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While video images are currently considered as two-dimensional (2D) entities, a recent trend is to extend video towards a 3D representation. In
current video-coding algorithms like MPEG-4, global camera-motion is described as a set of abstract parameters, which have no direct relation to the
physical camera movement. To bring physical meaning to these parameters,
we present a new algorithm for estimating the extrinsic camera parameters
and the varying focal length of a rotating camera from the MPEG-4 perspective motion-model parameters. Most previous camera calibration algorithms
did not consider calibration from video data and give inaccurate results if
rotation angles are small. Our algorithm applies a global non-linear optimization that is more robust on video sequences and achieves a very high
estimation accuracy. The optimization is carried out using a four-stage
algorithm, hereby reducing the total number of iterations in the gradientdescent search by a factor of 150.
1. MOTIVATION

A recent trend in video coding is to think about video in a more general way
instead of only moving rectangular pictures. One direction in this new view is
object-oriented video coding, as has been proposed in MPEG-4. A further step,
that is currently discussed in MPEG, is 3D Audio Visual (3DAV) coding [5].
This widens the term video to include omnidirectional (panoramic) video, multiview rendering, or free viewpoint video. In this process, the video representation
gradually evolves from purely 2D signal to a 3D data. To achieve this evolution
into the 3D world, not only the video data itself, but also meta-data about the
recoding setup is required, specifically including camera calibration information.
Descriptors for storing camera parameters like the rotation angles and focal length
have already been proposed as an extension to MPEG-7.

Knowing the physical camera parameters instead of only an abstract representation allows for many interesting applications. One example could be to imitate
the camera motion from the original sequence with an automatic pan/tilt/zoomcamera, placed in a new environment. The obtained background sequence could
then be used to show the foreground objects in the new environment.
In the video coding community, camera motion in video sequences is usually
described as a geometric transformation in the image plane. Popular models
include affine motion or the perspective motion model employed in the MPEG-4
standard for the background sprite coding tools. The parameters of the affine
motion model can be easily interpreted in terms of physical meaning, but the
model is even not general enough to include camera panning, which is probably
the most common camera operation. It is known that the perspective motion
model can describe arbitrary camera motion except camera translation. However,
it is only applicable to a limited field of view [4], and its parameters cannot be
easily interpreted in a physical sense.
2. PROBLEM STATEMENT

Let us consider the image formation process of a rotating camera which is
allowed to change its focal length. By choosing the world coordinate system such
that the optical center of the camera is located in the origin, each coordinate
(x; y) in image i is mapped to coordinates (x0 ; y 0 ) = (x̂0 /ŵ0 ; ŷ 0 /ŵ0 ) in the reference
image 0 according to
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where f0 and fi are the focal lengths corresponding to the reference image and
frame i, respectively, ox , oy denote the camera principal point which we assume to
be in the image center, and Ryα , Rxβ , Rzγ are the Euler-rotation matrices describing the rotation around the three axes [2]. Note that different orderings of the
rotation matrices are also possible, which will result in differing rotation angles.
We chose this specific order, since the obtained angles correspond well to human
intuition about rotation. By moving the image coordinate-system origin into the
image center, we can set ox = oy = 0 in the following, leading to a simplified notation. Furthermore, we denote the camera transformations according to Eq. (1)

by Tx , Ty for the horizontal and vertical components, so that we can write the

transformation in short form as (x0 ; y 0 ) = Tx (x, y), Ty (x, y) . By multiplying out
the matrix equation (1), we obtain the perspective motion model that is usually
employed to describe camera motion:
x̃ = Hx (x, y) =

h00 x + h01 y + h02
,
h20 x + h21 y + h22

ỹ = Hy (x, y) =

h10 x + h11 y + h12
.
h20 x + h21 y + h22

Usually, the normalization h22 = 1 is applied to remove the scaling invariance of
the parameters. Describing camera motion by the abstract parameters {hkl } is
a common way to describe global motion. Based on these abstract parameters,
which we get from the global motion estimator, we want to obtain the underlying
physical parameters fi , f0 , αi , βi , γi used in the formulation of Tx , Ty .
3. PREVIOUS WORK

Camera calibration is an active field of research, but up to now, it has been
applied mostly to determine the intrinsic camera parameters for static setups.
Usually, a calibration pattern is recorded several times at varying positions to
draw conclusions about the camera’s internal parameters F0 . In [2], it is observed
that for a rotating camera, the perspective transformation parameters are related
to the image formation equation Hi = F0 Ri Fi −1 by
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and we can exploit the fact that the rotation matrix {rkl } is orthonormal. By
forming equations describing the constraints of orthogonality and equal norm of
the first two columns of the rotation matrix {rkl }, we get
h00 h10 + h01 h11 + h02 h12 /f02 = 0 (for orthogonality) and
h200 + h201 + h202 /f02 = h210 + h211 + h212 /f02

(for equal norms).

(3)
(4)

After some manipulation, we obtain the following expressions for estimating f0 :
r
f0 =

−h02 h12
h00 h10 + h01 h11

s
and f0 =

h202 − h212
.
h210 + h211 − h200 − h201

(5)

Similar equations can be obtained to calculate fi . While this seems to be an
easy way to determine f0 , the computation is not robust to noise in the input
parameters, especially if the camera rotation angle is small. To see this, note
that {rkl } approaches the identity matrix for small rotation angles and hence,
rkl ≈ 0 for k 6= l, and rkk ≈ 1. Consequently, both numerators and denominators
approach zero and the equation gets numerically unstable.
Agapito et al. [3] also present an algorithm for camera calibration with
varying intrinsic parameters. They propose to estimate input parameters for all
frames of a sequence at once by minimizing the algebraic distance
n
X

||Fi FiT − Hi F0 F0T HiT ||2F ,

(6)

i

where || · ||2F is the Frobenius norm. While their global optimization framework
alleviates the numerical instabilities, their minimization criterion is an algebraic
distance, which is not related to physical meaning. This reduces the accuracy,
since it shows unequal weighting of the error for different kinds of motion.
4. OUR CAMERA-PARAMETER ESTIMATION ALGORITHM

In our algorithm, we estimate the camera parameters directly using a nonlinear optimization framework. After the preceding global motion-estimation
stage, we have a set of parameters {hkl } for each frame, which relate a pixel
position (x; y) in frame i to a corresponding position in the reference frame
(i)
(i)
(x̃; ỹ) = (Hx ; Hy ). Note that the transformation between each pair of images
involves two focal lengths. If we would perform the transformation independently
for each pair of images, we would get conflicting focal length estimates for the
same image. However, by forming the additional constraints requiring that all
focal length estimates for a single image should be equal, we can increase the estimation accuracy. On the other hand, since the constraint links the parameters
between images, the optimization cannot be carried out independently on pairs of
images anymore, but must now be computed over all parameters simultaneously.
As we have seen in the last section, the focal lengths can be estimated more
accurately for larger rotation angles. Hence, we chose to compute all parameters
relative to a fixed reference frame instead of pairs of neighboring frames. Specifically, we fix the first frame as the reference frame and compute all parameters
relative to this frame. As a natural way to define the fitting accuracy between two
frames, we can measure the displacement of the same image position between the
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Figure 1: Convergence speed of rotation angles and focal length ratios. A good
solution is reached after only a few iterations.
original position after global motion compensation (Hx (x, y), Hy (x, y)) and the
transformed coordinate using physical camera parameters (Ty (x, y), Ty (x, y)). In
order to achieve high accuracy, we directly use this definition of accuracy in our
parameter estimation process. More specifically, we define the matching error as
the sum of the squared displacements at the image corner positions. We sum the
total estimation errors over the complete sequence to define the cost functional
E=

X

X

2
2
Hx(i) (x, y) − Tx(i) (x, y) + Hy(i) (x, y) − Ty(i) (x, y) .

(7)

i∈[1;N ] (x;y)∈P

P = {(±w; ±h)} denotes the set of all image corner coordinates and w, h represent the image resolution. The parameters for all image transformations T (i)
are collected in a large parameter vector v = (f0 ; f1 ; α1 ; β1 ; γ1 ; f2 ; α2 ; β2 ; γ2 ; . . .)
of length 4N − 3. In order to find the best parameter vector v ? = arg minv E, the
Levenberg-Marquardt algorithm can be used.
5. CONVERGENCE BEHAVIOUR AND FAST ALGORITHM

In our first experiments, we initialized the optimization with all rotation
angles set to zero and a fixed focal length set to some sensible but arbitrary value.
We observed the following convergence behaviour. The rotation angles and ratios
of focal lengths f0 /fi converge after only about 10 iterations (Fig. 1) up to an
overall scaling factor, which is depending on the absolute focal length. On the
other hand, the convergence of the absolute focal length is much slower. Usually,
up to 50,000 iterations were required, which makes the algorithm impractical
(Fig. 2a).
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Figure 2: Convergence speed of f0 parameter. Note the different scaling at the
horizontal axes.
While convergence of rotation angles is fast, the main problem is to determine
the correct focal lengths quickly. Since it is not the ratio between focal lengths
fi /f0 that is difficult to estimate, but their absolute size, it is sufficient to get
a fast solution for f0 . We apply the four-stage algorithm illustrated in Figure 5
to search for f0 . Herein, the block ShortESTIM denotes 25 iterations of the
Levenberg-Marquardt algorithm with a fixed f0 during the first 20 iterations.
From the behaviour of f0 during the last iterations, it can be concluded whether
its value should be decreased or increased. Figure 2b illustrates the values of f0
during the fast convergence process.
6. EXPERIMENTS AND RESULTS

We applied our algorithm to the well known stefan test-sequence. The obtained camera parameters are shown in Figure 3. Since there is no ground-truth
data available for the sequence, we can only judge the result by visual examination. According to this, the result accurately corresponds to the visible camera
motion. The obtained camera parameters can be used, e.g., to place the input
image planes into a 3D space such that the placement corresponds to their virtual
recording position. Figure 4 shows a visualization for the stefan sequence. Viewed
from the camera position, all images fit together without alignment errors.
The computation time for the algorithm (excluding the preceding globalmotion estimation) on a 2.8 GHz Pentium IV is about 2 seconds for 20 frames
(calculated over a 200 frame sequence, only considering every 10th frame).
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Figure 3: Computed camera parameters for the first 200 frames of the stefan
sequence.

Figure 4: Image planes of every 10th frame from the Stefan-sequence.
7. CONCLUSIONS

We presented a new algorithm to obtain the physical camera parameters
(three rotation angles and the focal length) of each frame of a video sequence for
a rotating camera. Differing from previous work, we apply a global optimization
which achieves high accuracy since global consistency is obeyed. Using a specialized optimization algorithm, it was possible to decrease the number of iterations
from about 30,000 for the unmodified algorithm to only 200, which is a factor of
150. This reduces the computation time to about 2 seconds for 20 input frames
on a 2.8 GHz Pentium IV.
Since the algorithm is only based on the parameters of the perspective motion
model, which is also used in MPEG-4 for transmitting current camera positions
in sprite mode, the algorithm can also be used in the receiver on the decoded
data. Possible applications include the generation of spherical panoramas from
MPEG-4 background sprites without requiring complex recomputation of the
global camera motion.
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Figure 5: Algorithm for fast computation of
focal lengths. (a) Initialization of f0 . (b)
Searching for a range a; b, so that a ≤ f0 ≤ b.
(c) Applying a binary search to determine f0 .
(d) Global optimization over all parameters.

