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Abstract

A new technique for the determination of extrinsic and in-
trinsic camera parameters is presented. Instead of search-
ing for a limited number of discrete feature points of
the calibration test object, the entire image captured with
the camera is exploited to robustly determine the un-
known parameters. Shape and texture of the test object
are described by a 3-D computer graphics model. With
this 3-D representation, synthetic images are rendered and
matched with the original frames in an analysis by syn-
thesis loop. Therefore, arbitrary test objects with sophis-
ticated patterns can be used to determine the camera set-
tings. The scheme can easily be extended to deal with
multiple frames for a higher intrinsic parameter accuracy.

1 Introduction

Many algorithms in computer vision assume that the in-
trinsic parameters of the camera are known. Therefore,
camera calibration is often performed in an initial step to
determine focal length, aspect ratio, and radial lens distor-
tion of the camera. Calibration test objects as, e.g., shown
in Fig. 1 are captured with the camera whose parameters
are to be determined. Since the geometry of the test ob-
ject isexplicitly known, the 2-D correspondences between
the projected 3-D points of the computer model and the
2-D points in the captured camera frame can be exploited
to determine the parameters of the camera [1]. Due to the
sensitivity of the obtained parameters to noise in the point
correspondences [2, 3], a significant amount of effort is
spent to determine the position of the 2-D feature points
with subpixel accuracy [4, 5].

Figure 1: Two different calibration test objects.

In this paper, a model-based calibration approach is
presented that does not require the search for discrete fea-
ture points. Instead, a3-D computer graphic model is used
to represent shape and texture of the calibration test object.
Synthetic views of the body are rendered and the entire
image information is exploited to match these views with
the camera frame. Hence, the calibration body is not re-
stricted to showing simple discrete features that can be de-
tected easily, but arbitrarily textured objects with a wide
range of spatial frequencies can be used. Moreover, no
special treatment at the image borders (providing much
information about radial distortion) has to be done if the
test object isonly partly visible. Thus, much more image
information compared to the discrete feature point case is
exploited leading to highly accurate estimates. The com-
plexity of the approach, however, remains low due to its
linearity which aso alows the estimation of a common
set of intrinsic parameters for alarge number of views.

The paper is organized as follows. In Section 2, the
camera model used for calibration is described. Then,
the algorithm for the model-based estimation of extrinsic
camera parameters using an analysis by synthesis loop is
presented. This method is extended in Section 4 to jointly
estimate intrinsic and extrinsic parameters from single or
multiple views. Experimental results on real camera im-
ages arefinally shown in Section 6 in order to illustrate the
accuracy of the presented approach.

2 CameraModel

The camera model describes the image capturing process
where a 3-D scene is projected onto a sampled and quan-
tized 2-D image. During that process, several geometric
and photometric distortions (for the photometric changes
which are not considered in this paper see, e.g., [6]) apply.
The projection, signal modifications, and the camera char-
acteristics are modeled and specified by the free intrinsic
parameters of the camera model. The real camerais rep-
resented in this context as a concatenation of perspective
projection, alens, and a CCD model as shown in Fig. 2.
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Figure 2: Camera model.

2.1 Perspective Projection

The perspective projection describes the relation between
a 3-Dobject point x = [z y 2|7 in the camera co-
ordinate system and its corresponding 2-D point X; =
[X; Y;]T in the image plane as shown in Fig. 3. If the
origin of the camera coordinate system is located at the
focal point this projection is given by

X = —f-

Y, = —f- @
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with f being the focal length.

Figure 3: Perspective projection and coordinate systems.

2.2 LensDistortion

The perspective projection describes the ideal pin-hole
camera. In real cameras, the system of lenses introduces
geometric and photometric distortions. The exact mod-
eling of these effects is quite complex [7] and less suit-
able for the incorporation into computer vision schemes.
Therefore, a smpler model is used here that considers
only dominant effects. The dominant geometrical distor-
tion isthe radial lens distortion [1, 8] that can account for
barrel or pincushion distortions. With thismodel, the rela-
tion between the undistorted image point X; and the cor-
responding distorted point Xg;; is described by aradial
displacement according to [1]

X = Xdist(l‘i’Z/fiTQi)
i=1

Yi = Yau(+) mr?), @

i=1
with x; being the parameters of the displacement func-
tion. In practical redizations, only thefirst or the first two

parameters of thisseriesare utilized. Theradiusr iscalcu-
lated in this work with normalized coordinates according

to
~JE ) e

2.3 Sampling and Signal Post-Processing

At the CCD-sensor consisting of N, x NNy light sensitive
sensor elements, the projected and distorted image is spa-
tially quantized and the samples are stored in the frame
buffer. The position of each sensor element is related to
the frame buffer coordinates X; = [X; Y/|T accord-
ing to

Xy = Xo+sz Xgist
Yy = Yo+ sy Yase, (4)

with s, and s, being horizontal and vertical scaling fac-
tors, respectively. X and Y; denote the location of the
optical axisin frame buffer coordinates.

Similarly to the frame buffer coordinates Xy, X; and
X gist Can be scaled appropriately to relate them with
pixel coordinates of the CCD chip. The corresponding val-
usX = [X Y]T and X, = [Xyq Yy]T are computed
according to

X = sz-X;
Y = s 5
and
Xqg = sz Xaise
Yo = sy Yaise. (6

2.4 Combined Camera Model

Perspective projection, CCD chip deviation, and scaling in
order to consider the pixel geometry are combined, |ead-
ing to the following simple camera model

*fz‘

*fy ] (7)

with fz and fy, being the focal length scaled by s, and
sy, respectively. The internal parameters used here for
describing the camera geometry are f;, fy, and ;. From
these values, the aspect ratio a and height angle wreigne
can be computed according to

X =

Y =

IS SER SN I o

Nz fy
a = 2= Jy
Ny fe
2
Pheight = QaTCtan(%)- (8

Y
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Geometric lens distortions are not included in the model
defined by (7). They are taken into account by compensat-
ing the distortions in the original framesand then applying
the algorithms to the corrected frames. The compensation
for radia lens distortion as described in Section 2.2 can
also be performed using discrete pixel coordinates

X = Xd(1+2nir2i)
i=1

Y= Ya(l+ ) k), ©
=1

with

(10)

The use of normalized coordinates for the computation of
r simplifies the estimation of « in a hierarchical scheme
since the value becomes independent of the image resolu-
tion.

3 Estimation of Extrinsic Parameters

In afirst step, the intrinsic camera parameters as, e.g.,
foca length and aspect ratio are assumed to be known
and only the extrinsic camera parameters are estimated
from theimage I that is captured for calibration purposes.
These 6 parameters (3 for rotation and 3 for translation)
specify the position of the test object relative to the cam-
eraorigin. Given the 3-D object points xg in alocal object
coordinate system representing the shape of the calibration
body, the corresponding points in the camera coordinate
system x can be calculated according to

x =R x0+t, (12)

with R being a rotation matrix and t a translation vector
representing the position of the test object relative to the
camera origin. Both R and t are not known and have to
determined from the captured image I. If estimatesR of
R and t of t are dready available the estimated object
point locations are given by

=R x0+1t. (12)

Since all these values are known, an estimate] of the cam-
eraimage I can be created by rendering the 3-D model of
the test object at the estimated position %. The correct but
unknown values x are related with the known estimates by

x = AR(X — x¢) + X¢ + At, (13)

with x. = [zc ye 2] = t being the center of the
object, AR = R - R7 the unknown correction for the
rotation matrix, and At = t — t the correction for the
tranglation vector, respectively. For the determination of
the extrinsic camera parameters, the six degrees of free-
dom of AR and At have to be estimated.
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Since the relative rotation described by AR . can be ex-
pected to be very small, alinearized version of therotation
matrix is utilized to obtain amodel that islinear in the un-
known extrinsic parameters

1 —AR. AR,
AR~ | AR, 1 —AR, (14
—AR, AR, 1

Thethree parameters AR, ARy, and AR of the matrix
AR are the three Euler angles of the rotation matrix.

For the camera calibration, the real 3-D coordinates x
are not known but their projection X = [X Y7 into the
2-D image I. Therefore, we have to relate these values by
inserting (13) into the camera model (7) leading to
24 (2 —2:)ARy — (§ — ye)AR + Aty
24 (§ — ye)ARz — (& — zc) ARy + At
Y= —f Z)—(é—ZC)ARxJF(i'—wc)ARzJFAty.

Y2+ (§ — ye)ARz — (& — z) ARy + At

Substitution of the 3-D coordinates by

X=—f

(16)

and first order Taylor series expansion lead to the de-
sired constraint for the 2-D displacement field with the
displacement vectorsd = [d, dy]T given by

dg =X-X=
AR At
fo |-ARy(1 -2 - =2y, - A’”}+
z fy z
. [ar AR At
+X 2Yn — —2 Xn — ==
fy fx z
dy Y-V~
AR At
fo |AR(1 -2 + ZYn—%’]+
2 fz z
. [AR AR At
+Y Y — YX, - —=|, @n
fy fa z

with Y,, = Y + f,% and X,, = X + f. 2. Inthis
equation, % is the depth at pixel position [X Y]7 cor-
responding to image I. This depth map is obtained by
rendering the 3-D object model into a z-buffer.

3.1 Gradient-Based Parameter Estima-
tion

Thesix unknown extrinsic parameters ARy, ARy, AR,
Ats, Aty, and At describe the changes in position and
orientation between the two frames] and I. These values
are estimated using information from spatial and tempo-
ral intensity gradients of the images. Assuming that the
brightness of an object point is the same in the two frames
I and I, the corresponding pixel intensities in the images



can berelated by the 2-D displacement vector d according
to

I(X)
IX) =

I(X +d)

(X —d). (18)

First order Taylor series expansion of I(X + d) and
I(X —d) aoundd = [0 0] and averaging of the
two equations of (18) result in the optical flow constraint
equation [9]

1 8f+81 d+ 8f+81 0 -
2\ax "ax )" ay oy |V

or or oI

ax“ oy
Despite the first order intensity approximation, it can be
shown that this constraint is even valid for quadratic func-
tions of the intensity due to the use of averaged spatial
gradients 2L and 61 . The gradients are here approxi-
mated from 8 mmples orlginaIi ng from the two images as
suggested in [9].

The optical flow constraint (19) can be set up for any
pixel in the image. However, since the two unknown com-
ponents d; and d, of the displacement vector vary from
pixel to pixel, the flow constraint is under-determined
and cannot be solved directly without additional informa-
tion. This information is taken directly from the explicit
2-D motion model (17) that describes the displacement
vector d for al image points as a function of the 6 un-
known camera parameters. Inserting (17) into the optical
flow constraint (19) leads to a set of linear equations for
the 6 unknowns

aARy +a1ARy 4+ a2 AR, + a3At; +
+a4Aty + a5 At, = f -1

dy=1I-1. (19)

Aeztpezt = by (20)

with ag to as given as

do = aa_X ,Ynt g (fy(l -F) ;/_yY")
0 ze y

z x
_ 0L fz oL fy
a2 = 6Xny”+6 Toim
— _ oL fe — _olfy
as 5x 20 _ . W ="Hy 3
as = —QLX ol ¥
5= 79X 2 Y -

(21
At least six equations are necessary for the algorithm to
determine the extrinsic parameters. For robustness, we
set up (20) for each pixel corresponding to the object and
solve the resulting over-determined system of linear equa-
tionsin the least-squares sense.

3.2 Hierarchical Analysis-Synthesis L oop

The inherent linearization of the intensity in the optica
flow constraint and the approximations used for obtaining

alinear solution do not allow dealing with large displace-
ment vectors between two views. To overcome this lim-
itation, a hierarchical scheme in an analysis by synthesis
loop [10] is used for the motion estimation as illustrated
in Fig. 4. First, an initial approximation I of the original

camera image | )
I —— . estimated parameters
Analysis
N
|
. - Shape
synthetic - Texture
image Model. camera
geometry
Synthesis

Figure 4: Analysis-synthesis loop of the motion estima-
tion framework.

camera frame I is rendered and both images are low-pass
filtered and sub-sampled. Asaresult, the linear intensity
assumption isvalid over awider range and an approxima-
tion of the extrinsic camera parameters is estimated from
these images. With the estimated parameter set, amotion-
compensated image I is generated by simply moving the
3-D model of the calibration test object and rendering it
at the new position. Due to the motion-compensation, the
differences between the synthetic and the camera image
decrease. Then, the procedure is repeated at higher reso-
lutions, each time yielding amore accurate motion param-
eter set.

4 Estimation of Intrinsic Parameters

In the previous section, it is assumed that the internal
camera parameters are already known. In this section,
the model-based estimator is extended to jointly estimate
both extrinsic and intrinsic camera parameters. It turns
out that the same linear set of equations as in (20) is ob-
tained with some additional unknowns which account for
the unknown internal camera parameters like focal length,
aspect ratio, and radial lens distortion parameters. The hi-
erarchical structure with analysis-synthesis loop and the
combination of explicit 3-D information with the optical
flow constraint remains identical.

The derivation of the displacement field follows the one
of Section 3. For the sake of simplicity, the radia lens
distortion in the camera frame is compensated for instead
of rendering distorted synthetic frames. Thisway, the mo-
tion parameter estimation is performed on undistorted syn-
thetic and camera frames (see Fig. 5) and is therefore not
influenced by the lenses. If necessary, synthetic frames
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Figure 5: Estimation of radia lens distortion and rigid body mation.

showing the same lens distortion as the cameraimage can
be generated easily by distorting the frame afterwards ac-
cording to the estimated lens parameters.

Assuming that an initial estimate of the radial lens dis-
tortion parameters ; isgiven, the distorted camera frames
with coordinates X; can be compensated for, i.e., the dis-
tortion described by ;. An amost undistorted version
of the camera frame with coordinates X’ is created that
is used together with the undistorted model frame with
coordinates X to estimate rigid body motion and radial
lensdistortion changes. The compensation of the distorted
camera frame [ is performed using the radial lens distor-
tion model (9)

X' = Xg(1 + Z A2, 22
=1

with the radius » computed according to (10). Since the
k; are only estimates, they have to be corrected by the
unknown values Ak; to obtain the correct undistorted co-
ordinates X

X = Xy(1 + Z(gi + Aky)r?).

=1

(23)

In the error free case, the coordinates X can also be ob-
tained by motion-compensating the coordinates X of the
undistorted model frame with the unknown parameters
ARz, ARy, AR, Aty, Aty, and At as depicted in
Fig. 5. Eliminating X, from (22) and (23) leads to

L+ far®
1+ Z(f{l + AIQ,L‘)T% ’

=1

X' =X (24)

where X can be substituted by the extrinsic parameter
model (15). Besides the radia lens distortions, parame-
ters describing the projection onto the image plane are es-
timated. To decouple changes in focal length and aspect
ratio which remains fixed if, e.g., the zoom is altered, f;

is substituted by

fy=1Jzq (25
Instead of estimating f; and fy, f. and g are determined
with f, specifying the focal length and ¢ being related
to the aspect ratio. Since both parameters f, and ¢ are
allowed to change, they are described by the estimates f;
and g which are corrected by the unknown values A f and
Aq according to

fo fo(L+Af)
fy fz4(1+ Aq).

Inserting (26) together with the replacement for the
3-D coordinates (16) into (24) leads, after first order Tay-
lor series expansion, to the following displacement

(26)

de =X — X =

R AR At
fo|-AR,(1 - Z) - =2y, - 22 4
z fzq z
S [a A At
+X Aiizynf Ry =+
zq T
X
+XAf — Ak,
f 1+Zi71fm2zzf i
- =
dy =Y' -V =
R AR At
foq | AR -2+ =X, - 22| 4
fa z
AR AR At
4V | =2V - =X — == | + (27)
fad fa
TYVAf+YVAq— _r Zr"’%m-
- - i
1+ Zi:l Ryr2i —

This displacement field is quite similar to the one for the
extrinsic parameter estimation (17) but contains the addi-
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tional unknowns A f, Aq, and Ak;. Asaresult, by com-
bining (28) with the optica flow constraint (19), a linear
set of equations is obtained that can be set up by append-
ing the following terms to the left side of (20)

agAf + arAg + Z ag ;Ak; = -1
i=1
AintPint = b, (28)
with ag t0 ag given as
a6 = aXX + 81 Y
oL
ar =y 2 _ (29)
5 S— e
)t 1+Z r2j \OX oYy

Dependent on the various camera parameters that are
being estimated for a particular application, one or more
columns can be added without changing the rest of the
matrix. The resulting system of equations now looks like

[Aext Aint} [pext pint]T = (30)

with A;,; containing the coefficients for the internal pa-
rameters according to (28). Given the over-determined
system of linear equations, the parameters are estimated in
the same way as for the extrinsic parameters in the hierar-
chical analysis-synthesis framework described in Section
32

5 Multiple Frame Estimation

The use of a linear solution method for the estimation al-
lows the simultaneous exploitation of multiple frames to
improve the accuracy of the internal and externa cam-
era parameter estimates without disproportionate compu-
tational complexity. In some applications, the internal
camera parameters have to be consistent with all views
even if they are affected by noise. For such cases, the si-
multaneous estimation of all external parameters together
with acommon set of internal camera parametersishighly
beneficial.

The joint estimation is achieved by simply extending
the solution vector of the linear system of equations by
the external parameters of the additional frames. Instead
of having 6+3 unknowns (if only oneradial lensdistortion
parameter isused), N - 6 + 3 parameters

[pext,l Pext,2 Pext,N Af Aq AH} (31)

are estimated with N being the number of frames used.
The number of equations also increases, since information
from al N framesis exploited. The matrix A.,; of the
resulting system of equationsis given as

Aext,l cee 0 Aint,l
0 .. 0 Aint 2
Acqr =
0 cee Aext,N Aint,N
(32)

with Acae s and Ajpe s containing the information from
frame 1 for the extrinsic and intrinsic parameters, respec-
tively, as specified by (20) and (28).

6 Experimental Results

To quantify the accuracy of the algorithm, synthetic im-
ages are rendered in afirst experiment using the calibra-
tion test object shown on the left hand side of Fig. 1.
The experimental setup is specified in Table 1. Differ-
ent sets of internal and external camera parameters are
chosen to synthesize the frames. To simulate manufac-
turing errors of the calibration body, the 2-D positions of
the white points on the test object planes are distorted by
adding zero mean normally distributed noise with stan-
dard deviation o to the point locations before rendering
the 3-D model. Given the synthetic frames corresponding
to different camera settings, internal and external camera
parameters (a, Yheight, K1, Rz, Ry, Rz, tz, ty, and
t,) are estimated and compared with the correct values.
In Fig. 6, the absolute errors of al estimated parameters

rotation [°]

£1mm
0.04] 7 +0.5mm
£0.25 mm
0.035 . £0.1 mm

0mm

wranslation [mm]

R R R t t t
x y 2 ' Y 2
lens distortion x

aspect ratio a [%)] height angle [%]

Figure 6: Average absolute error of the estimated internal
and external camera parameters for test objects of varying
accuracy. Aspect ratio a and height angle ¢p,cigne are
specified relative to their mean @ = 3 and Gpeigne =
0.5, respectively.

averaged over the 25 frames are shown for different stan-
dard deviations (¢ = 0 mm, 0.1 mm, 0.25 mm, 0.5 mm,
and 1.0 mm) specifying the displacements of the distorted
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number of frames NV 25
image size N, Ny CIF resolution (352 x 288)
object center distance z. from camera | 1.35m

aspect ratio a

la —4/3[ < 0.05

height angle ppeight

“Pheight - 0-5‘ < 0.05

radia distortion k1

—0.1< Ak; <0.1

rotation around x-axis

—5° < ARy <5°

rotation around y-axis

—5° < ARy < 5°

rotation around z-axis

—5° < AR, <5°

trandlation in x-direction

—lem < At <1cm

tranglation in y-direction

—lecm < At <1lcm

trandation in z-direction

—2cm < At, <2cm

Table 1: Experimental setup for the synthetic test sequence.

test object point positions. Even if the point positions on
the test object are slightly distorted, the parameters can be
determined very accurately. Only focal length related to
the height angle ¢pcign: by (8) and the distance to the
test object ¢, exhibit larger errors, since the parameters
are highly correlated and their errors can compensate each
other with only small distortions in the image plane.

6.1 Multiple Frame Estimation

For the verification of the multiple frame calibration al-
gorithm, 36 frames of the calibration object are recorded
with a studio camera in CIF resolution from different
viewing positions without changing zoom or focus. The
intrinsic camera parameters are thus constant. As shown
inFig. 7, the object is not fully visible in all frames.

From these images, both internal and external camera
parameters are estimated. Theinternal camera parameters
being determined in this experiment are the aspect ratio
a, the height angle ¢y,¢;4r; and one radial lens distortion
parameter 1. Since the correct values are not known, the
standard deviations of the common parameters are used as
an indicator for the accuracy. Fig. 8 shows how the de-
viations in the internal parameters decrease if more views
of the object are used simultaneoudly. The first bar in this
figure refers to the case when each frame is estimated in-
dependently of the others whereas the following bars cor-
respond to the case of multiple frame calibration. Using
all 36 frames simultaneously leads to an aspect ratio of
a = 1.34, aheight angle ¢peign: = 0.66, and lens dis-
tortion given by k3 = 0.18. This experiment indicates
that al available views of a test object should be jointly
exploited since not only consistent internal camera param-
eters are obtained but also their accuracy increases.

6.2 Irregular Test Objects

In contrast to traditional methods where usually regular
point grids are used as texture for the calibration test ob-

aspect ratio a [%] height angle %] lens distortion x,

1 0.025
0.8] 0.02

0.6 0.015
0.4

0.4] 0.01
0.05,
0.2] 0.005

1 2 3 4
number of frames

1 2 3 4 1 2 3 4
number of frames number of frames

Figure 8: Standard deviation of theinternal camera param-
eters for different numbers of frames used simultaneously
in the estimation.

jects, the analysis by synthesis approach allows dealing
with more sophisticated surfaces since no feature points
have to be searched and no point correspondences have to
be established. This can be used to find an initial approx-
imation for the camera parameters. The left hand side of

Figure 9: Origina and low-pass filtered image of a cali-
bration test object.

Fig. 9 shows a test object with circular structures where
the width of the rings is modulated with alow frequency
function. When filtering and down-sampling the images
in the hierarchical calibration scheme, the low-pass com-
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Figure 7: Frames of the test object from different viewing positions.

ponents are preserved and alow the determination of the
test object position in spite of image intensity lineariza-
tions in the algorithm. In first experiments, deviations of
more than 75 pixels from the initial guess are correctly
estimated for images in CIF resolution.

7 Conclusions

In this paper, a new method for the determination of in-
trinsic and extrinsic camera parameters is presented. The
model-based algorithm uses a 3-D model of the test ob-
jects and estimates the parameters by matching synthe-
sized frames with the cameraimage in an anaysis by syn-
thesis loop. An error prone search for feature points and
the establishment of their correspondences can thus be
avoided. Also, calibration test bodies with sophisticated
textures can be used without additional effort. Experi-
ments on synthetic and real data show the high accuracy
of the method which can even be increased by exploiting
multiple framesin ajoint estimation framework.
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