider the orientation of the optical axis. Due
about optical center, we mean the optical center per distor-t0 (1), let us consider an optical center with:

tion circle; they all lie on the optical axis and in the SVP S s .«
case, they are identical. 7 = abX?+a b
Without loss of generality, we assume that the calibration b(b a)
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Figure 2: lllustrations of the geometry of viewing conedljlration ellipses and location of optical center. cf. tes)
Complete illustration for one viewing conk) View of the calibration plane, showing many cones' calitma ellipses. Note
that their major axes are collinea&). Side view of the hyperbolas associated with many calibregilipses.

Here, we exclude the case= b, which would correspond the associated calibration ellipse, up to 1 degree of free-
to the camera looking straight at the calibration plane. dom (location on the hyperbola). We now show how to
The direction of the cone's axis is given by the eigenvector get a unique solution, when considering several distortion
associated with the single eigenvalue gfaugmented with  circles simultaneously. Let us rst note that calibratidn e

a homogeneous coordindle lipses corresponding to different distortion circles, ao¢
P bb a)(abXZ+ a b)l independent: their major axes are collinear (cf. g. 2b)
0 Their centers are not identical however (unless they are all
% abX : (2) circles, i.e. if the camera looks straight at the plane).
0 Let 4 be the hyperbolas for different distortion circles,

given in the same coordinate frame. In the case of a single
viewpoint camera, the optical center must lie on all these
hyperbolas. Furthermore, the optical axis is tangent to all

We now show that the cone's axis is identical with the tan-
gent of the hyperbola in the optical centeC, which is

given b%(|n1the pcl)ane( =0): 1 of them. This implies that all hyperbolas touch each other
p abX (have a double intersection point) in the optical centeisTh
@zA =@ " pb aj(abXZ+a DA: isillustrated in gure 2c. A nave algorithm would compute
1 a b the hyperbolas for all ellipses and seek their single iers
Its point at i8 niB/ is (still in the planeY = 01): tion/contact point. The drawback of this situation is that
b a)abXZ+a b very little noise can cause two hyperbolas to have no real
ab X A intersection point at all, instead of a double one.

0 Consider now the NSVP case: to each distortion circle and

viewing cone, corresponds a separate optical center. Hence
the hyperbolas won't have a single contact point anymore.
However, the optical axis is shared by all viewing cones.
Elence, it is the single (in general) line that is tangent to al
yyperbolas. Furthermore, the individual optical centees a
its contact points with the associated hyperbolas.

i.e. it is identical with the point given in (2). Hence, for an
optical center on , the optical axis is directly given by the
associated tangent.

The case where the intersection between a cone and the ca
ibration plane yields a hyperbola, given by diag b; 1),

can be dealt with in a similar fashion. This typically occurs
with very wide angle cameras. Once again, the calibration
hyperbolas have their major axes aligned together. We can2.3. Calibration and Pose Estimation

show that the possible viewpoints lie on an ellipse given by A simple calibration method consists in computing the 3D
diaglab;fa+ b); a b) and that the optical axis is tan-  point which is closest in average to all hyperbolas (see next
gent to it. For Slmp|ICIty'S Sa.ke, the rest of the article eon paragraph)_ This gives the camera's 0ptica| center (re'a_
centrates on the elliptic case; nevertheless, everythotish  tive to the calibration plane). Then, viewing cones can be
when some intersections are hyperbolas. spanned with individual calibration ellipses, and the foca

2.2. Multiple Distortion Circles 1This constraint is non-linear, but can be enforced whemgtihe el-
T . . . lipses in cases where the correspondences with the cadibrgine have
So far, we have shown that for an individual distortion cir- large errors, or not uniformly distributed around the cutvé not shown

cle, the associated viewing cone can be determined fromhere due to lack of space.



lengths for all distortion circles are computed based oin the
opening angles. In the NSVP case, we would rst compute
the optical axis. A plausible criterion would be to nd the front
line L that minimizes the sum of squared distances between
itself and the closest tangent line to each hyperbola grall
to L. In the following, this calibration approach is referred
as the Right Cone Constraint method (RCC).

Closest point to the hyperbolas.Computing the orthogo-
nal distance of a point to a general conic requires solving
fourth degree polynomial [19]. Using this to compute the
closest point to our set of hyperbolas is not very practical.
Instead, we minimize a simpler cost function: the closest
pointq is found by solving:

Optical axis

back

X Original circle \
min dist(q; qq)?; subject toqg ddq =0; Rectified circle
4:Qa Cone in opposite direction
i.e. we also estimate one point per hyperbolathat will,
after convergence, be the orthogonal projectiog oh 4. Figure 3: Viewing cones can also be seen as individual per-
The problem is solved using th&inimizefunction ofMath- spective cameras with different focal length. A recti ed
ematica Since the function and constraints are polynomial, image can be obtained by projecting the distortion circles

it uses a cylindrical algebraic decomposition that guaesit  (which lie in different planes) on one plangyon; (O  pack
a global minimum [18]. for a eld of view larger thanl8().

3. Calibration with the IAC . . N

tq allows to model translational displacement of individual
The RCC approach relied on pose recovery from the imageviewing cones along the optical axis (given gy, the third
of one plane to calibrate. In practice, if many calibration row of R), which is needed for NSVP cameras. For SVP
planes are available, one would want to use them to increaseameras, we sdfy = 0 for all d. As for Kg, it is a cali-
robustness. We present another approach that rst com-bration matrix diag(f 4; f 4; 1), wheref 4 is the focal length
putes the calibration (from one or many images of planes) associated with the considered distortion circle. We may in
and then recovers the pose. The approach uses well-knowterpret the relation betweehandf 4 as a distortion function
results on plane-based calibration for perspective casnera applied to a perspective camera whose undistorted image
[20, 16]. Indeed, it is possible to see the viewing cones plane is font (cf. 9. 3).
in terms of manyperspective camerasvith different focal Note that this parameterization only accounts for viewing
lengths but identical principal point. In the SVP case,thei cones with eld of view smaller thai8(®. Larger elds
extrinsic parameters are also identical, whereas an NSVPof view can be modeled by adding a re ection to the rota-
camera can be modeled by adding a translation along thetional component of the posB? = diag(1;1; 1)R, and a
optical axis per viewing cone. corresponding image plangack
Calibration. Let us consider the distortion circle of radius FromHg, we rst computeKy, using the approach of [20,
d and one image of a calibration plane. From point corre- 16]. Of course, this can be done using the homographies
spondences between pixels on this circle and points on thegiven for multiple images of the calibration plane.
calibration plane (on the calibration ellipse), we can com- Once the calibration is known for each viewing cone, the
pute a plane-to-image homography. For simplicity, let  poseR andt can be computed from the homography of any
us assume that image coordinates have been translated tgistortion circle, using [14]. In the SVP case, the posess th
put the distortion center at the origin. The homography can same for altl, and we may “average” the different estimates

then be decomposed such that: or better, non-linearly optimize the pose and calibratisins
0 ul 0 xl 0 10 10 xl multaneously for altl. In the NSVP case, we rst compute
@VA | Hy@yA = KygR@D 1 t+ tyraA @yA R, which is the same for all. As for the position of opti-
1 1 00 1 cal centerst(and thety), we must x onetqy, e.g.to = 0.
3)

. : : : ; . ; [ 2As mentioned in the introduction, this model does not inclugkew
Where(x’ y) is a calibration pomt(u, V) a plxel on the dis between pixel axes or an aspect ratio different frbmAlso, it assumes

tortion circle, an(_R andt a rotation matrix and translation that the distortion center is at the principal point. Geligray this would
vector representing camera pose (same fal)alThe scalar  be straightforward though.



Then, fromHp, we can computé and nally from theHg, w
the scalarsy. This time, non-linear optimization is recom-
mended and straightforward to perform. «

3.1. Computing the Distortion Center .
Until now, we have assumed, for both algorithms, that the _ (apsmm  (bparacana _ (C)eonm

distortion center was known; this information was used to - :
select the distortion circles. Tests with noiseless sitedla \/ TZ\\/ \/
data showed that the calibration may be quite sensitivetoa o o

bad choice of distortion center; as for real cameras, using ‘
the image center as an approximation was not satisfying in
general. Hence, the distortion center should be estimated aFigure 4: Plots of the goodness measure for the distortion
part of the calibration process. The sensitivity of calilma ~ center, obtained for three tested lens (cf. &), 60

we observed in simulation suggests that it should be possi-60 grid around the image center (yellow meaning smaller).

ble to estimate the distortion center rather reliably, Wwhic d,e,f) One slice of the grid, through the best position.

was con rmed in practice.

We used the following heuristics to de ne an optimization

criterion for the distortion center. Let us apply the IAC ap-

proach of 83 with several images as input. The plane-base
calibration for each distortion circle is then capable of es """ S . . : .
timating a principal point, besides the focal length It g" in the recti ed image is backprojected in space with

W — VRV) 1qv -
seems plausible that the better the assumed distortion cenEN N &hK R ) | q d t;’h;n, we t(r:]ompltj_te Ithe_ an?lﬁbe .
ter was, the closer the estimated principal points will be to een this pixel and the Z-axis (the optical axis of the erigi

it. Since plane-based calibration is applied on images cen—.nal camera). Finally, the corresponding position in thg-ori

tered on the assumed distortion center, we can consider thénal image is given bp () "
average norm of the estimated principal points (on per dis- .
tortion circle) as a measure for the goodness of the center. 5. Practical Issues

Figure 4 shows the values of this measure, computed forg5 1. Dense Camera—Plane Correspondences

distortion center positions onG® 60 grid around the im- . i
age center, for real cameras. The shape of the cost surfacThe easiest approach we found to get dense correspon
9 ' ' X dences between the calibration plane and the camera is to

indicates that we can nd the optimum distortion center us- :
. . . se a atscreen as plane. We used a simple coded structured
ing a simple steepest descent type method. We |mplemente(%ll

such an approach that accurately nds the distortion center |ght_ algorithm [12], W.h'Ch consists n successively d|§-
within a couple of minutes of computation. Note that the playing patterns of horizontal and vertical black and white

second row of gure 4b shows that, although the principal stripes on the screen to encode the position of each screen

points used to plot it were computed individually per distor pflxelh(cf. g- 5). Then, fo_r.each Cimerall. plxgl, Wel iden-
tion circle, they are very densely clustered (average migta tify the corresponding position on the calibration plane by

; . . ; decoding the observed intensities in each pattern. When
to assumed distortion center of less than 3 pixels). This sug : .
. " oo performed in a controlled environment (low-constant am-
gests a high stability of the calibration.

bient lighting, screen of high contrast and resolutiong th

. . accuracy of such a method is reasonably good (aroudd

4. Image Recti cation pixel of error on average). Since the points located on the
distortion circles are given in oating point coordinates
compute their correspondences by a weighted sum of the
correspondences recovered for the four closest image pix-
els.

X o X
0 10 20 30 40 50 60 0 10 20 30 40 50 60

[
62 30 40 50 &

(d)S.Smm (e))araca!a (f)B.Omm

and the view angle(d). As seen in gure 11, this func-
(}ion is generally simple (close to linear), so easily inable
(see 84). LeD( ) denote this inverse function. One pixel

Once the calibration of an SVP camera is known, an image
can be perspectively rectied. Then, straight lines in the
scene appear straight in the image.

Recti cation is done by placing a virtual perspective cam-
era at the actual camera’s optical center. KétandRY} 5 o .
represent the virtual camera's calibration and orientatie ~ 2-2- Omnidirectional Cameras

nave approach for image creation is to render each pixel There are several issues worth mentioning for omnidirec-
of the original (distorted) image into the virtual (disiort- tional cameras. If the eld of view is larger thd80 , then

free) image, and then Il out the holes by interpolation (cf. some distortion circles will have viewing cones that adtual

g. 3). Itis well known that an inverse approach is bet- approach planes. Their pose can not be estimated the same
ter. We achieve this by inverting the relation betwekn way as for true cones. These can be detected as the ones
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Figure 5: Projected patterns for correspondences are horifigure 7: Catadioptric camera built from a Basler A201bc
zontal and vertical black and white stripes. Images takenamera with a Fujinon 12.5 mm lens pointed at a roughly
with &) the Goyo 3.5 mmb) catadioptric, and) paracata-  SPherical mirror.
dioptric camera.

whose correspondences on the calibration plane are close to

collinear. They can then be discarded from the actual cal-

ibration procedure and we may attribute them an unknown

focal length. In the case of the IAC, rank de cient homo-

graphies are discarded resulting once again in an unknown

focal length. Their actual value can be determine afterward

by interpolation (see §6)

In the NSVP case, we still need to compute the offgain (a) (b)

the optical axis of such (almost) “viewing planes’”, since it rigyre 8: Image recti cation of the paracatadioptric cam-

may differ from that of other viewing cones. This is simple g5 a) Original image. b) Recti ed image for a rotated
once the optical axis has been computed using other dis+gmera.

tortion circles and their exact opening angle has been de-
termined: the cones' offset can be computed such that they
go through the extracted correspondences in the calibratio Indeed the radius for which the focal length is O corresponds

plane. better to the measurement of the correspondences' colin-
earity. The radial con guration of the catadioptric camera
6 Experiments was not perfect. Nevertheless, the distortion center could

be found and a satisfying calibration could be obtained with
We used a wide-angle Goyo 3.5 mm lens combined with both methods. The IAC approach gave the best results be-
a CCTV A201bc Basler camera, a Cosmicar 8.0 mm with cause it could take advantage of up to eight images, which
little distortion, a paracatadioptric camera built with as= is more robust to the imperfect con guration of the camera.
micar 12.5 mm (referred to as “paracata” in the text), and We also observed that the calibration is more stable for the
also a homemade catadioptric device built from a Fujinon lens with the wider eld of view. Indeed, when there is
12.5 mm lens, pointed at a roughly spherical mirror (cf. g. very little distortion in the image, the hyperbolas' curva-
7). The calibration plane of known euclidean structure was tures are similar, which induces more instability for the re
a 21 inch CRT screen in all cases, except for the paracatacovered camera pose. We also calibrated the 8.0 mm with
dioptric camera where a multimedia projector was carefully the OpenCV library [11], and found the recovered focal
placed in a fronto-parallel position w.r.t. to a wall. Even lengths to be inside the result's uncertainty interval. dgena
though the alignment was not perfect and the camera selfrecti cation also yielded almost identical results.
occluded, it did not affecte the solution signi cantly. The In practice, only a subset of distortion circles are used for
only non-linear optimizations that were performed to ob- calibration; others can then be extrapolated or interpdlat
tain the following results are in the hyperbola intersattio from a polynomial tting of the data. Let us de ne this
algorithm and the pose estimation for the IAC approach.  polynomialp; from the camera model, it is best to ensure
Figure 10 gives the computed focal length of the 3.5 mm, that its derivative at O (corresponding to the distortion-ce
8.0 mm and paracatadioptric lenses, w.r.t. the distaitce  ter) is 0. This constraint is due to the symmetry of the dis-
the distortion center, using both methods. The wide-angletortion model, and can be enforced by using a polynomial of
camera could already be calibrated from a single image ofthe formp(d) = ap+ a;d?+ :::+ a, 1d". In practice, poly-
the screen with both approaches (cf. g. 9a,b for the RCC), nomials of degree 3 appeared to be suf cient. To handle the
although better results were obtained using ve images andcase of omnidirectional cameras more appropriately, the in
the IAC approach. The paracatadioptric camera was cali-terpolation is carried out with the view angle instead of the
brated with the two approaches with very similar results (cf focal length. In this case, a polynomial passing through 0
g. 9¢); however, the RCC algorithm gave the best results. can also be tted (see g. 11).
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Figure 6: Image recti cation.a) Original images.b) Recti ed image for the Goyo 3.5 mmc) Recti ed image for the
home-made catadioptric camera. Small inset images shdixcetion of the border regions.
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Figure 9: Calibration with the RCC approacta) Fitted g8 0
ellipses for the Goyo lens aris) corresponding hyperbo- 150 /
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the cones yielded ellipses and hyperbolas, constrainiag th 0 50 100 150 200 250 300 350 400 450 500

viewpoint to lie respectively on hyperbolas and ellipses. Radius

Figure 10: Recovered focal length (in pixel) from the two

Evaluating the results based on the reprojection error Canalgorlthms and extrapolated values from polynomial tting
of the data for the tested cameras.

lead to biased conclusions in the case of a generic model.
Indeed, the model offers more freedom which allows to t
the data better. This analysis goes together with the compar

ison between SVP and NSVP constraints and the displace- paracata RCC -+ ‘
menttq of the viewpoints on the optical axis. This topic is 200 FPREERRCE e
to be explored more thoroughly, but the preliminary results % 150 | goommIAC * i
obtained with the IAC approach indicate that our modelis = )| 30" ° e

A Q a = o
useful (see table 2). They show that the paracatadioptdc an > 5 M w,,w”*‘”
to a lesser extent the 3.5 mm are probably NSVP. The dis- P eI RS e
placement along the optical axis con rms th_is observ_at_ion; 0T a0 100 150 200 250 300 350 400 450 500
the shape of the curves also leads us to believe that it is not Radius

aresult of over tied data (see g. 12). Figure 11: View angle in degrees for the tested cameras.

More meaningful quantitative results were obtained for the



Position Angle 1
Algorithms || po1 | P12 Po2 ao1 arn ao2 gamm - .
Groundtruth|[ 5 5 10 o° o° o° . %8 aracata
RCC 4:99 | 5:.09 | 10.08 || 2:25° | 0:89° | 2:91° 5 o6
IAC 4:89 | 5:13 | 9:99 || 0:6° | 0:4° | 1:1° 8 s
o ’ E
0
. i S 0.2 o
Table 1: Result for pose estimation. The camera was moved . s P
to three positions with known relative motion. Coef cients
0 50 100 150 200 250 300 350 400 450 500

p; anda; denote the distance (in centimeters) and relative
angle (in degrees) between camera positicensd; .

radius

Figure 12: Displacement (in mm) along the optical axis for
the 8.0 mm, the 3.5 mm and the paracatadioptric. The gen-

Camera Constraint _
Algorithms || SVP | NSVP eral curves' form of the two last leads us to think that the
paracata || 9.10 | 1.01 NSVP optimization is not a result of over tting.
3.5mm 5.18 2.23
8.0 mm 2.20 1.35

distortion center estimation which is an important issue of
Table 2: Comparison of the average reprojection error for the calibration.

different constraint of the viewpoint.

Our approach may be especially suitable for unknown con-

gurations (SVP/NSVP, mirror equation) or slightly mis-

Goyo lens, using a pose estimation procedure. Using a

aligned catadioptric systems.

translation stage, the camera was moved to three positonReferences

with known relative motion (no rotation, known transla-

tion). Using the calibration information (obtained using (1]
other images), the pose of the camera relative to the calibra |
tion plane was computed for all three positions (the NSVP

con guration being very similar in all three cases). From [
this, the relative motions were computed and compared to [4]
the ground truth. The results presented in table 1 show a
good stability for both methods. [5]
Finally, images from the three panoramic cameras were rec-

ti ed based on the calibration results (cf. g. 6 and 8). Es-  [6]
pecially for the wide-angle Goyo lens (with little NSVP),

the recti cation seems to be very good, even towards the [7]
image borders (cf. the inset image in g. 6b). As for our [g]
paracatadioptric camera, the recti cation is very good, al
though not perfect, a likely result of its NSVP. Finally, the 0]
recti cation of our home-made catadioptric device is also [10]

surprisingly good for a large part of the image, especially
around the borders. The remaining distortions in the center (11]
were found to be caused by a small bump on the “mirror's” (1]

surface.
[13]

7. Summary and Conclusion el

We have proposed new calibration approaches for a camera
model that may be a good compromise between exibility [16]
and stability for many camera types, especially wide-angle [17]
ones. The RCC approach is theoretically very interesting

but its practical usability remains limited. This is duehe t 18]
fact that only one calibration plane can be used directly. We

also intend to perform a better analysis of its stabilityhia t [19]
future. [20]
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